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Abstract

Recently, masked image modeling (MIM) has gained
considerable attention due to its ability to learn from vast
amounts of unlabeled data and has been demonstrated to
be effective on various vision tasks involving natural im-
ages. Meanwhile, the potential of self-supervised learn-
ing in modeling 3D medical images is anticipated to be
immense due to the high quantities of unlabeled images
and the expense and difficulty of quality labels. How-
ever, MIM’s applicability to medical images remains un-
certain. In this paper, we demonstrate that masked im-
age modeling approaches can also advance 3D medical
image analysis in addition to natural images. We study
how masked image modeling strategies leverage perfor-
mance from the viewpoints of 3D medical image segmenta-
tion as a representative downstream task: i) when compared
to naive contrastive learning, masked image modeling ap-
proaches accelerate the convergence of supervised train-
ing even faster (1.40×) and ultimately produce a higher
dice score; ii) predicting raw voxel values with a high
masking ratio and a relatively smaller patch size is non-
trivial self-supervised pretext-task for medical images mod-
eling; iii) a lightweight decoder or projection head de-
sign for reconstruction is robust for masked image model-
ing on 3D medical images which speeds up training and
reduce cost; iv) finally, we also investigate the effective-
ness of MIM methods under different practical scenarios
where different image resolutions and labeled data ratios
are applied. Anonymized codes are available at https:
//github.com/ZEKAICHEN/MIM-Med3D.

1. Introduction
The demand for deep neural networks that conduct anal-

ysis tasks on 3D medical image data has expanded dra-
matically in recent years due to technological advances in
deep learning and hardware compute capabilities. 3D med-
ical volumetric images show much potential in healthcare,
which can help increase the speed and accuracy of diagnos-

ing patient conditions. For instance, properly and swiftly
discovering and measuring tumor lesions from MRI/CT
scans would be critical to disease prevention, early detec-
tion, and treatment plan optimization and would also spur
the development of more successful clinical applications
that would ultimately improve patients’ lives [6]. However,
the high expense of expert annotation frequently stymies
attempts to leverage advances in clinical outcomes using
deep learning approaches. Annotations of 3D medical im-
ages at scale by radiologists are limited, expensive, and
time-consuming to produce. Another barrier in 3D medical
imaging is data volume, driven by the increased 3D image
dimensionality and resolution, resulting in significant pro-
cessing complexity. Consequently, training deep learning
models on 3D medical images from random initialization
necessitates burdensome compute and data requirements.

As a viable alternative, self-supervised learning [26] ob-
tains supervisory signals from the data itself and has re-
cently been shown to address the appetite for data success-
fully and to be capable of learning generalizable dense rep-
resentations of the input. Among contemporary approaches,
masked signal modeling is one such learning task: mask-
ing a subset of input signals and attempting to forecast the
masked signals. This paradigm has been extremely success-
ful in NLP since self-supervised learning algorithms based
on the masked language modeling task have largely revo-
lutionized the discipline [13, 39, 40, 7], demonstrating that
giant models such as BERT [13] and GPT [39, 40, 7] can be
learned on unlabeled text data and adapted to a wide vari-
ety of applications. More importantly, with the introduction
of Vision Transformers (ViT) [51, 15], the architecture gap,
where it was not intuitive to apply mask tokens [51, 13] us-
ing covolutions [27], is no longer an obstacle. Following
this philosophy, latest approaches baased on masked image
modeling (MIM) have demonstrated their efficacy in the de-
velopment of scalable vision models [23, 56, 2]. Despite
these accomplishments, masked image modeling-based al-
gorithms have received little attention in medical imaging
modeling, and their applicability has not been thoroughly
investigated. Naturally, we wonder whether masked im-

1970

https://github.com/ZEKAICHEN/MIM-Med3D
https://github.com/ZEKAICHEN/MIM-Med3D


(a) The SimCLR architec-
ture.

(b) The MAE architecture. (c) The SimMIM architecture.

Figure 1: Illustration of different self-supervised learning methods for modeling 3D medical images.

age modeling will advance 3D medical imaging analysis as
well. In this work, we aim to address this question from the
following attempts:

• Contrastive learning [5, 19, 10] has been proven in a
few studies to be capable of learning generic repre-
sentations of medical images that leverage the down-
stream tasks such as 3D segmentation and classifica-
tion [47, 1, 48]. It is worthwhile to compare masked
image modeling to contrastive learning approaches
(see Fig. 1a for illustration) on medical images.

• Natural images are raw, low-level signals with a sig-
nificant degree of spatial redundancy; restoring some
missing patches can be accomplished by directly copy-
ing surrounding patches with little high-level under-
standing of the objects and sceneries [23]. Most back-
ground tissues are comparable for certain CT/MRI
scans with solid tumors, making it even more diffi-
cult for the model to learn useful features about the
lesion regions. As a result, we assess several mask-
ing strategies (masked patch size and masking ratio)
to determine the most efficient way to promote holistic
comprehension beyond low-level data while avoiding
excessive attention to features such as texture and ma-
terials.

• In practice, medical image analysis is utilized in a va-
riety of contexts with varying amounts of annotated
data, accessible unlabeled data, and even image res-
olutions. As a result, it is also vital for us to exten-
sively analyze how these elements affect the pertaining
as well as the performance of downstream tasks.

This paper investigates how masked image modeling-based
self-supervised learning can be utilized to improve 3D med-
ical image analysis. It does so by conducting extensive ex-
periments on two real-world benchmark datasets: multi-
organ segmentation1 and brain tumor segmentation [44].

1https://www.synapse.org/#!Synapse:syn3193805/wiki/89480

Our experimental results demonstrate that masked image
modeling is advantageous for modeling 3D medical images
by significantly speeding up training convergence (e.g., at
most 1.4× training cost saving to reach the same dice score)
and ultimately improved downstream performance (e.g.,
over 5% improvements on both segmentation with simple
training recipe).

2. Related Work
Masked Image Modeling. Masked image modeling is a
self-supervised learning method that learns representations
via recovering masking-corrupted images. It evolved in line
with the MLM task in NLP but remained out of the main-
stream for a long period. DAE [52] is a pioneering work
in this domain, presenting masking as a noise type. The
context encoder [37] predicts the missing pixels by inpaint-
ing a large rectangular area of the source images. Recent
techniques [8, 15, 4] based on Transformers [51] are moti-
vated by the success of NLP. iGPT [8] groups pixel values
into different clusters and classify unknown pixels. The ViT
study [15] investigates masked patch prediction for self-
supervised learning by predicting the mean color of images.
BEiT [4] recently used a dVAE network to tokenize and
forecast pixel values into discrete numbers [50, 42]. More
recently, MAE [23] adheres to the spirit of raw pixel restora-
tion, demonstrating for the first time that masking a high
proportion of the input images can yield a non-trivial and
meaningful self-supervisory task. It adopts a design of au-
toencoder with a lightweight decoder, which reduces train-
ing costs even more. SimMIM [56] takes it a step further
and substitutes the entire decoder with a single linear pro-
jection layer, resulting in comparable results. Approaches
such as data2vec [2] and CAE [11] make predictions in
the latent representation space from the visible patches to
the masked patches, attempting to make MIM a universal
framework for self-supervised learning. Nonetheless, the
techniques described above have only been shown to be use-
ful for natural image modeling. In this work, we aim to
investigate whether MIM approaches can also advance 3D
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Figure 2: Example results of one CT scan from TCIA-COVID19 [20] validation set. As the original images are all 3D
volumes, we show the reconstructed images in the form of slices, where the indexing number represents the depth. For each
triplet, we show the ground truth (left), the masked image (middle), and the SimMIM [56] reconstruction (right). In this case,
a ViT-Base backbone is applied for the encoder, the masked patch size is 16 (for all dimensions), and the masking ratio is
75% following [56].

medical image analysis.

Transfer Learning in Medical Image Analysis. Trans-
fer learning from natural images is extensively utilized in
medical image analysis [31, 34], regardless of disparities
in image statistics, scale, and task-relevant characteristics.
Raghu et al. [41] and [1] showed that transfer learning from
ImageNet could accelerate convergence on medical images,
which is especially useful when the medical image train-
ing data is limited. Transfer learning using domain-specific
data can also assist in resolving the domain disparity issue.
For instance, [9, 29] indicates improved performance fol-
lowing pretraining on labeled data from the same domain.
However, this strategy is frequently impractical for various
medical scenarios requiring labeled data that is costly and
time-consuming to gather.

Self-Supervised Learning. Early work in self-supervised
learning focuses on learning representations from unlabeled
data so that a low-capacity classifier can achieve high ac-
curacy using these embeddings [14, 53, 35, 57, 36, 16].
For years, contrastive learning [5, 19, 54, 49, 24, 10] has
received much interest as one of the most popular and
widespread self-supervised learning strategies. It mod-
els image similarity and dissimilarity (or solely similar-
ity [17, 12]) between two or more views, with data aug-
mentation crucial for contrastive and related approaches.
According to several previous pieces of literature, self-
supervised learning has also been used in the medical field.
Domain-specific pretext tasks [46, 3, 60, 59], for example,

have been studied, while other work [30, 25, 58, 28] focuses
on tailoring contrastive learning to medical data. Taleb et
al. [47], in particular, examines a range of self-supervised
learning strategies for 3D medical imaging in depth. MI-
CLe [1] demonstrates that a model pre-trained on ImageNet
can also advance Dermatology image classification. Tang
et al. [48] further combines inpainting [37] with contrastive
learning for medical segmentation. Although all of these
methods have shown promise in medical imaging, masked
image modeling-based methods have yet to be substantially
investigated in this discipline.

3. Approach

Masked image modeling approaches, in general, mask
out a portion of input images or encoded image tokens
and encourage the model to recreate the masked area.
Many extant MIM models employ an encoder-decoder de-
sign followed by a projection head, such as BEiT [4] and
MAE [23]. The encoder aids in modeling latent feature
representations, while the decoder aids in resampling la-
tent vectors to original images. A projection head will sub-
sequently align the encoded or decoded embeddings with
the original signals at the masked area. Notably, the de-
coder component has been suggested to be designed in a
lightweight manner in order to minimize training time. In
our experience, a lightweight decoder reduces computing
complexity and increases the encoder’s ability to learn more
generalizable representations that the decoder can quickly
grasp, translate and convey. As a result, while the encoder
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