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Abstract: Self-supervised learning has emerged as an effective paradigm for learning universal feature representations
from vast amounts of unlabeled data. It’s remarkable success in recent years has been demonstrated in both natural
language processing and computer vision domains. Serving as a cornerstone of the development of large-scale models,
self-supervised learning has propelled the advancement of machine intelligence to new heights. In this paper, we draw
inspiration from Siamese Networks and Masked Autoencoders to propose a denoising self-distilling Masked
Autoencoder model for Self-supervised learning. The model is composed of a Masked Autoencoder and a teacher
network, which work together to restore input image blocks corrupted by random Gaussian noise. Our objective
function incorporates both pixel-level loss and high-level feature loss, allowing the model to extract complex semantic
features. We evaluated our proposed method on three benchmark datasets, namely Cifar-10, Cifar-100, and STL-10,
and compared it with classical self-supervised learning techniques. The experimental results demonstrate that our pre-
trained model achieves a slightly superior fine-tuning performance on the STL-10 dataset, surpassing MAE by 0.1%.
Overall, our method yields comparable experimental results when compared to other masked image modeling methods.
The rationale behind our designed architecture is validated through ablation experiments. Our proposed method can
serve as a complementary technique within the existing series of self-supervised learning approaches for masked image
modeling, with the potential to be applied to larger datasets.

Index Terms: Self-supervised learning, Masked Autoencoder, Siamese Networks, Computer Vision

1. Introduction

In recent years, self-supervised learning has gained significant attention in the field of deep learning and has even
been referred to as the "dark matter of intelligence" [1]. The development of self-supervised learning has driven the era
of large-scale models in deep learning. For instance, a series of natural language models such as ChatGPT [2] and large-
scale vision models such as SAM [3] and DINOv2 [4] proposed by META have emerged. These models heavily rely on
the support of self-supervised learning algorithms. Self-supervised learning algorithms enable the direct pre-training of
a generic model with feature extraction capability using unlabeled raw data. The pre-trained model can then be fine-
tuned with a small labeled dataset in downstream tasks.

In the field of computer vision, the self-supervised learning paradigm based on contrastive learning has recently
gained significant attention [5-8]. These methods have demonstrated remarkable results in many downstream computer
vision tasks. However, with the emergence of transformer [9], a new line of research has been inspired by the masked
language modeling task in the NLP field, leading to the development of many self-supervised learning methods based
on masked image modeling (MIM) [10-13]. MIM involves reconstructing the masked image patches through visible
image patches. The MAE [13] utilizes an asymmetric encoder-decoder architecture to reconstruct the original pixels
using masked image patches. MaskFeat [14] reconstructs the Oriented Gradient Histogram (HOG) of the original image.
Although MAE has successfully pre-trained large-scale models and demonstrated state-of-the-art performance when
fine-tuned on the ImageNet dataset compared to classical contrastive learning experiments, the objective function of
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MIM only models the MSE loss at the pixel level of image details. This limitation may result in a failure to learn
abstract semantic information, which is a crucial component of image understanding. Consequently, the representations
obtained from MIM often require fine-tuning for specific recognition tasks, which may lead to overfitting when the
training data is limited. To address this issue, we propose a denoising self-distilling Masked Autoencoder model, which
simultaneously considers feature-level and pixel-level losses.
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Fig.1. A pipeline for denoising autoencoder with distillation to remove noise from images and map the encoded features to the target features. The
decoder component of the autoencoder is composed of two parts: one is responsible for denoising the noisy input to reconstruct the original image,
while the other is responsible for mapping the encoded features to the target features. L, represents a loss function based on the cosine similarity of
features, whereas L, is a mean squared error loss function at the pixel level.

The method we propose, as illustrated in Fig.1., aims to eliminate noise from images and map the encoded features
to the target features. The teacher network updates its parameters by means of an exponential moving average (EMA)
approach, as opposed to gradient-based updates. The student network comprises an encoder, a regressor, and a decoder.
The encoder extracts features from the input, which consists of randomly inserted noisy patches. The regressor predicts
the target patch features based on the features of the noisy patches. Finally, the decoder maps the predicted noisy patch
features back to the original image.

Our contribution can be summarized as follows.

e We propose a denoising self-distillation masked autoencoder architecture as a self-supervised learning method,
which utilizes a denoising autoencoder with distillation capabilities to remove noise from images and map the
encoded features to target features. By constructing feature-level and pixel-level loss functions, this approach
can effectively learn from unlabeled data and extract complex features.

e Our proposed method outperforms classical contrastive learning pretraining on Cifar-10 [15], Cifar-100, and
STL-10 [16], and achieves results comparable to other MIM methods. This demonstrates the effectiveness of
our proposed method.

e Our ablation experiments analyze the experimental results from different perspectives, including model
architecture, noise masking ratio, and the impact of hyperparameter A in the Eq. 3.

Overall, while computational resource constraints limit our ability to validate our method on large datasets, our

experimental results are still sufficient to demonstrate its effectiveness. Our approach is a valuable addition to the field
of self-supervised learning in image processing, offering new methodological insights and techniques.

2. Related Work
A. Masked Image Modeling
The Masked Image Model (MIM) draws inspiration from self-supervised learning methodologies that leverage the

Masked Language Model (MLM) [17]. The MIM is specifically designed to extract meaningful features from images
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that have been either masked or corrupted, thereby enabling the model to learn from unlabeled data. Common
approaches in this field utilize the Vision Transformer [9] to model masked images. For instance, iGPT [18] predicts the
bottom half of an image using the top half as input. BEIT [10] maximizes the similarity between predicted visual tokens
and visual tokens that correspond to real patches, while iBOT [19] proposes an online tokenizer that can learn the MIM
objective end-to-end without requiring a separate tokenizer training phase. Moreover, MAE [13] introduced an
asymmetric masked autoencoder for reconstructing image pixels, while MaskFeat [14] and Mixup feature [41] are
based on this method to reconstruct feature maps. Our model is informed by prior techniques and investigates two
aspects: model architecture and feature alignment.

B. Siamese Networks

In the field of computer vision, the combination of Siamese networks and self-supervised learning aims to generate
similar image embeddings for two views of an image, enabling the pre-training of an encoder without the need for
image annotation [7,20]. However, Siamese networks face the challenge of preventing model collapse while
maintaining image augmentation to learn useful representations. Several research works have been dedicated to
addressing this issue [20,21,22], leading to a series of developments in utilizing Siamese networks for self-supervised
learning [19,26]. The Masked Siamese Networks [23] method selects randomly masked anchor views of images as
input to the encoder, aligning the image features with the target view. Additionally, Masked Siamese ConvNets [24] is a
self-supervised masking technique applied to convolutional neural networks. SAAE [25] consists of two parts, a teacher
network that generates potential representations of masked tags, and a student network that adopts an encoder-decoder
structure for reconstructing masked information. Our network structure shares some similarities with the SAAE model,
as we have employed the Siamese Network architecture at the feature level.

C. Self-supervised learning

Self-supervised learning has gained significant attention in the field of computer vision, with the objective of
designing diverse pretext tasks for pre-training [27,28,29,30]. One important research focus of pretext tasks involves
removing parts of the input and learning to reconstruct the missing content. For example, cross-channel prediction [31]
and image coloring tasks [30] have been explored. The introduction of context encoders [33] was groundbreaking as it
proposed a regression learning task to generate missing image patches based on the surrounding context. Following the
emergence of ViT [9], numerous studies have revisited image reconstruction tasks and investigated the utilization of
masked autoencoders for model pre-training [13,14,33]. These approaches involve predicting masked image regions at
the pixel level or utilizing tokenizers. In contrast, our method not only predicts missing values in the input at the pixel
level but also ensures that the global representation of the noisy input aligns with that of the intact input, enabling
effective denoising.

3. Method

Our denoising self-distillation masked autoencoder is pre-trained by addressing the task of denoising masked noisy
images, and the encoder is obtained through pre-training. The architecture, as illustrated in Fig.1., the architecture
comprises encoders, a decoder, and a regressor. In the student network, pixel-level restoration is implemented, making
the model focus on local information. The role of the regressor is to map the latent representation of the student network
encoder, to the latent representation of the teacher network, making the model focus on global features. Compared to
mere pixel reconstruction pretext tasks, our model not only focuses on local information but also on global information.

A. Framework

In each iteration of the pre-training process, we sample a mini batch B of images. For an indexi € B, letX;
represent the i — th image in the mini-batch. Each image X; is split into a set of patches X;, using a fixed patch size,
and Gaussian noise is applied to randomly selected image patches based on a masking ratio r, resulting in X;,,. X;, is
utilized as the input for the teacher network, while X;,, serves as the input for the student network. The pretext task
involves predicting the original patches from the noisy patches, effectively performing denoising.

Encoder

The role of the Student Encoder fy_(X;,) is to map the noisy patches X;, to the latent representation Z,,. This
operation encompasses all the patches of the image X;. The encoder employs the ViT architecture, initiating with patch
embeddings and incorporating positional embeddings to preserve spatial information. Subsequently, the combined
embeddings undergo processing via a Transformer encoder, ultimately resulting in the generation of Z,,. The parameters
of the fy (X;,) are updated through gradient-based optimization. Similarly, the Teacher Encoder fy, (X;,) and the
Student Encoder fy (X;,) share a similar network structure to accomplish the mapping from X;,to the latent
representation Z,. The parameters of the f, (X;,) are updated by leveraging an exponential moving average [34] of the
fo,(Xin) parameters.
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Decoder

The decoder maps the latent representation Z,, to the denoised patches Y,, = ¢(Z,,). Like the encoder, the decoder
also employs the VIT architecture, but they exhibit asymmetric structures. The decoder requires only a few layers of

VIT, resulting in significantly fewer parameters compared to the encoder. However, the decoder only takes the
latent representation of the noisy patches and positional embeddings of the noisy patches as inputs.

Regressor

This regressor leverages the latent representation Z,," outputted by the student encoder to predict the latent
representation Z," of the target patches. Z," and Z," does not include the latent representation of patches without added
Gaussian noise. For feature alignment, we adopt the VIT structure without a linear header to implement the regressor.

B. Objective Function

The objective function of our method comprises two components: the L, distance between the predicted denoising
patches Y;,, and the original image patches X;,, and the feature cosine similarity between the output of the regression
decoder ¢,.(Z,") and the output of the teacher encoder Z,,.

.1 1
Ly =min ¥ D (¢ (fo, X)) Xio) = % 20 Zjep, | Vin, = X, 11 (1)

P in Eq. 1 represents the patches set.

[ ?: r Xin Xio i ]
L, =minlogqy (Zy|Zy) ~ minll - iz ¢r(fo; im)) 9L/ G| | 2
. 2 . 2
| Z?zlm‘(m(fes(Xin))) JZ?Zlml(sg[fgt(Xio)]) |
In Eq. 2, sg[-] represents the stop gradient operation, m' represents the index of the noise patches.
The final loss of the model is the weighted sum of two losses, as defined by Eq. 1 and Eq. 2.
L= AL, +(1—-A)L, A€ (0,1) 3)

The value of A will be discussed in the experimental section.
C. Distillation Strategy

The parameters of the student network 6 are updated through backpropagation to minimize the final loss function
Eg. 3. On the other hand, the teacher network is updated using an exponential moving average (EMA) in a momentum
update manner. Specifically, we update the parameters 6, of the teacher encoder using the parameters 6 of the student
encoder, as illustrated by the following Eq. 4.

6, =165 + (1 —n)b; (4)

Heren € [0,1) is the momentum hyperparameter, which is generally set at 0.99. We set the cosine scheduler to
update n

4. Experiments

In this section, we evaluate the feature extraction capabilities of our pre-trained encoder on the CIFAR-10 [15],
CIFAR-100 [15], and STL-10 [16] datasets. Specifically, we assess the classification performance of the pre-trained
encoder through fine-tuning and linear probing. We then compare our method with other approaches. Finally, we
conduct ablation studies on the key components of the proposed method.

A. Implementation Details

We investigated different ViT architectures, namely ViT-tiny (consisting of 12 transformer blocks with a Hidden
size of 192), ViT-small (composed of 12 transformer blocks with a Hidden size of 384), and ViT-base (comprised of 12
transformer blocks with a Hidden size of 768). The regression decoder consists of two transformer blocks based on self-
attention, while the decoder comprises four transformer blocks based on self-attention and an additional linear
projection for prediction.
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Table 1. Pre-training settings

config CIFAR-10 or 100 STL-10
architecture VIiT-T\ViT-S ViT-S\ViT-B
batch size 2048\2048 2048\1024
patch size 2 6
optimizer AdamW [35]
optimizer momentum B4,B, = 0.9,0.95
weight decay 0.05
learning rate schedule Cosine decay [36]
base learning rate 1.5e-4
warmup epochs [37] 20
Epoch 500 500
EMA~n cosine scheduler (0.96,0.99)

Due to the image size of 32x32 in the CIFAR-10 and CIFAR-100 datasets, we partitioned the images into 16x16
patches with a patch size of 2x2 for validation on ViT-Tiny and ViT-Small architectures. Similarly, for the STL-10
dataset with image size of 96x96, we divided the images into 16x16 patches with a patch size of 6x6 for validation on
ViT-Small and ViT-Base architectures. The pre-training stage configuration followed the MAE [13] while conducting
these experiments. The details of the pre-training settings are shown in Table 1. The visual denoising results of the STL-
10 experiment are shown in Fig.2. Owing to the limitations of computational resources, our experiments were
conducted solely on a comparatively smaller dataset, our approach is also suitable for larger datasets, and on larger
datasets, a similar rule for patch division can be implemented.

B. Evaluation of Pre-trained Model

Evaluation of the Pre-training Feature Extraction Capability through Linear Probing, a commonly adopted
approach in self-supervised representation learning, has been widely utilized by numerous researchers [1]. Linear
probing involves a supervised process wherein a linear classifier is added on top of the feature outputs from a pre-
trained encoder. The parameters of the pre-trained encoder are frozen, and the linear classifier is trained and tested on a
validation set to assess the performance.

Different from Linear Probing, full fine-tuning is an alternative approach to evaluate pre-trained models by
performing fine-tuning on the entire model. All parameters of the pre-trained model, including the pre-trained encoder,
can be adjusted during this process. While Linear Probing primarily focuses on evaluating the feature extraction
capability of pre-trained models, fine-tuning is employed to utilize pre-trained models for specific tasks and further
improve performance.

Table 2. Self-supervised pre-training methods based on the VIT backbone were evaluated on three datasets, where (a) denotes the fine-tuning
experimental results and (b) denotes the linear probing experimental results.

(a) full fine-tuning

Method pre-trained CIFAR-10 CIFAR-100 STL-10
Epochs ViT-tiny ViT-small ViT-tiny ViT-small ViT-small ViT-base
scratch baseline - 73.88 79.86 51.55 56.17 77.98 82.41
BEIT [10] 500 88.93 90.65 66.32 66.93 84.32 86.22
MoCo v3 [38] 500 88.91 90.88 66.17 67.39 84.61 87.07
MAE [13] 500 88.77 90.26 65.93 66.51 85.63 86.38
MAE [13] 1200 89.87 91.79 66.72 67.83 86.20 87.69
Mask feat [14] 1200 90.12 91.75 66.83 67.86 86.23 87.85
CAE [11] 300 89.93 91.56 66.84 67.83 86.08 87.76
SdAE [25] 300 89.98 91.83 66.96 67.79 85.90 87.71
Ours 500 89.76 91.94 67.23 67.77 86.31 87.86

(b) Linear probing

Method pre-trained CIFAR-10 CIFAR-100 STL-10
Epochs ViT-tiny ViT-small ViT-tiny ViT-small ViT-small ViT-base

BEIT [10] 500 47.68 56.73 27.89 33.78 4221 48.57
MoCo v3 [38] 500 76.20 77.91 50.46 54.41 78.87 82.75
MAE [13] 500 73.77 76.78 48.22 51.89 76.10 80.16
MAE [13] 1200 75.87 77.53 50.19 54.08 77.96 82.36
Mask feat [14] 1200 75.58 77.43 50.25 54.41 78.32 82.61
CAE [11] 300 74.90 77.15 50.21 54.26 78.48 81.62
SdAE [25] 300 75.17 76.86 50.01 53.71 78.30 82.11
Ours 500 75.53 76.98 50.17 53.84 78.56 82.79

Volume 15 (2023), Issue 5 33




Denoising Self-Distillation Masked Autoencoder for Self-Supervised Learning

Fig. 2. The visual denoising results of the STL-10 experiment. The first column displays the noisy image, the second column shows the denoised
result, and the third column represents the original image. The subsequent three columns correspond to the preceding order.

In the experimental phase of this study, to ensure rigorous comparability and fairness, a selection of seminal works
from prior research was employed as benchmarks for comparative analysis. To maintain consistency in the backbone
network utilized during experimentation, the self-supervised learning method Moco v3, designed on the foundation of
the VIT backbone network, was extracted from the contrastive learning paradigm. Concurrently, from the Masked
image modeling domain, representative cornerstone works, including BEIT, MAE, and Mask Feat, were selected.
Notably, both CAE and SAAE adopt a bifurcated architecture, demonstrating a predilection for model optimization
within the feature domain. Specifically, the student branch of SAAE employs an encoder-decoder framework,
reconstructing omitted information from the input imagery, while its teacher branch is dedicated to generating latent
representations of masked tokens. Our methodology uniquely optimizes both pixel-level restoration and feature-level
regression. Through meticulous juxtaposition with these classical approaches, we are able to holistically appraise the
performance and superiority of the proposed method.
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Table 2 presents the evaluation results of pre-trained models based on the ViT backbone on three datasets. Sub
table (a) shows the evaluation results of fine-tuning experiments, while sub table (b) displays the evaluation results of
linear probing experiments.
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Fig.3. Noise-masking ratio Analysis.

Based on the experimental outcomes, the method we introduced exhibited superior performance within the
experimental cohort when full fine-tuning on the CIFAR-10 and STL-10 datasets using the VIT-Small backbone
network, with an enhancement of approximately 0.1% in top-1 accuracy. Furthermore, employing the VIT-tiny
backbone, our approach manifested an approximate 0.3% elevation in top-1 precision full fine-tuning on the CIFAR-
100 dataset. Similarly, utilizing a VIT-based backbone, our methodology demonstrated an approximate 0.1% increment
in top-1 performance full fine-tuning on the STL-10 dataset. These observations cogently underscore the efficacy of our
approach, achieving results commensurate with those of MAE and Mask Feat. Notably, our method achieved
performance parity with MAE pretraining in a mere 500 epochs, as opposed to the 1600 epochs requisite for MAE,
signifying a substantial reduction in pretraining duration. In comparison to SAAE, our approach realized a 0.1% gain in
top-1 precision, further substantiating the effectiveness of our self-distillation design and image denoising. In
comprehensive fine-tuning evaluation experiments across three datasets with diverse VIiT architectures, our method
consistently outperformed the classical contrastive learning approach, MoCo v3. However, in evaluations employing
linear probing, the contrastive learning-based MoCo v3 surpassed MIM-based methodologies. This aligns with prior
empirical evidence suggesting the inherent superiority of contrastive learning over MIM-based approaches in the
context of linear probing. [13,11].

C. Ablation experiment

Our architecture consists of a teacher encoder, a student encoder, a decoder, and a regression decoder. In our
ablation experiments, we investigated the impact of using only the L,, loss, which excludes the teacher network and
regression decoder, and using only the L, loss, which excludes the denoising process performed by the decoder. We
compared their linear probing experimental results across three datasets. Table 3 presents the results of our ablation
study. When using only the L,, loss, the linear probing experimental results showed a minor decrease of approximately 2%

Volume 15 (2023), Issue 5 35



Denoising Self-Distillation Masked Autoencoder for Self-Supervised Learning

to 4%, while a significant performance drop was observed when using only the L, loss. These findings validate the
effectiveness of the combination of L,, loss and L, loss, optimizing the feature extraction capability of the pre-trained
model from both pixel-level and high-dimensional feature perspectives.
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Table 3. Ablation study on model architecture was conducted, where all models employed the VIT-Small backbone network and underwent 300
epochs of pre-training on CIFAR-10, CIFAR-100, and STL-10 datasets.

Decoder regression decoder CIFAR-10 CIFAR-100 STL-10
N x 74.20 49.74 75.35
x N 68.93 44,51 61.83
N v 76.98 53.84 78.56

Noise Masking Ratio: Experimental results in MAE show that the masking rate in masked image modeling can
reach up to 75%. Our proposed method, which combines MAE and knowledge distillation, requires a higher noise
masking ratio to denoise corrupted images, as depicted in Fig.3. Experimental results obtained from three different
datasets indicate that optimal performance is achieved when the noise masking ratio ranges between 90% and 95%.
Employing a noise masking ratio that is too low results in overly simplistic proxy tasks for the pre-trained model,
leading to a decline in its feature extraction capability.

To investigate the impact of the A value in Eq. 3. loss function on the feature extraction capability of the pre-
trained model, we conducted experiments with various A values. The fine-tuning results of the pre-trained model are
depicted in Fig.4. Experimental results from three datasets indicate that the fine-tuning of the pre-trained model
achieves the best results when the A value is set to 0.6.
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5. Conclusion

In this paper, we propose a novel self-supervised learning architecture that combines MAE and feature distillation
to optimize the pre-trained model from both pixel-level and high-dimensional feature perspectives. This approach
enables the pre-trained model to focus on both global and local information. We conduct experiments on CIFAR-10,
CIFAR-100, and STL-10 datasets. The results demonstrate that our method achieves comparable performance to other
MIM-based self-supervised learning methods, slightly surpassing the results obtained by MAE. Additionally, our
method requires fewer epochs (less than 1600 epochs) to achieve the same top-1 accuracy, resulting in shorter training
time compared to MAE. In ablation experiments, we investigate the design framework, validate its rationale, and
explore the impact of noise masking ratio on experimental results, finding that our method requires a noise masking
ratio between 90% and 95%.

Due to limited computational resources, we validate our method only on relatively small datasets. However, the
experimental results thus far are sufficient to demonstrate its effectiveness. In the future, further exploration can be
conducted on downstream tasks, such as image recognition and segmentation in the medical field [39,40]. Overall, our
method can serve as a complementary approach within the family of self-supervised learning algorithms.
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