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Abstract. Deep models are successfully applied to various fields, while
demanding large amount of annotated data for high-performance recog-
nition. To remedy the data-hunger issue, self-supervised learning, espe-
cially masked autoencoder (MAE), is a promising approach to effectively
pre-train the deep models. The MAE leverages random masking to con-
struct pretext tasks where masked image patches are reconstructed by
using unmasked (visible) ones. In vision domain, however, inherent image
properties of high redundancy and correlation in local neighbors could
interfere with the mask-based pretext tasks. In this study, we analyze two
main processes of masking and reconstruction in MAE through the lens
of difficulty of the pretext task. The analysis inspires us to propose simple
yet effective approaches based on filtering to improve random masking
as well as raw-pixel reconstruction by properly controlling difficulty of
MAE task with a negligible extra computation cost. In the experiments
on image classification, the proposed method renders favorable perfor-
mance improvement to MAE using ViTs.

Keywords: Masked autoencoder · Task difficulty · Filtering

1 Introduction

Self-supervised learning (SSL) attracts keen attention for effectively pretraining
large-scale deep models without external supervision. SSL is built upon pre-
text tasks which are formulated such as by considering knowledge of target
domain, e.g., visual image [18, 38, 39, 53]. It can be sophisticated and general-
ized by leveraging data augmentation techniques in a framework of contrastive
learning [3, 5, 7, 14,20,21].

On the other hand, masked language modeling (MLM) [2, 11, 29] works ef-
fectively for pretraining large-scale language models to exhibit excellent per-
formance on various downstream tasks. The approach of mask-and-predict in
MLM naturally inspires masked image modeling (MIM) [1, 22, 51] in vision do-
main by regarding image patches as basic units (tokens) instead of words in
NLP. Compared to texts in MLM, however, image signals contain unfavorable
characteristics for mask-based pretext tasks where masked (invisible) patches are
predicted/reconstructed from the remaining unmasked (visible) patches. Namely,
images are continuously represented by RGB-color pixel intensities in contrast to
quantized vocabulary of text words, thereby inducing high redundancy in image
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patches heavily correlated with neighboring patches [41], which makes it hard to
control task difficulty of MIM [1]; in SSL, not so easy nor difficult pretext tasks
are required for leaning effective image feature representations.

There are various works [24] to address the issues in MIM by improving the
input process of masking as well as the output process of patch reconstruction.
While masked autoencoder (MAE) [22] provides data-agnostic random masking
in a simple and effective way, the data-adaptive masking [30, 34, 35, 46] can be
designed by analyzing visual contents to aggressively mask out object-related
patches. On the other hand, in patch reconstruction, the target patch represen-
tation can be sophisticated by extracting semantic image features [1, 4, 12, 48].
Those approaches address the MIM task difficulty by exploiting semantic im-
age characteristics which contribute to performance improvement at the sake of
computation efficiency; they resort to additional networks and/or training pro-
cesses that increase computation cost, interfering with simplicity and efficiency
of MIM approach [22] which are useful for enhancing model scalability in SSL.

In this paper, we propose a simple and efficient approach to effectively con-
trol the task difficulty of MIM while keeping computation efficiency of MAE [22].
The proposed method is built upon filtering, an efficient data-agnostic technique,
which plays different roles in the two key processes of masking and patch recon-
struction; it works for increasing difficulty in masking while properly easing the
reconstruction task. While the task difficulty in the masking is related to seman-
tic image content as mentioned above, even the data-agnostic mask shapes are
potentially involved with the task difficulty [22] due to high correlation among
neighboring patches that images intrinsically possess. We first attempt to quan-
titatively measure task difficulty derived from a mask shape by means of mean
nearest neighbor distance [8] over the mask pattern. Then based on the mea-
surement, we propose a pooling-based approach to produce masks of favorable
task difficulty. On the other hand, image pixels are vulnerable to noises and
perturbations irrelevant to intrinsic image characteristics, making it harder to
reconstruct patch appearance. We analyze the reconstruction process through
the lens of image frequencies to propose a simple image smoothing for favorably
easing the patch reconstruction. Thus, the proposed method solely resorts to
simple filtering which consumes only negligible extra computation cost, thereby
keeping both simplicity and efficiency of MAE [22].

Our contributions are summarized as follows:

– In a masking process, we measure task difficulty based on nearest neighbor
distance between masked and unmasked patches. Based on the measure-
ment, we propose a pooling-based approach to endow random masking with
capability of controlling the task difficulty.

– Through the analysis of patch reconstruction process, we clarify a biased
representation of the predicted patches from a viewpoint of image frequen-
cies. To cope with the bias, we propose an approach to efficiently transform
the target patch representation by image smoothing.
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– In the experiments, the proposed filtering-based MAE is thoroughly analyzed
from various aspects, demonstrating that our method effectively boosts per-
formance of MAE on image recognition tasks.

1.1 Related works

Masked image modeling. Witnessing the success of masked language mod-
eling (MLM) [2, 11, 29] in NLP fields, masked image modeing (MIM) [1, 22] is
also proposed for self-supervised learning of vision models. Masked autoencoders
(MAE) [22] formulates the MIM by randomly masking image patches and recon-
structing them from remaining unmasked ones, which exhibits high synergy with
vision transformers (ViTs) [13]; only visible (unmasked) patches are fed into ViT
to reduce computation cost significantly. There are some works [27, 52] to theo-
retically analyze MAE. We focus on this MAE framework due to its simplicity
and computation efficiency.

In comparison to words which are quantized codes of high-level semantics,
the distinctive image modality of continuous and highly redundant pixel repre-
sentation could impede the self-supervised learning, especially in terms of MIM
task difficulty; neither too easy nor too difficult task is preferable for the self-
supervised learning. MAE addresses the issues by using high masking ratio and
lightweight decoder to reconstruct patches, and the processes of masking and
reconstruction can be further enhanced as follows.

Masking. Task difficulty in masking can be related to (i) what to mask and (ii)
how to mask. The former one is addressed by content-based masking which is
designed such as by using attention map of teacher network [34], group-clustering
of attention weights [17], learning-based task difficulty control [35,43], part-based
semantic segmentation [30] and estimation of patch reconstruction loss [46]; they
demand extra computation cost to extract content-related image characteristics.

The latter masking strategy (ii) is constructed in a content-agnostic ap-
proach which resorts to random selection of naive patches [22], structured and
naive block-based superset of the patches [1,25,51]. In particular, random mask-
ing [22] plays a pivotal role in MIM as it performs in a computationally efficient
way on the assumption that meaningful image contents are statistically covered
due to the randomness; the above-mentioned content-based masking (i) also
employs such random masking to effectively tune task difficulty. Thus, we fo-
cus on the content-agnostic random masking. In the literature, ColorMAE [23]
improves performance of MAE just by devising the content-agnostic masking
strategy, which provides a rationale that the masking strategy (ii) contributes
to essential task difficulty of MAE. The ColorMAE is related to ours as it so-
phisticates the random masking by means of band-pass filtering from image
processing viewpoint in a heuristic manner. In contrast, we formulate the task
difficulty induced by mask shapes to quantitatively characterize content-agnostic
masking and accordingly propose pooling-based masking—a simpler and more
efficient approach—in a principled way.
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Patch reconstruction. Beyond raw-pixel representation [22,51], more seman-
tic characteristics are leveraged to describe the reconstruction target patch such
as by using color clustering [4], image features [48] via HOG [9] and visual
tokenizer with extra models [1, 12]. They could ease the task difficulty by sup-
pressing information irrelevant to intrinsic visual characteristics, though being
accompanied by computation burden. For efficient MAE, we focus on raw-pixel
reconstruction [22] and analyze the predicted patch appearance from a frequency
viewpoint, which leads to our simple approach that manipulates target patches
via image smoothing to reduce task difficulty efficiently. Our analysis based
on image frequency is different from the approaches to alter MAE by utiliz-
ing frequency-based image representation for masking targets [50, 55] and de-
coders [31]. While high-frequency components are cut off to smooth a target
image in [32], we simply incorporate filtering into MAE [22] which softly sup-
presses high-frequency components, while retaining the simplicity and efficacy
without changing the architecture of MAE; it is noteworthy that our smoothing
process is combined with mask filtering (pooling) to consistently work on task
difficulty (Sec. A in the supplementary material).

2 Method

We address task difficulty of MAE in the two key processes of random masking
and raw-pixel patch reconstruction.

2.1 Masking

As discussed in Sec. 1.1, we address the task difficulty from the aspect of content-
agnostic masking, as implied in [23]; it could be combined with content-based
difficulty as our future work.
Preliminary. Suppose an image is spatially divided into H×W patches; the
whole image is described by I={xi}ni=1 where n = HW and each sh×sw-sized
patch xi ∈ Rsh×sw×3 is associated with a 2-D position vector zi ∈ [1,· · ·, H]×
[1,· · ·,W ]. The masking process separates I into two subsets of masked (invisible)
and unmasked (visible) patches as I = M∪ M̄ where M = {xmask

1 , · · · ,xmask
m }

and M̄ = {xunmask
1 , · · · ,xunmask

n−m } = I\M; in MAE literature, p= m
n is referred to

as a mask ratio.
Task difficulty. As the pretext task in MAE is to reconstruct (predict) M from
M̄, difficulty of the MAE task is connected to correlation between patches of
xunmask
i and xmask

j . Considering redundancy and continuity of image patterns, pre-
diction of near-by patches would be an easy task; high mask ratio p is practically
employed, say p = 0.75 [22], so as to possibly put xmask away from xunmask for
constructing moderately difficult tasks. Thus, the task difficulty can be involved
with spatial adjacency between M and M̄ in a content-agnostic manner.

We measure the adjacency between those patch sets by using mean nearest
neighbor distance as follows.

d(M) = E
zmask∈M

min
zunmask∈M̄

∥zmask − zunmask∥22, (1)
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Fig. 1: Difficulty scores c(Mp) in (2) for various types of masking strategies Mp. The
scores are empirically computed by repeatedly sampling masks of 14×14 with p = 0.75.
Gray/white points indicate masked/unmasked patches.

where z indicates a 2-D patch position, and the unmasked set M̄ is deterministi-
cally given by M̄ = I\M. In (1), we compute nearest-neighbor distance at each
masked patch zmask and then average the distance over the mask set M as in
mean nearest neighbor distance mainly addressed in material science [8,15,16,44].
Thereby, the smaller distance score (1) indicates that masked patches M tightly
adjoin the unmasked ones M̄, leading to an easier MAE task. Thus, the score
(1) can reflect the task difficulty.

By using the distance score (1), we formulate the task difficulty induced by
a masking strategy Mp that produces a mask M in a (random) manner with a
mask ratio p;

c(Mp) = E
M∼Mp

d(M). (2)

Analysis of task difficulty c. Fig. 1 depicts various types of masking strate-
gies Mp and their scores c(Mp) with p = 0.75. Grid masking that uniformly
locates unmasked patches in a grid manner is regarded as an easier task of lower
c while center and BEiT approach [1] render much more difficult tasks of higher
c. It should be noted that these extreme masking poorly work in MAE as shown
in Table 1, which thus inspires us to design masking of moderate difficulty score.
The random masking, a popular approach in MAE literature, produces rather
moderate difficulty, compared to grid. The following analytical scores c of grid
and random masking facilitate further analysis; the proofs are shown in Sec. B
of the supplementary material.

Proposition 1 The grid masking Mgrid
p with p = 0.75 produces the score of

c(Mgrid
p=0.75) =

4
3 .

Proposition 2 The random masking Mrand
p provides

c(Mrand
p ) ≈ (1− p4) + 2p4(1− p4) + 4p8(1− p4) +O(p12). (3)

Specifically, in case of p = 0.75, c(Mrand
0.75) ≈ 1.553.

3 The empirical score (1.72 in Fig. 1) is practically deviated from the theoretical one
(1.55) due to boundary effect, as shown in Sec. B.
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Fig. 2: Our max-pooled masking. Random-value matrix R ∈ [0, 1]H×W is first filtered
by max-pooling, followed by selecting the top HW (1−p) points for unmasked patches.

These propositions show that the random masking intrinsically leans toward
grid masking which produces the easier MAE task. Thus, we explore masking
strategies of higher difficulty c than the random masking.
Pooling-based masking. The score (1) is rewritten to

d(M) = E
zmask∈M

∑
z∈I

p(z=nn(zmask;M̄)|zmask)∥zmask − z∥22, (4)

where p is a probability function to encode the relationship between the masked
patch zmask and its nearest neighbor in M̄, nn(zmask;M̄) = argminzunmask∈M̄ ∥zmask−
zunmask∥2. The probability function p is characterized by the masking strategy Mp

and plays a crucial role for the difficulty score c(Mp). As shown in Fig. 1, distri-
butions of unmasked patches are related to the difficulty scores; the scores shift
from low (easy) to high (difficult) as the unmask distribution becomes localized,
affecting p. In random masking, the probability of masking at each patch z ∈ I
is independent in i.i.d. fashion, therefore embedding no correlation between a
pair of patches to provide less localized unmask distribution. From a probabilis-
tic viewpoint, the pair-wise relationships could be modeled by Copulas [37]. It,
however, is hard to flexibly model the copula on a spatial 2D space [40] in a
computationally efficient way. Thus, we resort to tweaking i.i.d. random-value
2D map which are practically utilized to construct random masking.

In random masking, uniform random numbers are assigned to respective
patch positions z ∈ I to form a random-value map R ∈ [0, 1]H×W , like a random
noise map. Then, patch positions zi of n(1− p) largest values R(zi) are picked
up as unmasked ones. As those random numbers are drawn in an i.i.d manner,
there is no correlation among positions (Fig. 3b). In this study, to control the
task difficulty, i.e., mean nearest neighbor distance (4), we embed correlation into
near-by patch positions through filtering on the random map R; specifically, we
apply average/max-pooling to R.

In the case of average pooling with k× k kernel, two near-by patches exhibit
the following correlation;

Proposition 3 Let R̄ be an avg-pooled map of R with k × k kernel, and R̄(z)
be an element of R̄ at the patch position z. Joint probability for two patches zi
and zj is given by

p(R̄(zi), R̄(zj)) ≈ N
([

1

2
,
1

2

]
,

1

12k2

[
1 r
r 1

])
, (5)
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(a) kernel (b) raw random (c) avg-pool (d) max-pool
Fig. 3: Relationship of random values at two adjacent points. (a) Two kernels are
overlapped at near-by points zi and zj . (b,c,d) Distribution of pair-wise values at the
near-by points on raw (R), 2× 2 avg-pooled (R̄avg) and max-pooled (R̄max) random-
value map through 1000-times sampling.

where r ∈ [0, 1) is a overlap ratio between two kernel receptive fields at zi and
zj, as shown in Fig. 3a.

By applying average-pooling, random values at two patches are correlated due
to the overlap between their kernel receptive fields, as demonstrated in Fig. 3c.
Thus, if a patch is picked up as unmasked, its neighboring patches would be likely
selected as well. Similarly, max-pooling also contributes to enhancing correlation
between near-by patches, as empirically shown in Fig. 3d ; the max operation
further encourages the likelihood to jointly select near-by patches as unmasked
ones. Through the pooling on R, spatial distribution of unmasked patches are
localized, increasing the difficulty score c as shown in Fig. 4; larger kernel size k×
k enhances correlation among patches to increase the difficulty. On the contrary,
contrast-enhancing Laplacian filtering on R reduces correlation to decrease c,
approaching c = 1.33 of grid masking, as shown in Fig. 1.

Fig. 2 summarizes our masking process that first draws a random map R ∈
[0, 1]H×W as in random masking and then filters it via avg/max-pool with k× k
kernel, followed by finally picking up n(1 − p) unmasked points to construct a
mask pattern. The task difficulty c can be controlled by the kernel size k × k
and type of pooling, average or max.

2.2 Reconstruction

MAE task is to reconstruct masked patches. Though it is akin to denoising image
autoencoders in an image enhancement literature, the primary goal of MAE is
to learn effective feature representation of a backbone (encoder) ViT rather than
to precisely reconstruct the image patch appearance in detail. Thus, the image
reconstruction in MAE is just a means to access intrinsic image content [27].
The reconstruction for raw pixels efficiently works in MAE [22,51] which can be
analyzed in detail as follows.
Frequency analysis. We analyze what kind of characteristics in image patches
are recovered by the MAE, through the lens of image frequency based on discrete
cosine transform (DCT). We compute the following frequency-wise normalized
error between a masked patch image xmask and a predicted patch x̂mask;

ef (x
mask, x̂mask) =

1

2
E

fh,fw|fh+fw=f

|DCTfh,fw(xmask)−DCTfh,fw(x̂
mask)|2

|DCTfh,fw(xmask)|2+|DCTfh,fw(x̂mask)|2
, (6)



8 T. Kobayashi

D
iff

ic
ul

ty

(random)
2 x 2 3 x 3 4 x 41 x 1

Kernel size

avg-pool
max-pool

kernel size
2 × 2 3 × 3 4 × 4

avg-pool

max-pool

(a) Difficulty scores (b) avg/max-pooled masks

Fig. 4: Pooling-based masking with various-sized kernels.

where fh ∈ {0, · · · , sh − 1} and fw ∈ {0, · · · , sw − 1} are vertical and horizontal
frequencies of 2D-DCT for an image patch x ∈ Rsh×sw×3, and f = fh + fw ∈
{0, · · · , sh + sw − 2} indicates a total frequency; the normalized error (6) is
bounded in 0 ≤ ef ≤ 1.

Fig. 5a reports the error scores during the training of ViT-S [13] on ImageNet-
100 [47] with sh = sw =16 on an image of 224 × 224. It clearly shows that the
lower-frequency components are recovered at earlier training epochs and then the
higher ones are progressively dealt with as the training proceeds. It is notewor-
thy that most higher frequencies are not reconstructed throughout the training;
roughly speaking, top half of frequencies are untouched in this MAE reconstruc-
tion, as shown in Fig. 5b demonstrating that the predicted image patch contains
weak amplitudes at higher frequencies. Thus, we can say that the reconstruc-
tion in MAE is biased toward lower -frequency components and hardly improves
the higher -frequency ones. The higher-frequency image components are vulner-
able to noise and/or textures less relevant to the intrinsic image contents, which
makes the reconstruction task harder. The increased task difficulty would im-
pede MAE learning; minimizing the discrepancy in higher-frequency components
might unfavorably encourage the model to focus on superficial image appearance
which is problematic in MAE-based feature representation learning [27].

Target image smoothing. Based on the above analysis regarding image fre-
quency, we remove higher-frequency components from the target image (patch)
to facilitate feature learning in MAE. To that end, we can again resort to filtering
for smoothing the target patches; in this study, Gaussian filter is applicable as a
standard low-pass filter. It should be noted that we inject blur degradation to tar-
get images via smoothing, in an opposite way to denoising autoencoders [45,49]
which applies such degradation to input images. Our MAE loss function is thus
defined as mean squared error between smoothed target patches gσ ∗ xmask and
predicted patches x̂mask;

ℓsm(x
mask, x̂mask) ∝ ∥gσ ∗ xmask − x̂mask∥22, (7)

where gσ indicates a Gaussian filter with a scale σ. This smoothing filter effec-
tively reduces task difficulty of MAE, promoting feature learning, in a negligible
computation cost.
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Fig. 5: Normalized frequency-wise errors (6) on ImageNet-100 by using ViT-S. (a)
Error dynamics along training epochs, and (b) errors and amplitudes of target and
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3 Results

The proposed MAE, which is equipped with two types of filtering in the process
of masking and reconstruction, is applied to pretraining ViTs and analyzed in
terms of empirical performance on image classification tasks.
Implementation. ViT models [13] are pretrained on the respective datasets
by Adam-W optimizer [33] with a batch size of 1024 in the training recipe
given in [22] over 2000 epochs for Cifar-10 dataset and 800 epochs for ImageNet
datasets. Following a practice in MAE literature, we set a mask ratio p = 0.75.
Performance is evaluated by image classification accuracies (%) measured in a
protocol of such as linear probe [22] on a validation set of a dataset. Details are
shown in Sec. D of the supplementary material.

3.1 Analysis of proposed filtering processes

Filtered masking. Filtering random-value map R is capable of controlling the
task difficulty (2) in the masking process. Various types of masking strategies,
exhibiting variety of task difficulties, are compared in Table 1; examples of those
masks are illustrated in Fig. 1. In fixed masking, grid and center render low
and high difficulties, respectively, both of which work poorly since they produce
too easy and difficult tasks. The structured masking including block [25,51] and
BEiT [1] reduces randomness or variety in terms of masked patch positions,
thereby degrading performance especially on Cifar dataset which lacks diversity
of image appearance.

On the other hand, filtered masking retains such a variety of mask positions as
in random masking. Thus, Laplacian masking produces superior performance to
grid masking though they exhibit similar (low) difficulty. The Laplacian, how-
ever, reduces correlation among near-by patches on R, leading to lower diffi-
culty as well as degrading performance in comparison to random masking. Our
avg/max-pool masking enhances the neighbor correlation to favorably increase
task difficulty, improving performance. The performance results in Table 1 show
that the task difficulty of c = 3 ∼ 4 seems to work well and too large-sized
kernel degrades performance by increasing difficulty too much; especially, max-
pool with 4×4 kernel provides too difficult task, thus deteriorating performance.
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Table 1: Classification accuracies (%) by various types of masking on Cifar-10 [28]
and ImageNet-100 [47] datasets.

Masking Type Difficulty c Cifar-10 ImageNet-100

random - 1.72 79.18±0.02 68.99±0.11

grid fix 1.33 56.17±0.04 58.82±0.12

center fix 8.28 45.99±0.04 60.65±0.05

BEiT structure 10.57 65.46±0.02 68.03±0.04

block (2× 2) structure 4.25 77.87±0.01 71.05±0.11

ColorMAE band-pass 2.61 79.64±0.01 71.46±0.11

Laplacian 3× 3 filter 1.46 77.41±0.03 66.68±0.15

avg-pool 2× 2 filter 2.62 81.27±0.01 71.25±0.01

avg-pool 3× 3 filter 3.75 80.28±0.03 71.23±0.03

avg-pool 4× 4 filter 5.04 80.67±0.02 70.94±0.14

max-pool 2× 2 filter 3.83 82.16±0.03 72.07±0.09

max-pool 3× 3 filter 6.55 80.43±0.01 71.45±0.11

max-pool 4× 4 filter 9.18 78.46±0.01 69.93±0.14

Table 2: Classification accuracy (%) on ImageNet-100 with various smoothing ap-
proaches in the reconstruction process.

(a) Smoothing filter

σ random max-pool

(0) 68.99±0.11 72.07±0.09

1 70.19±0.08 72.37±0.10

2 71.34±0.04 73.05±0.09

4 72.10±0.06 73.29±0.03

8 71.56±0.03 72.07±0.07

Sharp 58.94±0.04 64.51±0.04

High-freq. cut [32] 69.34±0.09 71.26±0.03

(b) Down-scaling
Down-scale

factor random max-pool

1 68.99±0.11 72.07±0.09

2 70.18±0.17 71.79±0.06

4 71.27±0.08 72.45±0.07

8 70.69±0.03 70.65±0.07

Based on the analysis, we conjecture that max-pool with 2×2 kernel is favorably
compatible for MAE.

The proposed task difficulty c similarly characterizes the ColorMAE mask-
ing [23] which is derived from an image processing perspective based on band-
pass filtering. ColorMAE exhibits c = 2.61, larger than c = 1.72 of random
masking, to improve performance. Specifically, the performance is close to that
of our 2 × 2 avg-pool masking as their difficulty scores are similar. Thus, it is
possible to validate the ColorMAE masking through our task difficulty c, while
ColorMAE is inferior to our 2× 2 max-pool masking.
Filtered reconstruction target. We then analyze the smoothing process (7)
on a target image from a frequency viewpoint; we apply it with random and 2×2
max-pool masking on ImageNet-100 dataset by using ViT-S.
• Smoothing scale σ: A target image is smoothed by applying Gaussian filter
equipped with a scale parameter σ. The performance comparison across various σ
is shown in Table 2a while their effects on images are analyzed in Fig. 6. The sim-
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Fig. 6: Examples of smoothed images (top) with their frequency amplitudes (bottom).

ple smoothing filter improves performance effectively on both random and 2× 2
max-pool masking. It is noteworthy that even subtle smoothing of σ=1 (Fig. 6b)
enhances MAE and the performance is maximized by σ = 4 which smooths out
images (Fig. 6c). As shown in bottom row of Fig. 6, the smoothing filter reduces
higher-frequency components in target images, which facilitates reconstruction
by focusing MAE on lower-frequency domains. In other words, as the smoothed
images (Fig. 6bc) still render semantic-level recognition regarding objects, MAE
could encode more intrinsic image characteristics rather than superficial image
appearance. To further validate the efficacy of smoothing, we compare it with
unsharp-masking filter [19] that enhances image contrast (sharpness). It lifts up
higher-frequency bands (Fig. 6d), making it harder to reconstruct patches via
MAE and thereby significantly degrading performance as shown in Table 2a.
Therefore, these results demonstrate that the higher-frequency image compo-
nents are less relevant to the primary image characteristics embedded in this
ImageNet-100 dataset and even simple image smoothing improves MAE by fa-
vorably reducing task difficulty. Our smoothing approach is also compared with
the method that cuts off higher-frequency components [32]. Our filter-based ap-
proach softly suppresses high-frequency components via weights (Sec. C in the
supplementary material) without cutting them off, thus being effective to im-
prove performance.

• Down-scaling: Other than image smoothing, higher-frequency components
can also be reduced by down-scaling (via bilinear interpolation) for target patches.
The down-scaling apparently reduces the reconstruction task complexity as the
dimensionality, i.e., spatial size, of the target is decreased; for example, 16× 16
patch is converted into 8 × 8 by a down-scaling factor of 2. The performance
results of down-scaling are shown in Table 2b. Due to suppressed high-frequency
components via down-scaling, the performance is slightly improved; the best
performance is produced by the down-scaling factor of 4 roughly in accordance
with Gaussian filter of σ = 4. It is, however, inferior to image smoothing (Ta-
ble 2a). The downscaling retains some higher-frequency components, known as
anti-aliasing issues, which would impede the MAE training.
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Table 3: Classification accuracy (%) on ImageNet-100 in comparison to frequency-
based losses.

Loss random max-pool

Focal Freq. loss [26] 68.55±0.11 70.94±0.10

Freq. L1 loss [50] 63.17±0.08 66.03±0.12

L2 loss in MAE [22] 68.99±0.11 72.07±0.09

Ours (7) via image smoothing σ = 1 70.19±0.08 72.37±0.10

Ours (7) via image smoothing σ = 4 72.10±0.06 73.29±0.03
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Fig. 7: Performance analysis of our MAE on ImageNet-100 using ViT-S.

• Frequency loss: The frequency-based perspective can be embedded into
FFT-based loss functions [26, 50] which could be compared with our loss based
on image smoothing (7). The comparison results are shown in Table 3, demon-
strating superiority of our simple approach; this analysis is detailed in Sec. C of
the supplementary material. It is noteworthy that our method (7) is computa-
tionally efficient just by smoothing an image without manipulating structures of
loss.

3.2 Performance analysis

We then analyze performance of our MAE using 2 × 2-max-pool masking and
image smoothing (7), in comparison to original MAE [22] using random masking
and ColorMAE [23].
Feature representation. Fig. 7a shows singular values of features with the ef-
fective rank [42], demonstrating diversity of the learned feature representation.
The proposed method enhances uniformity of singular values as well as effec-
tively enlarges the rank of features, which is favorable in terms of robustness
and generalization [36, 52]. In terms of masking, the task difficulty is enhanced
via max-pool to let MAE look into the intrinsic image characteristics beyond
a superficial patch correlation between masked and unmasked ones. The intrin-
sic image representation is further enhanced by smoothing out irrelevant high-
frequency components from target images in patch reconstruction. These two
different types of filtering work for promoting feature representation learning in
our MAE.
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Table 4: Performance results by U-MAE [52] and D-MAE [49] on ImageNet-100 us-
ing ViT-S. In U-MAE, we report classification accuracies (%) while showing certified
accuracy (%) at various radius r for D-MAE [49].

Ours

Method Orig. ColorMAE σ = 1 σ = 4

U-MAE 69.36±0.05 67.96±0.11 73.31±0.11 74.14±0.10

D-MAE
r = 0 57.20±0.28 57.27±0.09 61.80±0.16 62.27±0.19

r = 0.25 51.40±0.16 52.93±0.25 56.93±0.25 57.13±0.74

r = 0.5 45.53±0.34 46.87±0.34 48.40±0.65 52.60±0.28

r = 0.75 38.20±0.28 38.73±0.34 39.53±0.19 43.00±0.16

Mask ratio. The mask ratio p ia a key hyper-parameter in MAE, while p = 0.75
is a standard practice in image-based MAE [22]. Fig. 7b shows performances at
various mask ratio p. We also apply BEiT masking which works on lower p [1];
it prefers p = 0.5, though increasing computation cost due to larger number
of visible (unmasked) patches. By controlling the task difficulty, our MAE is
robust against various p < 0.9; performance gap between p = 0.75 and p = 0.6 is
about 1% in our MAE which is smaller than 5% by random masking in original
MAE and 2% by ColorMAE. On the other hand, the performance is degraded
at p = 0.9, as expected, since the task difficulty becomes too high c = 11.24 at
p = 0.9. Roughly speaking, through the lens of task difficulty c, the masking
strategies exhibit rather consistent performance tendency that the performance
is optimal around c = 4, while deteriorating at extreme difficulties such as c<2
and c> 8; on the other hand, the performances exhibit diverse behavior across
mask ratio p. Thus, it is noteworthy that the task difficulty c in (2) would
be roughly a useful measure to design p, such as by excluding bad masking of
extreme (too low or too high) difficulty to avoid performance degradation.
Training epoch. Due to enhanced task difficulty, our MAE approach also
enjoys the larger number of training epochs for increasing performance as shown
in Fig. 7c in accordance with other MAEs.
Application to variants of MAE. As our method touches only two processes
of masking and patch reconstruction in MAE, it is straightforwardly applicable
to the other variants of MAE. We incorporate the proposed method into U-
MAE [52] and D-MAE [49] which address feature uniformity and robustness,
respectively. The performance results are shown in Table 4, demonstrating fa-
vorable improvement by our method.
Evaluation on ImageNet-1K. The proposed MAE is evaluated on ImageNet-
1K [10] by using ViT-B [13]. The performance results are shown in Table 5.
The proposed method effectively boosts performance of MAE on two evaluation
metrics of linear probe and fine-tuning, while keeping simplicity and computation
efficiency of MAE [22]; our method also retains the GPU memory consumption
while ColorMAE [23] demands additional memory to store pre-computed noise
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Table 5: Performance results on ImageNet-1K using ViT-B; classification accuracy
(%) on linear probe and fine-tuning. † and ‡ mean the results borrowed from respective
papers and [6] while ∗ indicates our implementation.

Method Epoch Lin-probe Fine-tune

non MIM
MoCo v3 [7]‡ 600 76.2 83.0
DINO [3]‡ 1600 77.3 83.3

MAE variants
U-MAE [52]† 200 58.5 83.0
CAE [6]‡ 800 68.6 83.8
CAE [6]‡ 1600 71.4 83.9

MAE with data-adaptive masking
SemMAE [30]† 800 65.0 83.34
HPM [46]† 800 - 84.2

MAE with data-agnostic masking
BEiT [1]† 800 56.7 83.2
ColorMAE [23]† 800 68.67 83.6
MAE [22]∗ 800 65.14 83.44
Ours (σ = 1) 800 70.07 83.75
Ours (σ = 4) 800 70.42 83.64

ColorMAE [23]† 1600 70.85 83.8
MAE [22]∗ 1600 66.71 83.65
Ours (σ = 1) 1600 72.26 84.03
Ours (σ = 4) 1600 72.55 83.78

map. While our smoothing with σ=4 works well for linear probing, that of σ=1
provides further boost in a fine-tuning scenario; weak smoothing by σ=1 enables
the model to extract subtle yet effective features which could be enhanced by
further fine-tuning on ImageNet-1K.

The ViT-B models pre-trained on ImageNet-1K are then applied to a down-
stream task of semantic segmentation on ADE-20K dataset [56] in a framework of
SETR [54], producing favorable performance improvement as shown in Table 6.

4 Conclusion

We have proposed simple yet effective approaches to enhance MAE. Through
the analyses of two main processes of masking and reconstruction in MAE from
a viewpoint of task difficulty, our methods are formulated by simple filtering
to control the task difficulty; max-pooled masking enhances the difficulty while
image smoothing eases the reconstruction, in order to facilitate feature repre-
sentation learning in MAE; thereby, the method retains simplicity and efficiency
of MAE [22]. In the experiment, the methods are analyzed from various aspects
and are shown to improve performance on image-based MAE.
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Table 6: Performance results on ADE-20K semantic segmentation by transferring the
pre-trained ViT-B models.

Method Epoch mIOU mAcc

MAE [22]† 800 42.60 54.07
Ours (σ = 1) 800 44.26 55.85
Ours (σ = 4) 800 44.47 55.76

MAE [22]† 1600 43.46 55.55
Ours (σ = 1) 1600 44.72 56.55
Ours (σ = 4) 1600 45.33 57.08
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