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Abstract

In supervised learning, traditional image masking faces two
key issues: (i) discarded pixels are underutilized, leading
to a loss of valuable contextual information; (ii) masking
may remove small or critical features, especially in fine-
grained tasks. In contrast, masked image modeling (MIM)
has demonstrated that masked regions can be reconstructed
from partial input, revealing that even incomplete data can
exhibit strong contextual consistency with the original image.
This highlights the potential of masked regions as sources of
semantic diversity. Motivated by this, we revisit the image
masking approach, proposing to treat masked content as aux-
iliary knowledge rather than ignored. Based on this, we pro-
pose MaskAnyNet, which combines masking with a relearn-
ing mechanism to exploit both visible and masked informa-
tion. It can be easily extended to any model with an additional
branch to jointly learn from the recomposed masked region.
This approach leverages the semantic diversity of the masked
regions to enrich features and preserve fine-grained details.
Experiments on CNN and Transformer backbones show con-
sistent gains across multiple benchmarks. Further analysis
confirms that the proposed method improves semantic diver-
sity through the reuse of masked content.

Introduction

Deep learning has been the cornerstone of progress in visual
recognition tasks, driving remarkable advances in image
classification, detection, and segmentation through large-
scale annotated datasets and more advanced model architec-
tures. (Yang et al. 2024; Brown et al. 2020). Image mask-
ing methods, as a common data augmentation approach,
have been widely adopted in supervised learning and self-
supervised image reconstruction (Shikhar and Sobti 2024;
Feng and Zhang 2024). These methods improve model ro-
bustness by occluding parts of the image, forcing the model
to make predictions or reconstructions based on incom-
plete information. Although these methods have shown ef-
fectiveness in regularization and self-supervised representa-
tion learning, in the field of supervised learning, they usually
treat masked pixel information as useless noise rather than
a reconfigurable and reusable source of information. This
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Figure 1: Comparison of effect between conventional mask
discarding and with reuse strategies for complementary vi-
sual information based on ResNet-34. Top: the heatmaps can
only cover part of the target and fails to clearly perceive
edge details of the target. (e.g., partial coverage of vehicles
or distraction by background elements like ocean scenes).
Bottom: the heatmaps precisely localize the target by repur-
posing masked regions as complementary visual cues.
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will lead to two critical limitations: (i) Direct discarding of
masked region pixel fails to fully exploit available image in-
formation, thereby constraining the model’s input utilization
efficiency; (ii) Critical semantic elements (e.g. small objects
and fine-grained textures) may be obscured, which inhibits
feature learning in such regions and consequently compro-
mises recognition capability for small or occluded targets.
We note that masked image modeling (MIM) enables the
reconstruction of comprehensive visual representations from
minimal visible pixel subsets (Li et al. 2025; Wang et al.
2025), which means that even a limited set of unmasked
patches can preserve the global structural semantics of the
original image. Motivated by these observations, we rethink
masked image regions in supervised learning: rather than
discarding them as noise, we propose to repurpose these re-
gions as complementary visual information sources. Specif-
ically, we explore whether image masking can serve as a
mechanism to provide diverse and fine-grained features, thus



enhancing feature representation learning.

Consequently, we conducted preliminary investigations
along this direction. Figure 1 illustrates the comparative ef-
fects of reusing masked regions as complementary visual in-
formation sources by using class activation heatmaps. From
Figure 1, the traditional masking approach fails to capture
complete features and perceive the clear details of the edge,
thus limiting the ability of the model to make accurate pre-
dictions. While the reuse strategy for complementary vi-
sual information can achieve precise target localization with
full-contour awareness while effectively suppressing back-
ground noise, it means that the information reuse branch re-
covers these details through masked latent learning.

Based on these insights, we propose a dual-branch ar-
chitecture, called MaskAnyNet, to repurpose discarded
mask regions as complementary visual information sources.
Specifically, we redesign backbone models into a dual-
branch architecture that simultaneously learns from both vis-
ible content and masked regions. A primary branch pro-
cesses the masked image to extract global features, while
another auxiliary branch extracts fine-grained details from
masked regions to refine feature representations. This inte-
grated design leverages both the regularization benefits of
masking and enhanced representational capacity from rein-
tegrated local features, enabling comprehensive pixel-level
information utilization and multi-perspective visual under-
standing. The main contribution of this work can be sum-
marized as follows.

¢ Architecture Innovation: We propose MaskAnyNet, a
novel unified architecture featuring a mask-guided in-
formation reuse branch. Compatible with both CNNs
and Transformers, it consistently boosts baseline perfor-
mance across diverse datasets while maintaining compu-
tational efficiency comparable to vanilla backbones.

e Mask Pattern Analysis: We rigorously characterize
masking and reuse patterns, establishing generalized
configuration guidelines. Using information entropy and
cross-region similarity metrics, we quantitatively vali-
date mask strategy effectiveness, providing theoretical
grounding for our approach.

Related Work
Image Masked Data Augmentation

Image masking is a widely used method in the field of com-
puter vision(Wei et al. 2017; Murdock et al. 2016; Wang,
Shrivastava, and Gupta 2017; Ghiasi, Lin, and Le 2018). By
masking specific areas of the input image, the model focuses
more attention on the area of interest, thereby improving the
generalization ability of the model. In the field of data aug-
mentation, some typical methods such as CutOut(DeVries
2017) and Random Erasing(Zhong et al. 2020), randomly
mask parts of the image to encourage the model to fo-
cus on different parts of the target, preventing over-reliance
on certain local features and significantly improving the
model’s generalization ability. Building on this, Hide-and-
Seek(Kumar Singh and Jae Lee 2017) employs a broader
range of random mask patch to enable the model to learn fea-
tures from more areas of the target, thus improving its recog-
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nition ability when the target is occluded or incomplete. Fur-
thermore, GridMask(Chen et al. 2020) adopts a structured
patch strategy by regularly generating grid-shaped mask,
achieving a better balance between information removal and
retention. FenceMask(Li, Li, and Long 2020) generates con-
tinuous mask areas in a fence-like shape, making it more
suitable for processing scenes with small targets. It is highly
effective in preserving small object features and can be bet-
ter adapted to datasets with complex small target features.

Masked Image Modeling

MIM has emerged as a cornerstone of self-supervised learn-
ing, enabling both image restoration (Qin et al. 2024; Chen
et al. 2024; Wei et al. 2022) and transferable visual repre-
sentation learning (Woo et al. 2023; Dong et al. 2023). In-
spired by NLP’s Masked Language Modeling (MLM), MIM
reconstructs occluded regions to learn annotation-free visual
features (Zhan et al. 2023). BEIT (Bao et al. 2021) extends
BERT’s approach(Devlin 2018) by predicting representa-
tions of randomly masked patches, significantly enhancing
feature quality. BEITv2 (Peng et al. 2022) further advances
performance through joint optimization and semantic refine-
ment. MAE(He et al. 2022) reconstructs full images from
partial inputs to learn deep representations. SImMIM(Xie
et al. 2022) unifies masked region prediction and representa-
tion learning in a single encoder, reducing model complex-
ity. OmniMAE(Girdhar et al. 2023) extends MAE to multi-
modal joint modeling. PixMIM(Liu et al. 2023) directly re-
constructs masked pixel values, eliminating reliance on pre-
trained tokenizers. MixMask(Vishniakov, Xing, and Shen
2022) uses a CutMix-based distance loss that computes sim-
ilarity through mask ratios for precise image matching.

While masking excels in data augmentation and self-
supervised learning, its potential in supervised settings re-
mains limited by treating masked regions as disposable
noise, causing valuable information loss. This motivates
our fundamental reexamination of masked signal utilization
within supervised paradigms.

Methodology

We propose MaskAnyNet, a novel architectural paradigm
that integrates region masking with a reuse branch to rein-
troduce masked pixel information into the learning process.
As shown in Figure 2, the framework comprises three com-
ponents: image masking branch, mask region reuse branch,
and feature fusion and alignment. First, the image mask-
ing branch occludes parts of the input using various mask-
ing strategies. Then, the reuse branch reintroduces the orig-
inal content of masked regions to enhance contextual un-
derstanding. Finally, the fusion and alignment module inte-
grates features from both branches to optimize their interac-
tion. The details of each component are described below.

Image Masking Branch

The image masking methods can be classified into three
types: single Patch mask, Random mask, and grid mask, as
illustrated in Figure 3. As shown in the Figure 3, grid mask-
ing can be regarded as a uniform sampling strategy. When
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Figure 2: Overall architecture of the proposed MaskAnyNet, which consists of three main components: mask generation, mask-

region information reuse, and feature fusion and alignment.
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Figure 3: Comparison of different masking methods. Patch
Masking preserves local details, Grid Masking preserves
global semantics through fixed-pattern, and Random Mask-

ing enhances diversity through irregular patterns.

the masked regions are stitched together, it helps preserve es-
sential global structure. This allows the model to efficiently
model multi-scale features and enhance the effective recep-
tive field from limited visible pixels.The regular spatial cov-
erage of grid masking also facilitates the extraction of long-
range dependencies with minimal information loss. In con-
trast, the patch masking strategy emphasizes local detail. By
randomly masking fine-grained patches, the model can learn
diverse local features such as textures, edges, and small-
scale object parts. This improves the model’s sensitiViTy to
fine details and boosts its ability to represent small or irreg-
ular targets. Random masking introduces high variability in
the spatial distribution of masked regions, which encourages
the model to reason over more complex and unpredictable
patterns. However, due to its unstructured nature, random
masking introduces significant spatial distortion, such as po-
sitional ambiguity and geometry shifts. Although this prop-
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erty benefits self-supervised tasks like masked image recon-
struction, it may undermine performance in supervised tasks
like classification or detection, where consistent semantic
coherence and spatial alignment are crucial. Based on the
above analysis, our masking strategy integrates both grid and
random patch masking. By combining grid and patch mask-
ing, it strikes a balance between global semantic preserva-
tion and local detail enhancement, enhancing the ability of
model to learn diverse visual patterns.

Mask Region Reuse Branch

Although the mask image can serve as a regularization,
it can result in the loss of key features, particularly in
small target areas. Furthermore, the effectiveness of mask-
ing strongly depends on the mask strategy and mask ratio,
which may not be universally suitable for all tasks or image
distributions. To address these limitations, we design a mask
information reuse branch, which is designed to re-learn and
enhance the information lost due to masking. Specifically,
let M be the set of masked regions in the input image, where
each masked block is denoted as M;, with ¢ € [1,2,..., N,
where N is the total number of masked blocks. The masked
blocks are indexed based on their position in the original im-
age. After that, identify all the masked blocks M; within the
input image and extract their corresponding original patch
Ui from the original image at the same spatial location as
M;.

After extracting the masked regions, we combine all ex-
tracted patches U; according to their relative spatial posi-
tions in the original image. The reuse image R is then con-



structed by Eq.1:
R=3S({(Ui, P)}Y)) (1)

where P; denotes the spatial coordinates of the ¢-th masked
block in the original image, and S(+) is a spatial stitching op-
erator that arranges each extracted patch U; according to P,
preserving their relative spatial arrangement as in the orig-
inal image. This spatially-aware composition preserves rel-
ative positional consistency and complements the masked
input by reintroducing critical visual information lost during
masking. By reintroducing these semantically rich but com-
monly overlooked areas, the reuse branch not only comple-
ments the local representation, but also reduces the risk of
information loss in standard masking-based learning.

Feature Fusion and Alignment

Due to the size mismatch between the reuse image and the
masked image, the reuse image is first upsampled to match
the spatial dimensions of the masked image before being
further processed. Then both images are input into a low-
level feature extractor that shares the structure. The extractor
is constructed by selecting the shallow layers from a stan-
dard deep neural network backbone. These early layers re-
tain high-resolution spatial information and are well-suited
for capturing fine-grained local patterns, including edges,
corners, and textures. The extracted features from both in-
puts are concatenated along the channel dimension to form
a joint representation.

To address the semantic inconsistency between global and
local features, we design a feature alignment module, as il-
lustrated in Figure 2. This module performs soft alignment
by applying a series (n, default n=3) of convolutional layers
and preserves fine-grained details and local texture through
a multi-level residual refinement mechanism.

Fou = Convyxi (Z Comv:(;l3 (F;) 4+ Convyyq (Fiy ))

i=1
@
where F; denotes the output feature of the i-th convolution

block, and C’onv,(ji i, denotes the i-th convolution layer with
kernel size k x k. After alignment, the resulting feature is
forwarded to a high-level feature extractor, which consists of
the deeper layers of the same backbone network used in the
low-level feature extractor. This design ensures hierarchical
consistency while allowing the model to capture enriched
semantic features across multiple scales. It is precisely this
modular decomposition that enables our method to be com-
patible with any backbone architecture and provides sig-
nificant flexibility in design. Additionally, constraining the
mask reuse branch to operate in the low-level feature extrac-
tion stage allows efficient control of additional parameters
and computational cost.

Experiments and Results
Implementation Details

All experiments were conducted on a computer with an
NVIDIA RTX 4090 GPU. The equipped software runtime
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environment was also set up with python 3.9, PyTorch 2.1.1,
CUDA 11.8 and cuDNN 8.6.0. All baseline models used in
the experiments, as well as the corresponding MaskAnyNet
variants, are trained with the same hyperparameters as their
original baseline implementations. Specifically, we train for
300 epochs on CIFAR datasets and 200 epochs on ImageNet.

CIFAR-10 and CIFAR-100 Experiments

To evaluate the effectiveness and generalizability of our ap-
proach, we conducted comparative experiments on CIFAR-
10 and CIFAR-100 using representative CNN and Trans-
former models. The comparison results are presented in Ta-
ble 1. Specifically, we selected ResNet-34 and EfficientNet-
V2 as CNN baseline models, with the former being a
widely used architecture and the latter achieving the best
performance among the CNN baselines. For Transformer-
based baselines, we chose ViT and Swin, both of which
are well-established and effective in vision tasks. As shown
in Table 1, our method improves the accuracy across all
models on both CIFAR-10 and CIFAR-100. For exam-
ple, ResNet-34 and EfficientNet-V2 gain 1.56% and 1.03%
on CIFAR-10, respectively, while ViT and Swin improve
by 0.42% and 0.67%. On CIFAR-100, the gains are even
more pronounced, with up to 1.78% on ResNet-34, 1.42%
on EfficientNet-V2, and 0.97% on ViT, demonstrating the
strong generalization ability of our method. The larger gains
on the more challenging CIFAR-100 dataset further suggest
that the proposed reuse strategy is particularly effective for
fine-grained recognition tasks.

ImageNet Experiments

To further validate the universality and robustness of
MaskAnyNet, we conducted experiments on the large-scale
ImageNet-1K and Tiny-ImageNet datasets, as presented in
Table 2. The results show consistent improvements across
all baseline. Specifically, on ImageNet-1K, all baseline mod-
els achieve more than a 1.0% improvement in Top-1 ac-
curacy when integrated with our approach. Notably, the
Top-1 accuracy of ViT-B/16 and ResNet-34 increases sig-
nificantly by 1.56% and 1.45%, respectively. Furthermore,
the performance gains on Tiny-ImageNet are more pro-
nounced. Specifically, our method improves the Top-1 ac-
curacy of various models, including 2.08% on ResNet-34,
1.28% on EfficientNetV2, 1.68% on ViT, and 1.71% on
Swin, demonstrating consistent gains across both CNN and
Transformer architectures. Compared to ImageNet-1k, the
limited amount of training data in Tiny-ImageNet causes the
baselines to suffer from poor generalization. In contrast, our
method not only provides a regularization effect, but also
enhances pixel utilization by reusing masked information.
This enables the model to learn more robust and diverse fea-
ture representations. As a result, our method significantly
improves the performance of the baseline models.
Comparative results across multiple datasets confirm that
our masked region reuse strategy generalizes well across
different backbone architectures. By transforming discarded
pixels into reusable learning signals, our method facilitates
richer feature learning and improves the model’s ability to
recognize small, occluded, or semantically diverse targets.



D Method Top-1 Acc
ResNet-34(He et al. 2016) 94.21
EfficientNetV2-S(Tan and Le 2021) 94.72
MobileNetV4-Small(Qin et al. 2025) 93.23
GhostNet-V3(Liu et al. 2024) 94.12

o FasterNet-S(Chen et al. 2023) 91.95

; ConvNextV2-Tiny(Woo et al. 2023) 94.67

< Swin-Tiny(Liu et al. 2021) 96.56

(E) ViT-Base(Dosovitskiy 2020) 98.99
MaskResNet-34 (+1.56)95.77
MaskEfficientV?2 (+1.03)95.75
MaskViT (+0.42)99.41
MaskSwin (+0.67)97.23
ResNet-34(He et al. 2016) 73.58
EfficientNetV2-S(Tan and Le 2021) 76.71
MobileNetV4-Small(Qin et al. 2025) 71.78
GhostNet-V3(Liu et al. 2024) 74.09

S FasterNet-S(Chen et al. 2023) 70.31

— ConvNextV2-Tiny(Woo et al. 2023) 72.32

% Swin-Tiny(Liu et al. 2021) 90.46

K ViT-Base(Dosovitskiy 2020) 91.90

© MaskResNet-34 (+1.78)75.36
MaskEfficientV?2 (+1.49)78.20
MaskViT (+0.97)92.87
MaskSwin (+0.77)91.23

Table 1: Comparison of Top-1 Accuracy of MaskAnyNet
and different models on CIFAR-10 and CIFAR-100 datasets.

Ablation Experiments

To investigate the contribution of each component in our
framework, we conducted ablation studies on the ImageNet-
1K dataset using both ResNet-34 and ViT-B/16 as base-
line, as shown in Table 3. Specifically, M denotes the use
of mask augmentation, R indicates the mask region reuse
branch, and F'F'A refers to the feature fusion and align-
ment module. Introducing masking augmentation leads to
certain improvements, demonstrating the regularization and
local perturbation benefits of masking. Further incorporat-
ing the reuse branch results in the most significant improve-
ment, with Top-1 accuracy gains of 0.85% for ResNet-34
and 1.06% for ViT-B/16, confirming the effectiveness of
reintroducing masked region information. Finally, introduc-
ing F'F A results in the best performance, highlighting that it
effectively bridges the semantic gap between both branches
and improves the integration of global-local features.

Masking Strategy Analysis

We evaluated three masking strategies on the ImageNet-
1K dataset using ResNet-34, and the results are shown in
Table 4. As observed in the table, random masking yields
the lowest performance, due to significant structural devia-
tions in the reuse image, which hinder feature alignment be-
tween the masked and reused images and affect the model’s
learning process. Grid masking performs better by preserv-
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D Method Top-1 Acc  Top-5 Acc
ResNet-34(He et al. 2016) 71.67 90.64
EfficientNetV2-S(Tan and Le 2021) 74.73 91.25
MobileNetV4-Small(Qin et al. 2025) 68.95 89.62

s GhostNet-V3(Liu et al. 2024) 69.58 89.31

o FasterNet-S(Chen et al. 2023) 70.68 90.88

> ConvNextV2-Tiny(Woo et al. 2023) 74.68 91.54

g, Swin-T(Liu et al. 2021) 78.63 93.87

g ViT-B/16(Dosovitskiy 2020) 79.51 94.62

MaskResNet-34
MaskEfficientV2-S

(+1.45)73.12 (+1.19)91.83
(+1.12)75.85 (+0.29)91.54

MaskViT-B/16 (+1.56)81.07 (+0.76)95.38
MaskSwin-T (+1.32)79.95 (+0.61)94.48
ResNet-34(He et al. 2016) 60.27 80.98
EfficientNetV2-S(Tan and Le 2021) 64.57 84.84
MobileNetV4-Small(Qin et al. 2025) 60.57 82.83
GhostNet-V3(Liu et al. 2024) 58.49 81.42

S FasterNet-S(Chen et al. 2023) 58.67 84.32

% ConvNextV2-Tiny(Woo et al. 2023) 59.05 79.04

& Swin-T(Liu et al. 2021) 82.32 93.61

»—% ViT-B(Dosovitskiy 2020) 85.83 95.45

2 MaskResNet-34 (+2.08)62.35 (+1.28)82.26

E MaskEfficientV2 (+1.98)66.55 (+0.11)84.95
MaskViT (+1.68)87.51 (+0.96)96.41

MaskSwin (+1.71)84.03 (+0.61)94.22

Table 2: Comparison of Top-1 and Top-5 accuracy of
MaskAnyNet and different models on ImageNet-1K and
Tiny-ImageNet datasets.

ing global semantics. The reuse image generated through
grid sampling effectively restores global information. How-
ever, its overall feature distribution closely resembles that
of the masked image, which may cause the model to ex-
hibit ’lazy” behavior, relying too heavily on redundant in-
formation, thus limiting further performance improvement.
In contrast, patch masking achieves the highest accuracy by
introducing local variability and preserving critical object
details. It provides regularization benefits for the masked
image and ensures that key features are retained through
the reuse process. Moreover, this regional reuse strategy en-
ables the model to capture fine-grained local patterns, en-
hancing representational capacity and generalization. No-
tably, combining patch and grid masking achieves the best

Method M R FFA Top-1Acc Top-5Acc
ResNet-34 - - - 71.67 90.64
Patch Mask v - - 72.12 91.25
Grid Mask v - - 71.97 91.14
Random Mask v oo - 71.88 91.02
MaskResNet-34 v Vv - 72.97 91.76
MaskResNet-34 v vV 73.12 91.83
ViT-B/16 - - - 79.51 94.62
Patch Mask v - - 79.88 94.78
Grid Mask v - - 79.95 94.83
Random Mask v - - 79.86 94.67
MaskViT-Base vV - 81.01 95.23
MaskViT-Base vV v 81.07 95.38

Table 3: Ablation experiment on the ImageNet-1k dataset.



Patch Grid Random Top-1Acc Top-5 Acc
v 72.89 92.03
v 72.72 91.98
v 72.23 91.73
v v 73.12 91.83
v v v 73.07 91.67

Table 4: Performance comparison on the ImageNet-1k using
different mask and reuse methods based on ResNet-34.
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Figure 4: Performance visualization results of MaskResNet-
34 using three different masking methods and different mask
ratios on the ImageNet-1K dataset.

result, demonstrating the complementary effect of global
structure and local detail reuse. Based on these findings, our
final reuse strategy adopts both patch masks and grid masks.

Mask Ratio Analysis

In addition to the choice of masking strategy, the mask ratio
also plays a crucial role in determining how much visual in-
formation is retained, thereby directly affecting the model’s
ability to learn diverse representations. To investigate this,
we evaluated different masking ratios across different mask-
ing methods, and the results are presented in Figure 4.

As shown in Figure 4, a low mask ratio leads to weak
regularization and insufficient information in the reused im-
age, resulting in poor accuracy. As the ratio increases, the
accuracy of all methods improves, reaching the best perfor-
mance at a mask area ratio of 25%. Further increasing the ra-
tio leads to a decrease in accuracy, indicating that excessive
mask limits the model’s ability to learn informative content.

Feature Fusion Strategy Analysis

To effectively integrate features from different branches, it is
essential to choose an appropriate fusion location. The most
common approaches include image-level fusion(Zhang et al.
2017; Zhou et al. 2016), feature-level fusion(Chen, Fan,
and Panda 2021; Chi et al. 2019), and decision-level(Snoek,
Worring, and Smeulders 2005; BaltruSaitis, Ahuja, and
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Model Fusion Level  Acc Pa(M) Latency(ms)
Image-level 73.03 21.34 7.29
ResNet-34  Feature-level 73.12 22.46 7.51
Decision-level 72.28 43.10 14.04
Image-level 79.37 85.72 7.94
ViT-Base Feature-level 79.51 87.46 8.23
Decision-level 78.82 171.45 16.21

Table 5: Performance Comparison of Different Feature Fu-
sion Strategies in Accuracy and Computational Efficiency.

Morency 2018) fusion. We evaluate these three strategies on
the ImageNet-1K using ResNet and pre-trained ViT-B/16.
Table 5 shows the comparison of these three strategies in
terms of accuracy and computational efficiency. It can be
seen that the method of using feature fusion consistently
achieves the highest accuracy in both ResNet and ViT, out-
performing the other two methods. This proves that feature
layer fusion can achieve good filtering of noise while align-
ing two branches information through remaining deep layers
of the model, with high robustness.

In terms of computational efficiency, using low-level fea-
ture fusion can maintain a similar number of parameters
as image-level fusion, and the computational burden intro-
duced by the additional branch can be largely ignored. How-
ever, decision-level fusion nearly doubles the computational
cost. Moreover, due to the depth of the fusion site, it be-
comes difficult to effectively align features from the two
branches, resulting in limited improvement in accuracy.

Detection and Segmentation Experiments

Our method demonstrates notable performance gains on
classification tasks, reflecting its strong feature representa-
tion capabilities. To further evaluate the generalizability of
the proposed approach across downstream tasks, we con-
duct additional experiments on object detection and se-
mantic segmentation, using representative CNN-based and
Transformer-based models for comparison.

Object Detection

In the object detection task, we employed YOLO12(Jocher,
Qiu, and Chaurasia 2023) (a CNN-based detection model)
and RT-DETR(Zhao et al. 2024) (a Transformer-based de-
tection model) as baseline models, testing on two authori-
tative datasets PASCAL VOC(Everingham et al. 2010) and
MS COCO(Lin et al. 2014). Following (Girshick 2015),
training and testing of the PASCAL VOC dataset were car-
ried out by using 5k images from VOC 2007 and 16k images
from VOC 2012 (“07+12”) for training, while the VOC 2007
test set was utilized for evaluation.

We used P, R, mAP@.5, and mAP@].5,.95] as the pri-
mary metrics, and the final comparison results are shown in
Table 6. It can be seen that our method achieved accuracy
gains in both YOLO12 and RT-DETR. Notably, YOLO12-
n exhibited 1.68% and 1.89% improvements in mAP@.5
on VOC and COCO, respectively; meanwhile, RT-DETR
showed 1.32% and 1.42% improvements under the same



Dataset Model Precision Recall mAP@.5 mAP@][.5,.95]
RT-DETR-n 82.46 75.52 81.63 62.53

PASCAL MaskRT-DETR-n  (+0.57)83.03 (+0.76)76.28 (+1.32)82.95 (+0.85)63.38
YOLOI12-n 80.29 74.18 81.19 61.69
MaskYOLOI12-n (+1.02)81.31 (+0.75)74.93 (+1.68)82.87 (+0.93)62.62
RT-DETR-n 68.27 53.93 63.83 44.82

MS-COCO MaskRT-DETR-n  (+0.92)69.19 (+0.74)54.67 (+1.42)65.25 (+1.04)45.86
YOLOI12-n 65.51 49.58 54.46 38.86
MaskYOLOI12-n (+1.33)66.84 (+1.07)50.65 (+1.89)56.35 (+1.03)39.89

Table 6: Object detection performance comparison of MaskAnyNet on MS COCO and PASCAL VOC datasets using RT-DETR

and YOLO12 as baselines.

metrics. It is worth emphasizing that our method maintained
robust detection performance for objects spanning a wide
range of scales, indicating that the mask information reuse
mechanism effectively enhances the cross-scale representa-
tional capacity of the model, thus alleviating the missed or
false detections of targets with varying sizes.

Semantic Segmentation

For semantic segmentation task, we train DeepLabV3+
(Chen et al. 2018) (CNN-based) and Segformer (Xie et al.
2021) (Transformer-based) on ADE20K dataset(Zhou et al.
2019) to evaluate the performance improvements offered
by our MaskAnyNet in high-granularity segmentation tasks.
Both lightweight and deeper backbones were tested, and
using mloU as the primary evaluation metric, the results
are shown in the Table 7. It can be observed that, re-
gardless of the baseline method, all the models incorporat-
ing our approach achieve better performance. DeepLabV3+
improves its mloU by 1.83% when using a lightweight
backbone, while still achieving a gain of 1. 22% with the
deeper ResNet-101 backbone. This phenomenon suggests
that lightweight networks possess greater room for improve-
men, an observation also supported by Segformer results,
which achieves a 0.71% increase in mloU on the deeper B4
backbone and a 1.28% increase on the lighter BO backbone.
Through both detection and segmentation experiments, it be-
comes clear that the proposed method demonstrates strong
generalizability across diverse encoder architectures. In par-
ticular, it shows notable advantages on lightweight back-
bones, underscoring its effectiveness in balancing compu-
tational efficiency and accuracy.

Further Analysis
Image Similarity and Information Entropy

Although the performance improvement achieved by our
method has been quantitatively demonstrated, it remains un-
clear why different masking strategies lead to varying per-
formance gains, particularly in terms of semantic differences
in the information retained or reintroduced by each strategy.
To investigate this, we analyze it from two perspectives: in-
formation diversity and information reliability. Information
diversity is quantified using shannon entropy, which reflects

4740

Model Encoder mloU
MobileNetV2  34.00
DeepLabV3+ ResNet-101 44.10
MobileNetV2  (+1.83)35.83
MaskDeepLabV3+ "p. Nt 101 (+1.22)45.32
Seoforme MiT-BO 37.40
glormer MiT-B4 51.10
MiT-BO  (+1.28)38.68
MaskSegformer MiT-B4  (+0.71)51.81

Table 7: Segmentation performance comparison of
MaskAnyNet on ADE20K dataset using DeepLabV3+ and
SegFormer as baselines.

the amount of uncertainty or richness in the image con-
tent(Hjelm et al. 2018). In addition, the reliability of the in-
formation is assessed by deep feature similarity, indicating
how semantically aligned the reused image is with the orig-
inal image(Zhang et al. 2018). This analysis reveals how the
reuse branch contributes to effective feature learning under
different masking strategies. Eq.3 defines the shannon en-
tropy of the image I. For RGB inputs, we compute it on the
grayscale intensity histogram over [0, 255].

255

H(I) == p(i)log, p(i) 3)
1=0

where p(i) denotes the normalized frequency of the pixel
value 7 in the image. A higher entropy value indicates greater
information diversity. The difference in entropy between
the masked image and the reused image (A H) reflects the
amount of new information introduced by the reuse branch.
Table 8 shows the differences in the information entropy be-
tween different masked images and reused images.

As shown in Table 8, the Patch and Grid methods lead to
larger entropy gains, suggesting that they introduce more di-
verse content into the learning process. In contrast, the Ran-
dom method results in a smaller entropy difference, indi-
cating limited additional information, which may explain its
relatively lower effectiveness.



Method H,, H., AH
Patch 6.224 7.147 0.923
Grid 6.307 7.243 0.936
Random 6.297 6911 0.614

Table 8: Comparison of Information Entropy of Different
Masking Methods

Method Model Sds F

Patch 0.537 0.943
Grid ResNet-101 0.706 0.875
Random 0.426 0.771

Table 9: Deep feature cosine similarity and final F scores
obtained using Different Masking methods

However, entropy alone does not capture the semantic
quality of the reused information. For example, a large dif-
ference in information entropy may still be observed even
if the reused image undergoes a significant domain shift, but
the information may lack reliability. To complement this, we
evaluate the deep feature similarity. Specifically, we use a
pre-trained ResNet-101 model to extract high-level features
from both the original and reused images, and compute the
cosine similarity. This result is transformed into a similarity
score using Eq.4, with the corresponding results summarized
in Table 9.

S(I 1) = ¢ Sl =5 @)
where Sy represents the deep feature similarity between the
reused image and the original image based on deep features,
while S, is a hyperparameter that defines the optimal simi-
larity value for deep features, which is set to 0.5 by default.
To quantify this trade-off, we define a evaluation metric that
combines entropy difference and similarity, defined as Eq.5

1
F (I I, L) = & z; w1 S (I, I.) + weAH (In, 1) (5)
where IV represents the number of sample pairs, which is
set to 1000 in this case. I, I7* and I! represent the original
image, the masked image, and the reuse image, respectively.
wy and wy represent different weight values, both set to 0.5
by default. The final results are presented in Table 9.

As shown in Table 9, the Grid method achieves the high-
est similarity due to its fixed sampling pattern, but in-
troduces structural redundancy that reduces feature sensi-
tiViTy. Conversely, the Random method yields low simi-
larity, causing feature conflicts that impede learning. The
Patch method attains moderate similarity through optimal
diversity-reliability trade-offs, achieving superior perfor-
mance (highest F).

Feature Visualization

To intuitively understand the effectiveness of the proposed
method, we visualize the intermediate feature representa-
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Figure 5: Feature visualization comparisons of ResNet-34
and our MaskResNet-34. (A) Original image, (B) Low-
level features from ResNet-34, (C) Low-level features from
MaskResNet-34, (D) High-level features from ResNet-34,
(E) High-level features from MaskResNet-34.

tions of the baseline model (ResNet-34) and our model. As
shown in Figure 5, ResNet-34 tends to lose fine-grained
structural details in the shallow layers (e.g. the chimney
of the ship), causing blurred boundaries and imprecise lo-
calization in deeper layers. In contrast, MaskResNet-34
adopts a dual-branch architecture with an information reuse
mechanism, which strengthens the model’s sensitiViTy to
local structures and enables better preservation of object
boundaries and textures in the early stages. In deeper lay-
ers, MaskAnyNet-34 produces more semantically aligned
and spatially precise activations, indicating improved under-
standing of both object location and shape.

These observations confirm that our method not only en-
ables baseline models to better retain local details but also
promotes a more robust global semantic understanding of
scene context and category relationships, thereby enriching
feature representations throughout the model hierarchy.

Conclusions

In this paper, we propose MaskAnyNet, a general visual ar-
chitecture that addresses the limitations of traditional mask-
ing strategies in supervised learning, which commonly dis-
card masked regions as noise, forfeiting fine-grained details.
The proposed MaskAnyNet introduces a reuse branch to re-
learn masked content and fuse it with the masked features,
enhancing structural detail and feature diversity. This dual-
branch design captures complementary global semantics and
local intricacies, thereby significantly improving the gener-
alization capabilities of the model. Extensive experiments on
multiple benchmarks demonstrate consistent performance
gains over state-of-the-art baselines. Further analysis high-
lights the importance of masking and fusion strategies, pro-
viding insight for future visual representation learning.
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