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Featured Application

This work provides an adaptive self-supervised pre-training method whose learned encoder
can initialize downstream Swin-UNETR segmentation models and support label-efficient 3D
medical image segmentation, disease classification, and cross-modal medical image analysis.

Abstract

Self-supervised learning can reduce the dependence of 3D medical image analysis on expen-
sive voxel-level annotations, but masked image modeling remains inefficient when uniform
random masking is applied to volumetric data with large redundant backgrounds. Random
masks often generate easy reconstruction targets that can be recovered through local inter-
polation, limiting the learning of anatomical semantics. Therefore, an effective masking
strategy should adapt to image-specific structural difficulty rather than sample regions uni-
formly. We propose Active Region Masking (ARM), a self-supervised pre-training method
that treats 3D mask generation as a patch-wise actor—critic decision process. Patch-level
decision units share an actor—critic policy and use reconstruction error with a masking-ratio
constraint as an intrinsic reward to identify regions that are difficult to reconstruct and
potentially informative for anatomical representation learning. The reconstructor is trained
with an asymmetric 3D Swin Transformer encoder—decoder, encouraging global anatomical
reasoning from visible context. For segmentation tasks, the ARM pre-trained encoder is
used to initialize the downstream Swin-UNETR framework; classification is evaluated with
a matched downstream protocol. Across 12 task-level downstream evaluations, including
BTCV, MSD, MM-WHS, AMOS22, FLARE22, CC-CClII, and BraTS21, ARM consistently
improves over the evaluated contrastive and masked-modeling baselines. With 1k scans as
pre-training data, ARM achieves an average Dice score of 89.80% on the BTCV-and-unseen-
dataset benchmark, and scaling to 10k scans increases the average Dice score to 90.66%.
These results indicate that active region masking improves label efficiency, segmentation
robustness, and CT-to-MRI transfer in 3D medical image analysis.

Keywords: self-supervised learning; masked image modeling; medical image analysis;
reinforcement learning; 3D image segmentation

1. Introduction

Deep learning has become central to medical image analysis, including organ segmen-
tation, lesion delineation, and disease classification. However, training reliable 3D models
still depends heavily on dense manual annotations, which are expensive, time-consuming,
and difficult to standardize across institutions and imaging protocols. This annotation
bottleneck is particularly severe for volumetric CT and MRI because expert labels must
be produced at the voxel level. Self-supervised learning (SSL) provides a practical route
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to reduce this dependence by pre-training representation models on large collections of
unlabeled scans before fine-tuning them on downstream tasks [1].

Among SSL paradigms, masked image modeling (MIM) has attracted increasing at-
tention because it trains a network to infer missing image content from visible context [2,3].
In 3D medical imaging, however, directly transferring random masking strategies from
natural-image pre-training is suboptimal. Medical volumes contain large regions of ho-
mogeneous tissue and background, while clinically important structures, such as small
organs, lesions, and anatomical boundaries, occupy only a limited part of the volume. As a
result, uniform random masking can select many low-information patches and produce
reconstruction targets that are solvable through local interpolation. This weakens the
pressure on the encoder to learn long-range anatomical dependencies and structure-aware
semantics. In addition, slice-wise or spatially uncoordinated masks can disrupt volumetric
continuity, which is important for dense 3D prediction.

Existing medical SSL methods address this problem only partially. Contrastive
approaches improve global semantic consistency but may underemphasize voxel-level
details required by segmentation [4,5]. MIM-based methods, including 3D Swin Trans-
former pre-training and masked autoencoder variants, provide stronger dense rep-
resentations but still often rely on random or hand-designed masking policies [6-9].
Deep reinforcement learning (DRL) has shown promise in medical image analysis for
sequential anatomical decision-making tasks, such as landmark detection [10,11], but
most applications rely on supervised rewards and are therefore not directly scalable to
unlabeled pre-training. These limitations suggest the need for a self-supervised mask-
ing strategy that can adapt to image-specific structural difficulty without requiring
manual annotations.

To address these limitations, we propose Active Region Masking (ARM), a self-
supervised pre-training method for 3D medical image analysis. ARM recasts mask
generation as a patch-wise actor—critic masking problem, where parameter-shared patch-
level decision units operate over volumetric patches and learn to select informative
regions for masking. The decision units receive intrinsic rewards from reconstruction
error and a target mask-ratio regularization term, while the reconstructor learns to re-
cover masked content from global anatomical context. This adversarial interaction turns
pre-training from passive random filling into active hard-region mining, encouraging the
encoder to model spatial dependencies that are useful for segmentation, classification,
and cross-modal transfer.

The main contributions of this work are summarized as follows:

e  Weintroduce an RL-driven adaptive masking framework for 3D medical MIM. The
masking policy is learned with shared actor—critic parameters and intrinsic reconstruc-
tion rewards, reducing the inefficiency caused by redundant background regions.

¢  We design a volumetric active masking mechanism that targets hard-to-reconstruct
regions that may contain informative anatomical structures while preserving 3D
contextual continuity, thereby encouraging structure-aware representation learning.

*  We evaluate ARM on 12 task-level downstream evaluations covering multi-organ
segmentation, lesion-related segmentation, disease classification, and CT-to-MRI trans-
fer, using the ARM pre-trained encoder to initialize downstream Swin-UNETR for
segmentation. The results show consistent gains over the evaluated contrastive and
masked-modeling baselines, especially in data-scarce settings.
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2. Related Work

Self-supervised learning (SSL) has become an important strategy for reducing an-
notation dependence in 3D medical image analysis. Existing methods can be broadly
grouped into contrastive and reconstruction-based paradigms, each of which addresses
representation learning from a different perspective. However, contrastive methods may
learn representations that are too coarse for dense prediction, whereas masked image mod-
eling (MIM) methods can be inefficient when masks are generated without considering the
structural distribution of medical volumes. ARM is motivated by these limitations and in-
troduces an intrinsic-reward-based adaptive masking policy to make reconstruction-based
pre-training more structure-aware.

2.1. Self-Supervised Learning for Medical Image Analysis

Self-supervised medical image learning aims to exploit unlabeled data to improve
downstream performance when annotations are scarce. Contrastive learning frameworks,
such as PCRL [5] and global-local contrastive learning [4], encourage invariant or aligned
representations across augmented views. These methods can capture semantic consis-
tency but may overlook fine-grained local structures required for dense segmentation.
Reconstruction-based SSL methods, especially MIM approaches such as SimMIM [3], local
multi-scale reconstruction [7], SwinMM [8], global-local masked autoencoders [9], and
mask-in-mask pre-training [12], train models to recover missing image content from vis-
ible context. Recent volume-level contrastive learning methods, such as VoCo [13], also
show that large-scale 3D pre-training benefits from volumetric structural cues. However,
when random masking is applied to volumes with large low-information regions, the
reconstruction objective can be dominated by easy patches. ARM addresses this issue by
integrating reinforcement learning into the generative objective, enabling image-specific
masking policies that preferentially select hard-to-reconstruct regions that may contain
informative anatomical structures.

2.2. Deep Reinforcement Learning in Medical Imaging

Deep reinforcement learning (DRL) has been explored for sequential decision-making
problems in medical imaging, including anatomical navigation and landmark localiza-
tion [10,11]. These applications usually require task-specific supervised rewards based
on expert annotations, which limits their use in large-scale unlabeled pre-training. ARM
differs from these methods by using reconstruction error as an intrinsic reward. This
design allows the masking policy to be optimized without manual labels and makes DRL
compatible with self-supervised representation learning.

3. Materials and Methods

This section describes the proposed 3D Active Region Masking (ARM) framework.
Figure 1 compares the proposed adaptive masking behavior with uniform random masking,
and Figure 2 illustrates the overall framework. ARM reformulates mask generation as a
collaborative minimax game between a masking policy and a reconstruction network. The
masking policy learns to assign higher masking probabilities to hard-to-reconstruct regions,
while the reconstructor learns to recover the missing content from visible 3D context.
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(a) Original (b) Random Mask (c) P-Guided Mask

Figure 1. Comparison of masking strategies on two representative volumetric medical samples
(rows). Columns: (a) original image; (b) uniform random mask; (c) the ARM policy mask; and (d) the
per-patch difficulty heatmap. At a 0.7 masking ratio, ARM concentrates masking probability on

(d) Heatmap
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high-uncertainty regions across both dense structures and soft tissues, encouraging global anatomical
reasoning rather than local interpolation.

AHM Module
Policy-Net N f
Input 3D Image 1 —> - ’: 1 [08]07 0.
F Loc-Net 1 aw TR 04| O
- D : '
F Glob-Net ] Policy Map q(i)
— | e
Global-Local Dual-Stream Feature
__________ Extractor . ValueNet
a0 $ Update v(i)
__________________________________________________________ A(i)

e mmmmmmmmmmmmmmaoaoon . ‘; Value Map v(i)

Masked 3D Image

Reward r(i)

Reconstruction Module

Figure 2. Overview of the proposed ARM framework. The system contains two modules: (1) Adap-
tive Hard Masking (AHM), the ARM masking submodule that uses a shared actor—critic policy
to predict masking maps and (2) a reconstruction module based on a 3D Swin Transformer. Solid
arrows indicate the forward data and feature flow, dashed arrows indicate reward or optimization
feedback, and different arrow colors distinguish the masking-policy branch from the reconstruction
branch. The adversarial training strategy increases reconstruction difficulty by selecting hard-to-
reconstruct patches.

3.1. Problem Formulation: Adversarial Masking Game

We model self-supervised pre-training as a minimax game between a masking policy
7 and a reconstructor Gy. Given a 3D volume X € RP*H*W partitioned into N patches
B = {b;}}¥,, the policy generates a binary mask m € {0,1} to produce the masked view
X = X ® (1 — m). The objective is

. - 1
n'gnméax Ennry | Lrec(Gp(X), X) — Areg N Emi —oll, (1)

where Ly is the reconstruction loss, p is the target masking ratio, and the regularization
term constrains the generated mask density. This formulation encourages Gy to learn
robust representations under challenging but ratio-controlled masking patterns.
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3.2. Adaptive Hard Masking Module

The Adaptive Hard Masking (AHM) module formulates mask generation as a patch-
wise reinforcement learning problem. Each patch b; is treated as a decision unit that
observes a local state vector s;, takes a binary action m; € {0,1} indicating whether the
patch is masked, and receives the intrinsic reward defined in Equation (5). All decision units
share the same actor—critic parameters to maintain translation invariance and parameter
efficiency. They do not exchange explicit messages; instead, coordination is induced by
the shared global-local state representation and by the volume-level mask-ratio term in
the reward. Thus, ARM is best interpreted as a parameter-shared patch-wise actor—critic
formulation rather than a setting with independently parameterized communicating agents.

3.2.1. Global-Local Dual-Stream Feature Extractor

To capture both fine-grained texture and global anatomical context, we design a dual-
stream encoder that maps the input volume X to a state representation S. The local stream
Foc uses a truncated 3D ResNet-18 to extract fine-grained local features at 8 x downsam-
pling. The global stream Fy ), uses cascaded pooling and large-kernel convolutions to
model long-range dependencies. The two streams are fused with 3D sinusoidal positional
encoding Ppos through a 1 x 1 x 1 projection:

S = U(Conlelxl ([Floc(X)}Fglob(X)]) + Ppos)- 2)

The resulting state s; integrates local details and global structural priors, improving
policy stability under partial observations.

3.2.2. Policy and Value Networks

Based on s;, a parameter-shared actor—critic module with two parallel multilayer
perceptrons jointly generates the masking policy and estimates state values. The actor 7y
outputs a confidence score g;, representing the probability that the i-th patch is selected
for masking;:

2 1
gi = mg(m; =1 s;) = a(wﬁt) -ReLU(W,(r )si)). 3)

The critic Vy predicts the expected reconstruction difficulty, denoted as the state value v;:
2 1
v; = Vy(si) = WS -ReLU(W§ )si). @)

Here, W, denotes learnable parameters. To reduce policy-gradient variance, we
compute the advantage function using v; as a baseline: A;(s;, m;) = r; — v;. The binary
mask is sampled as m; ~ Bernoulli(g;) and supplemented by an e-greedy strategy to
balance exploration and exploitation.

3.3. Asymmetric Masked Reconstruction

To reduce the computational burden of 3D voxel processing and avoid shortcut learn-
ing, we adopt an asymmetric masked-autoencoder-style encoder—decoder architecture. The
3D Swin Transformer encoder [6] operates only on the visible patch set Byis = {b; | m; = 0},
reducing the attention complexity from O(N?) to O((N(1 — p))?) under a target masking
ratio p. The encoded features are concatenated with learnable mask tokens to restore the
original sequence length and are passed to a lightweight three-layer Transformer decoder.
This heavy-encoder and light-decoder design imposes an information bottleneck, encourag-
ing the encoder to learn global anatomical structure rather than relying on decoder-based
texture interpolation.
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3.4. Optimization Objectives

ARM stabilizes the adversarial interaction between the masking policy and reconstruc-
tion network through alternating optimization with intrinsic rewards.

3.4.1. Intrinsic Reward Design

To guide the policy toward hard-to-reconstruct patches, the intrinsic reward r; is
defined using reconstruction error and a mask-ratio constraint:

~

n=‘h—h

/\reg

zm | 6

The first term assigns higher rewards to patches that are difficult to reconstruct, while
the second term encourages the overall mask density to remain close to the target ratio.

3.4.2. Iterative Minimax Optimization

To avoid instability during joint optimization, we use a two-stage alternating update.
In the reconstruction phase, ¢ is fixed and the reconstructor Gy is updated by minimizing
the masked reconstruction error:

Z

¢ — ¢ —1pVeEm~r, Z Hb — (Gy(X ) Hz (6)

In the policy phase, ¢ is fixed and the masking policy is updated through A3C [14] to
maximize J(6):

N
Vo (6 Z (Velog mmg(m; | s;) - Ai + BVeH(me(- | 5)))- @)

This procedure forms a closed-loop curriculum: as the reconstructor improves, the
masking policy searches for increasingly difficult patches, and stronger policies push the
reconstructor toward more robust representation learning.

3.5. Loss Function Configuration

For the reconstruction network, we use masked mean squared error [15] so that
learning focuses on masked regions:

1 N o 2
Liog = ——— b — (G (X))
rec Zfil mi+5;mz H i ( ¢( ))1| 2

(®)

where ¢ is a small constant for numerical stability. For the policy update, the objective
combines policy gradient, value regression, and entropy regularization:

Linask = 'Cpolicy + AvalLvalue + )\entcentropy- ©)

Here, Lpolicy
minimizes critic regression error, and Lentropy €ncourages diversity to avoid premature pol-

uses the advantage A; = r; — v; to maximize expected rewards, L e

icy collapse. We fix Ay, = 0.5 and Aent = 0.01 for all experiments. The value-loss coefficient
follows the common actor—critic practice of keeping the critic sufficiently weighted to stabi-
lize advantage estimates, whereas the entropy coefficient is kept small so that exploration
improves mask diversity without dominating the reconstruction-error reward.
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4. Experiments and Results

This section describes the datasets, implementation settings, baseline methods, down-
stream results, and ablation studies used to evaluate ARM.

4.1. Datasets and Evaluation Metrics

Pre-training uses two cohorts. ARM-1k consists of BTCV and TCIA COVID-19 scans,
while ARM-10k aggregates 10,502 CT scans from eight datasets following the large-scale pre-
training setting in prior work [13]. Downstream validation covers 12 task-level evaluations:
BTCV, MM-WHS, AMOS22, FLARE?2?2, six task-specific subsets of MSD (Spleen, Liver,
Lung, Pancreas, Hepatic Vessels, and Colon), CC-CCII classification, and cross-modal
CT-to-MRI transfer on BraTS 21. We follow official splits when available, and the non-BTCV
datasets are not used during pre-training, providing an out-of-distribution evaluation of the
pre-trained representations. Dice similarity coefficient (DSC) and normalized surface Dice
(NSD) are reported for segmentation, while accuracy (ACC) and area under the receiver
operating characteristic curve (AUC) are reported for classification [12].

4.2. Implementation Details

For pre-training, input volumes are reoriented to a canonical RAS orientation, clipped
to [—1000, 1000] HU, normalized to [0, 1], and resampled to 128 x 128 x 128. The archi-
tecture consists of a 3D Swin Transformer encoder and a 3D ResNet policy encoder with
dimension 64, followed by two-layer MLP actor—critic heads with dimension 32. We use
alternating optimization: AdamW with a learning rate of 1 x 10~ for reconstruction and
Adam with a learning rate of 5 x 10~* for the masking policy. Training lasts 1600 epochs
on eight NVIDIA A100 GPUs with cosine annealing, a target masking ratio of 0.7, and
€ = 0.3. For downstream segmentation tasks, the ARM pre-trained Swin Transformer
encoder initializes Swin-UNETR,; for classification, the pre-trained encoder is evaluated by
linear probing under the matched downstream protocol. Inference uses an overlapping
sliding-window strategy without post-processing.

4.3. Baseline Comparisons

We compare ARM with two categories of representative SSL baselines. The first category
includes general SSL methods, including SImCLR [16], MoCo v3 [17], localMIM [7], and
MCMAE [18]. The second category includes methods that are widely used in 3D medical
self-supervised learning, including SimMIM [3], MAE3D [19], GL-MAE [9], SwinMM [8],
GVSL [20], and Swin-UNETR pre-training [6]. We also cite Swin-Unet as a representative
transformer-based medical segmentation architecture [21]. Recent large-scale 3D SSL methods,
including VoCo [13] and MiM [12], are also discussed as current reference points for volumetric
pre-training. For re-implemented baselines, we use the same input resolution, backbone
family, pre-training data, fine-tuning split, optimizer schedule, and training budget as ARM
whenever the method design permits. Hyperparameters are taken from the original papers
when available and otherwise tuned under the same validation protocol used for ARM. A
compact comparison of these representative methods is provided in Table 1.

Table 1. Comparison with recent 3D self-supervised pre-training methods on representative down-
stream tasks. Bold rows denote the proposed ARM variants.

Method Year PT BTCV Dice MM-WHS Dice BraTS21 Avg. CC-CCII ACC
VoCo * [13] 2024 1.6k 83.85 90.54 78.53 90.83
MiM * [12] 2025 1k 84.66 91.04 79.28 93.63
ARM (Ours) 2026 1k 83.68 90.68 79.62 92.01
ARM (Ours) 2026 10k 84.65 91.15 80.25 92.55

* Officially reported results from the corresponding methods. PT: pre-training dataset size.
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4.4. Results on Downstream Tuasks
4.4.1. BTCV and Unseen-Dataset Benchmark

Table 2 compares methods across five segmentation tasks. ARM improves the average
Dice score by replacing random masking with adaptive hard-region mining. With 1k scans
as pre-training data, ARM reaches an average Dice score of 89.80%, outperforming SimCLR
by 5.47 percentage points and improving over strong MIM baselines such as MAE3D and
GL-MAE. Scaling to 10k scans as pre-training scans increases the average Dice score to
90.66%. The qualitative examples in Figure 3 show clearer boundaries and more complete
anatomical structures.

SimCLR SimMiM MCMAE MAE3D Swin-UNETR GroundTruth

Figure 3. Qualitative comparison of segmentation results. For readability, representative baselines

are shown from the full quantitative comparison. The top row shows small organs, the middle row
shows large organs, and the bottom row highlights organ boundaries.

Table 2. Comparison with representative methods on BTCV and unseen datasets (Dice score, %).
Bold rows denote the proposed ARM variants.

Method PT BTCV MM-WHS MSD Sple. AMOS22 FLARE22 Avg.
SimCLR 1k 79.85 86.00 94.11 84.66 77.03 84.33
SimMIM 1k 81.41 90.22 94.94 89.74 86.05 88.47
MCMAE * 1k 82.18 90.32 96.08 86.60 84.35 87.91
SwinMM 1 1k 81.86 90.44 95.52 88.80 87.66 88.86
GL-MAE 1k 82.33 88.88 95.72 87.40 87.26 88.32
MAE3D 1k 82.48 90.03 95.50 89.71 87.31 89.01
Swin-UNETR ' 1k 82.62 90.35 95.05 89.80 87.20 89.00
ARM (Ours) 1k 83.68 90.68 96.45 90.22 87.98 89.80
Swin-UNETR ' 10k  83.25 90.50 96.22 89.92 88.08 89.59
MAE3D * 10k  83.55 90.72 96.95 88.52 88.52 89.65
ARM (Ours) 10k  84.65 91.15 97.05 91.25 89.20 90.66

+ Experiments re-implemented by us. PT: pre-training dataset size.

4.4.2. MSD Multi-Organ Segmentation

Table 3 evaluates five MSD tasks under the unified 1k pre-training protocol. ARM
achieves an average DSC of 69.3% and an average NSD of 77.9%, outperforming the Swin-
UNETR baseline by 2.1 percentage points in both metrics. The gains are prominent for
challenging structures with ambiguous boundaries, such as pancreas and colon. Scaling
ARM to 10k pre-training data further improves the average DSC to 70.1% and the average
NSD to 78.7%.
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Table 3. Performance on MSD multi-organ segmentation. D: DSC (%); N: NSD (%). Bold rows denote
the proposed ARM variants.

Liver Lung Panc. Hepatic Colon Avg.
Method PT
D N D N D N D N D N D N

MoCo v3 1k 941 932 521 481 741 781 581 781 439 551 649 725
SimMIM 1k 945 924 569 524 749 797 604 789 424 543 662 736
MCMAE 1k 954 943 570 571 757 781 604 789 456 551 672 749
GL-MAE 1k 946 934 532 495 729 879 602 786 455 594 655 742
MAE3D 1k 955 966 583 523 773 919 604 788 454 560 667 753
GVSL 1k 956 957 594 545 778 926 577 779 505 614 682 767

Swin-UNETR 1k 955 966 602 572 769 908 604 79.0 432 554 672 758
ARM (Ours) 1k 958 968 608 579 782 928 608 795 509 625 693 779
ARM (Ours) 10k 961 972 615 588 788 931 613 80.0 526 642 701 787

4.4.3. CC-CCII Disease Classification

To test cross-paradigm transfer from segmentation-oriented pre-training to classifica-
tion, we evaluate ARM on CC-CCII. As shown in Table 4, ARM with 1k pre-training scans
achieves 92.01% ACC and 99.15% AUC, outperforming both contrastive and generative
baselines. With 10k pre-training scans, ARM reaches 92.55% ACC and 99.45% AUC, in-
dicating that the learned features preserve not only local anatomical structures but also
disease-relevant global semantics.

Table 4. Experiment results on the CC-CCII dataset. Bold rows denote the proposed ARM variants.

Method Pre-Training Dataset ACC (%) AUC
SimCLR 1k 87.12 96.21
MoCo v3 1k 87.01 95.49
SimMIM 1k 89.62 98.16
MCMAE 1k 90.26 97.12
GL-MAE 1k 88.00 96.97
MAE3D 1k 91.30 98.13
SwinMM 1k 89.99 98.77
Swin-UNETR 1k 91.81 98.97
ARM (Ours) 1k 92.01 99.15
ARM (Ours) 10k 92.55 99.45

4.4.4. BraTS 21 CT-to-MRI Transfer

To validate cross-modal robustness, we transfer CT-pre-trained features to MRI brain
tumor segmentation on BraT$S 21. In this experiment, the CT-pre-trained Swin Transformer
encoder initializes the downstream Swin-UNETR segmentation model, and all segmentation
parameters are then fine-tuned on BraTS 21. No BraTS 21 images are used during CT pre-
training. Despite different imaging physics, ARM achieves an average Dice score of 79.62%
with 1k pre-training and 80.25% with 10k pre-training, as shown in Table 5. These results
indicate that active region masking can learn 3D geometric features that transfer across
imaging modalities.

Table 5. Experiment results on the BraTS 21 dataset (Dice score, %). Bold rows denote the proposed
ARM variants.

Method Pre-Training Dataset TC WT ET Avg.
MoCo v3 1k 82.60 88.89 57.69 76.39
localMIM * 1k 82.74 88.58 59.04 76.79
SimMIM * 1k 83.66 90.73 58.87 77.75
MCMAE * 1k 84.15 90.65 59.18 77.99
MAE3D* 1k 82.84 90.05 59.38 7742
Swin-UNETR 1k 82.51 89.08 58.15 76.58
SwinMM 1k 83.48 90.47 58.72 77.56
ARM (Ours) 1k 85.35 92.15 61.35 79.62
ARM (Ours) 10k 86.25 92.65 61.85 80.25

* Experiments re-implemented by us.
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4.5. Ablation Studies
4.5.1. Impact of Labeled Data Ratios

Figure 4 compares ARM with MAE3D and Swin-UNETR on BTCV and MM-WHS us-
ing labeled-data ratios from 25% to 100%. ARM consistently outperforms the baselines at all
label ratios, with the largest gain in the low-label regime. On BTCV with 25% labeled data,
ARM improves over the baselines by approximately 4.75 percentage points, demonstrating
improved label efficiency.

Data Efficiency Analysis (10k Pre-training)

BTCV Dataset MM-WHS Dataset

91 —e— ARM (Ours)
-® MAE3D}
Swin-UNETR}

Gap: +4.75%

—eo— ARM (Ours)
/ -® MAE3D}
o Swin-UNETR} 86

100 25 50 75

50 75 5 100
Labeled Data Ratio (%) Labeled Data Ratio (%)

Figure 4. Performance comparison under different labeled-data ratios. ARM shows clear gains,
especially in low-data regimes. The dagger symbol denotes experiments re-implemented by us.

4.5.2. Non-RL Top-K Hard Masking

To examine whether the actor—critic component is necessary, we additionally compare
ARM with a non-RL hard-masking baseline, denoted as Top-K Error Mask. This baseline
first estimates patch-wise reconstruction errors and then masks the top pN patches with
the largest errors, where p = 0.7 is the same target masking ratio used by ARM. Unlike
ARM, Top-K Error Mask does not use actor—critic policy learning, value estimation, entropy
regularization, or alternating policy optimization. Therefore, it serves as a direct control for
separating the effect of hard-region mining from the effect of the learned masking policy.

Table 6 shows that Top-K Error Mask improves over Random MIM, suggesting that
hard-to-reconstruct regions provide more informative pre-training signals than uniformly
sampled patches. However, ARM further improves over Top-K Error Mask on both BTCV
and MM-WHS. This indicates that the actor—critic policy does not merely select high-
error patches, but learns a more stable and adaptive masking distribution that balances
hard-region mining with contextual preservation.

Table 6. Ablation study of non-RL Top-K hard masking. All methods use the same backbone, masking
ratio, pre-training data, fine-tuning protocol, and training budget. The bold row denotes the proposed
ARM method.

BTCV MM-WHS o .
Method Dice (%) Dice (%) 2-Task Avg. (%) Mask Ratio
Random MIM 81.98 89.33 85.66 0.7
Top-K Error Mask 82.60 89.80 86.20 0.7
ARM (Ours) 83.68 90.68 87.18 0.7

4.5.3. Impact of Masking Strategy and Randomness

Table 7 evaluates the exploration index €. Deterministic masking (¢ = 0) degrades per-
formance, suggesting that overly hard masking can remove excessive informative context
and create an unstable or nearly impossible reconstruction task. Fully random masking
(e = 1) also performs poorly because it returns to easy, non-adaptive reconstruction. The
setting € = 0.3 provides the best average trade-off across BICV and MM-WHS, while

https:/ /doi.org/10.3390/app16136480


https://doi.org/10.3390/app16136480

Appl. Sci. 2026, 16, 6480

11 0f 13

€ = 0.4 produces the highest MM-WHS score alone. This supports the need to balance hard
example mining with contextual preservation.

Table 7. Effect of the exploration index e on downstream segmentation performance. Bold values
indicate the best result in each metric column.

Exploration e Difficulty BTCV MM-WHS
0 (Deterministic) Hard 81.84 88.21
10% 82.71 89.90
20% 83.25 90.41
30% Balanced 83.68 90.68
40% 83.06 91.01
50% 82.41 90.24
100% (Random) Easy 81.98 89.33

5. Discussion

The experimental results support the hypothesis that adaptive hard-region masking
can be more effective than uniform random masking for 3D medical MIM in the evaluated
settings. The strongest improvements are observed in label-scarce settings and in anatomi-
cally challenging tasks involving small structures or ambiguous boundaries. This suggests
that ARM shifts the reconstruction objective away from background interpolation and
toward learning structure-aware contextual representations. The CC-CCII and BraTS 21
experiments further indicate that the learned features are not limited to segmentation, but
can also transfer to disease classification and CT-to-MRI segmentation.

The Top-K Error Mask ablation further separates the effect of hard-region mining
from the effect of policy learning. Although Top-K Error Mask improves over Random
MIM, ARM remains better on both BICV and MM-WHS, indicating that the learned
masking policy provides additional benefit beyond simply selecting patches with the
largest instantaneous reconstruction errors. This supports the use of actor—critic policy
learning to balance reconstruction difficulty, mask diversity, and contextual preservation.

The pattern of improvements is internally consistent across the 12 task-level evalua-
tions. The largest absolute gains appear precisely where uniform random masking is most
under-supplied with informative content: small or boundary-ambiguous structures (e.g.,
approximately +7.7 DSC points on MSD Colon and +1.3 DSC points on MSD Pancreas
over Swin-UNETR), out-of-distribution segmentation benchmarks such as AMOS22 and
FLARE22, and the 25% labeled-data regime where ARM exceeds the baselines by approxi-
mately 4.75 DSC points on BTCV. Conversely, on benchmarks where informative content is
comparatively dense—such as MSD Liver, where Dice scores already exceed 95% across
all baselines—the margin shrinks to less than one percentage point. This is the expected
behavior of an adaptive masking method: ARM cannot create supervision that is not latent
in the data; rather, it routes the existing pre-training signal toward patches where it is
most useful.

ARM also has limitations. The alternating minimax optimization adds overhead
relative to vanilla MIM at pre-training time, although this cost is paid only once and
downstream fine-tuning loads only the Swin Transformer encoder, incurring no additional
inference cost. In addition, reconstruction error is an imperfect proxy for anatomical in-
formativeness: high-error patches may correspond not only to meaningful anatomical
boundaries or small structures but also to image noise, artifacts, or sharp intensity tran-
sitions. The current policy operates at the patch level and does not incorporate explicit
anatomical priors such as organ-level connectivity or symmetry, which may limit gains
for tasks where global anatomical structure is itself diagnostic. Finally, the ablation on €
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shows that the masking policy must preserve sufficient contextual information; purely
deterministic hard masking is counterproductive because it can make the reconstruction
task unstable or overly difficult. Future work will focus on amortizing the policy update
into a single-pass masking head, integrating anatomical priors into the state representa-
tion, adding systematic anatomical-overlap analysis of selected masks, and scaling the
framework to large 3D medical foundation models.

6. Conclusions

We presented ARM, a self-supervised pre-training method for 3D medical image
analysis that formulates mask generation as a patch-wise actor—critic masking problem.
By actively masking hard-to-reconstruct regions that may contain informative anatomi-
cal structures, ARM encourages the reconstruction network to learn global context and
structure-aware representations instead of relying on local interpolation. Evaluations across
12 task-level benchmarks show consistent improvements over the evaluated SSL baselines,
strong label efficiency in data-scarce regimes, and robust CT-to-MRI transfer. These find-
ings demonstrate the potential of active masking as a general pre-training strategy for
volumetric medical image analysis. Future work will investigate lower-cost policy opti-
mization, explicit anatomical priors, and broader validation on large-scale multimodal
medical foundation models.
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The following abbreviations are used in this manuscript:

ARM  Active Region Masking

SSL Self-Supervised Learning

MIM  Masked Image Modeling

A3C  Asynchronous Advantage Actor—Critic

AHM  Adaptive Hard Masking

DSC  Dice Similarity Coefficient

NSD  Normalized Surface Dice

ACC  Accuracy

AUC  Area Under the Receiver Operating Characteristic Curve
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