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Abstract

Pseudo-labeling and consistency-based co-training are established paradigms in semi-supervised learning. Pseudo-labeling
focuses on selecting reliable pseudo-labels, while co-training emphasizes sub-network diversity for complementary infor-
mation extraction. However, both paradigms struggle with the inevitable erroneous predictions from unlabeled data, which
poses a risk to task-specific decoders and ultimately impact model performance. To address this challenge, we propose a
PredICt-and-masK (PICK) model for semi-supervised medical image segmentation. PICK operates by masking and pre-
dicting pseudo-label-guided attentive regions to exploit unlabeled data. It features a shared encoder and three task-specific
decoders. Specifically, PICK employs a primary decoder supervised solely by labeled data to generate pseudo-labels, identi-
fying potential targets in unlabeled data. The model then masks these regions and reconstructs them using a masked image
modeling (MIM) decoder, optimizing through a reconstruction task. To reconcile segmentation and reconstruction, an auxil-
iary decoder is further developed to learn from the reconstructed images, whose predictions are constrained by the primary
decoder. We evaluate PICK on five medical benchmarks, including single organ/tumor segmentation, multi-organ segmenta-
tion, and domain-generalized tasks. Our results indicate that PICK outperforms state-of-the-art methods. The code is available
at https://github.com/maxwell0027/PICK.
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1 Introduction
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Accurate segmentation of medical images is crucial in clini-

cal practice, as the segmented regions provide vital insights
into organ/tumor characteristics such as volume, location,
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and shape (Antonelli et al., 2022). Recent studies (Kirillov
et al., 2023; Li et al., 2022; Wang & Li, 2023) highlight
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2019; Xieetal., 2022). However, achieving promising results
with these models requires a large amount of paired image-
label data. Unfortunately, in medical image segmentation,
obtaining annotations for volumetric data is challenging due
to the specialized expertise required from clinical physicians
Xie et al. (2023). In scenarios with predominantly unlabeled
data, semi-supervised learning (SSL) has emerged as a pop-
ular paradigm for medical image segmentation (Bai et al.,
2023; Zeng et al., 2023; Chen et al., 2023), leveraging both
limited labeled and abundant unlabeled data efficiently.
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Fig.1 Comparison of our proposed PICK with existing popular semi-
supervised schemes. a Pseudo-labeling emphasizes the generation
of reliable pseudo-labels, which typically involves developing suit-
able selection criteria and collaborating with a teacher model that is
updated using an exponential moving average (EMA) of the student’s
parameters. b Co-training aims to achieve consistency while address-
ing discrepancies. These methods generally employ diverse backbone
architectures with different parameter initializations and utilize spe-
cialized schemes to ensure that the models focus on complementary
regions. Both a and b introduce unavoidable incorrect predictions that
can adversely affect the decision-making processes of task-specific
decoders. In contrast, ¢ our PICK introduces a novel predict-and-mask
strategy for learning from unlabeled data. This approach distinguishes
itself from existing methods by employing a pseudo-label-guided recon-
struction task to extract information from unlabeled data, enabling the
transfer of unlabeled target information into the encoder while preserv-
ing the integrity of the primary decoder. d The performance comparison
illustrates that our PICK significantly outperforms existing methods

Current SSL approaches primarily fall into two cate-
gories: pseudo-labeling (Ma et al., 2023; Zeng et al., 2023)
and consistency-based co-training. Pseudo-labeling meth-
ods aim to select high-quality pseudo-labels by establishing
reliable criteria for label selection (see Fig. la), such as
using adaptive thresholds (Ma et al., 2023) or prior loss
distributions (Zeng et al., 2023). Another approach involves
ensembling multiple teachers to supervise a student’s learn-
ing progress, akin to a mean-teacher strategy (Bai et al.,
2023). However, these strategies often encounter issues of
over-confidence or confirmation bias, where incorrect predic-
tions with high classification scores can mislead the learning
process (Guo et al., 2017; Jin et al., 2022). On the other
hand, consistency-based co-training emphasizes increasing
disagreement between sub-networks, typically achieved by
leveraging sub-networks with different architectures or ini-
tialization weights in a cross-pseudo supervision scheme
(see Fig. 1b). Despite its potential benefits, this approach
faces a consensus problem where sub-networks tend to
converge quickly in the early training stages, potentially
leading to the degradation of co-training into a vanilla self-
training method (Shen et al., 2023). To address this challenge,
researchers have explored alternative teacher designs (Na
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et al., 2023) and uncertainty estimation schemes (Peiris et
al., 2023) to regulate sub-network focus on diverse regions,
thereby promoting consistency in learning while manag-
ing discrepancies (Zeng et al., 2023). However, balancing
stability and discrepancy remains a persistent challenge in
co-training due to inherent conflicts between these two objec-
tives. Furthermore, effective implementation of cross-pseudo
supervision in co-training necessitates reliable and comple-
mentary pseudo-labels, a combination that remains difficult
to achieve simultaneously.

Faced with the aforementioned dilemma, we intuitively
consider: given that erroneous boundaries in pseudo-labels
are inevitable, yet the target regions they indicate are gen-
erally correct, is there a method to transfer this target
region information from pseudo-labels to the encoder during
training, rather than allowing pseudo-labels to directly influ-
ence the decoder? Achieving this could mitigate the direct
risk of erroneous predictions by the decoder and alleviate
the demanding requirements of co-training. In segmentation
tasks, the encoder is responsible for extracting high-level
features from input images, capturing essential spatial and
semantic information. The decoder then utilizes these fea-
tures to produce a pixel-wise segmentation map, translating
abstract representations back into the image space. This clear
division of labor ensures that the decoder remains focused
on the task, as it is directly guided by the supervision sig-
nals derived from the final objective. Therefore, decoupling
the optimization of the encoder and decoder can help mit-
igate the adverse effects of incorrect pseudo-labels in a
semi-supervised setting. This separation allows the encoder
to focus on learning robust feature representations while
preventing the decoder from being swayed by inaccurate
pseudo-labels. Recently, masked image modeling (MIM)
has demonstrated robust representation learning capabilities
through self-supervised prediction of masked signals, with
informed masking proving particularly advantageous (Kako-
georgiou et al., 2022; Wang et al., 2023; Li et al., 2021).
Considering the inherent ability of pseudo-labels to iden-
tify significant regions worth learning, we ponder whether it
is feasible to learn unlabeled data in a pseudo-label-guided
MIM fashion.

In this paper, we propose a novel SSL method called
PredICt-and-MasK (PICK) for semi-supervised medical
image segmentation. PICK distinguishes itself from exist-
ing SSL methods in three aspects (see Fig. 1¢). First, PICK
does not rely on the quality of pseudo-labels or prioritize
consistent learning. Instead, it utilizes a primary decoder
regulated solely by ground truth to mitigate the impact
of incorrect pseudo-labels. This primary decoder identifies
target regions to be masked within unlabeled data. Sec-
ond, PICK seamlessly integrates MIM into SSL through a
pseudo-labeled region reconstruction task. This empowers
the encoder to deliberately enhance its ability to discern
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targets, thereby leveraging an improved understanding of
foreground semantics. Third, acknowledging the conflicting
objectives between reconstruction and segmentation tasks,
PICK introduces an auxiliary decoder that learns from recon-
structed images to make semantic predictions. This approach
not only enhances the quality of reconstructed images but
also reinforces the principle that ‘reconstruction serves seg-
mentation” within the model. Under this predict-and-mask
strategy, PICK achieves superior performance compared to
leading SSL methods across various 2D and 3D medical
image segmentation tasks, including the segmentation of
lung tumors, pancreas, left atrium, and multiple abdominal
organs and domain-generalized tasks. For instance, in lung
tumor segmentation, PICK surpasses the best competitor,
CauSSL (Miao et al., 2023), by 2.46% on the Dice Coef-
ficient when utilizing 20% labeled data (see Fig. 1d). This
demonstrates the efficacy of PICK in leveraging unlabeled
data effectively while achieving state-of-the-art segmenta-
tion accuracy.
The main contributions of this work are three-fold.

e PICK introduces a novel approach of pseudo-label-
guided region masking and reconstruction for mining
unlabeled data, distinguishing it from current SSL meth-
ods focused on pseudo-labeling or consistency-based
co-training.

e Addressing the challenge of conflicting optimization
between segmentation and reconstruction, PICK advo-
cates learning from reconstructed images. This enables
MIM to seamlessly contribute to SSL while enhancing
data diversity through the use of reconstructed images for
segmentation.

e Extensive experiments across five public datasets cover-
ing diverse segmentation tasks validate PICK’s superior-
ity, demonstrating significant improvements over leading
SSL methods.

2 Related Work
2.1 SSL Methods

SSL (Chen et al., 2022) involves leveraging both labeled
and unlabeled data simultaneously, with the latter typi-
cally being more abundant. The core objective of SSL is
to effectively transfer learned representations from labeled
to unlabeled data. Key strategies employed include pseudo-
labeling, consistency-based co-training, uncertainty-based
adversarial learning and their hybrids.

Pseudo-labeling aims to identify reliable pseudo-labels
for subsequent training iterations. For instance, collabora-
tivemean-teachers have been utilized to improve pseudo-

label equality (Tarvainen & Valpola, 2017; Shen et al.,
2023). Studies have also explored the trade-off between
pseudo-label quality and thresholding based on probability
distributions. In our previous work, we introduced a scheme
for selecting clean samples based on loss distribution (Zeng et
al., 2023). Unlike methods that attempt to filter out unreliable
predictions entirely, our approach retains a primary decoder
trained solely on labeled data. To harness the potential of
unlabeled data, we propose an attentive region masking and
reconstruction strategy to enhance the encoder’s ability to
perceive target features.

Consistency-based co-training seeks to achieve invariant
representations by leveraging diverse sub-networks to learn
from different perspectives in a co-training framework. For
example, differential decoders have been developed to gen-
erate consistent predictions (Wu et al., 2022; Zeng et al.,
2023; Miao et al., 2023), and discriminative information has
been learned through robust constraints under adversarial
perturbations (Miyato et al., 2018; Wu et al., 2022; Li et al.,
2020). While effective, these methods often require complex
designs to maintain inconsistency, thus avoiding the degrada-
tion of co-training into vanilla self-training. In contrast, our
approach diverges from imposing strict constraints on models
to produce complementary predictions. Instead, we propose
a novel method where three task-specific but interdependent
decoders learn from unlabeled data through a reconstruction
proxy task guided by pseudo-labels.

Uncertainty-based adversarial learning aims to improve
prediction quality on unlabeled data by identifying reliable
target regions during each training step. These methods typ-
ically involve generating perturbations (Yang et al., 2023)
or adversarial examples to challenge the model, thereby
increasing its robustness (Wu & Zhuang, 2022; Hung et al.,
2018). For example, Monte-Carlo Dropout (MCDO) (Gal &
Ghahramani, 2016) is often employed to assess epistemic
uncertainty by performing multiple forward passes, with the
resulting uncertainty maps used to incrementally incorpo-
rate reliable target regions into the consistency loss (Yu et
al., 2019). Some studies (Zeng et al., 2023; Miyato et al.,
2018) inject adversarial perturbations at both the image and
feature levels to identify and exploit discriminative infor-
mation. However, these methods often require specialized
designs for uncertainty estimation and perturbation simu-
lation, which can lead to issues such as increased model
complexity, potential instability, and higher computational
costs.

2.2 SSL for Medical Image Analysis
In medical imaging, SSL. methods have gained significant
attention for their ability to leverage limited labeled data

alongside larger pools of unlabeled data, thus enhancing
performance while reducing the need for extensive man-
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ual labeling. For instance, Wu and Zhuang (2022) proposed
a risk minimization framework that establishes connec-
tions between labeled and unlabeled data using an unbiased
estimator. Wang and Li (2023) introduced a re-weighting
strategy that takes into account both class distribution and
segmentation difficulty to enhance the accuracy of multi-
organ segmentation. Zeng et al. (2024) advocated differential
decoder feature learning to improve the effectiveness of unla-
beled data utilization, with a focus on handling ambiguous
organ and tumor regions. Additionally, Wang et al. (2023)
focused on improving pseudo-label quality and addressing
cognitive biases by utilizing inconsistent predictions between
sub-networks to guide corrections.

In comparison to these existing methods, our proposed
PICK framework makes novel contributions to the SSL com-
munity. Notably, PICK embeds unlabeled target information
into the encoder through a pseudo-label guided MIM task.
In contrast, existing SSL methods primarily use pseudo-
label supervision to enhance decoder performance, which can
inadvertently introduce incorrect predictions. Our design,
however, ensures that the task-relevant decoder remains unaf-
fected by these inaccuracies.

2.3 MIM for Visual Representation

MIM involves predicting masked signals based on visi-
ble, unmasked signals (He et al., 2022; Xie et al., 2022).
It serves as a potent pretext task in self-supervised learn-
ing, aiming to enhance representation learning capabilities.
Recent advancements in MIM emphasize the benefits of
informed masking over random masking. For instance, Li
et al. (2021) dynamically masked foreground patches using
attention maps, Kakogeorgiou et al. (2022) distilled a student
model by predicting masked objects highlighted by a teacher
model, and Wang et al. (2023) introduced a challenging
masking strategy via hard patch mining. These studies high-
light the efficacy of attentive masking strategies in extracting
rich feature representations from visual data.

In the context of SSL, pseudo-labels generated for unla-
beled data inherently indicate regions of interest for learning
(Caron et al., 2021). This observation inspires the integration
of MIM into SSL frameworks. However, integrating MIM
poses challenges due to conflicting optimization objectives
between segmentation and reconstruction tasks. To resolve
this challenge, we propose the inclusion of an auxiliary
decoder. This auxiliary decoder is tailored to harmonize the
objectives of segmentation and reconstruction within our
SSL method, ensuring effective utilization of unlabeled data
while maintaining segmentation performance.

@ Springer

3 Method
3.1 Preliminaries

In the realm of SSL, the training dataset D = {D;, D, } typ-

ically contains a labeled subset D; = {(xf, yf )}{\ll and an

14
unlabeled subset D,, = {(xl.”) },N:ul , Where xf and yf denote the
i-th labeled image and its corresponding annotation, respec-
tively, while x;' represents the i-th unlabeled image. The
subsets have cardinalities N; and N,,, where with N; << N,,.
The objective of SSL is to effectively utilize both D; and D,
to train a model that performs well on unseen test sets. The
distinction among SSL approaches primarily resides in their
unique exploitation D,,.

3.2 Overview of PICK Framework

Our proposed PICK framework, depicted in Fig. 2, inte-
grates an encoder fg(-;6) with three distinct decoders: a
primary decoder fp(-; 0pri), a MIM decoder fp(:; Omim),
and an auxiliary decoder fp(-; O4ux). Each decoder shares
the same architecture but serves different objectives. Specif-
ically, The primary decoder, trained exclusively on labeled
data, is expected to generate pseudo-labels for the unlabeled
data. Its role is to identify target regions within the unlabeled
images. The MIM decoder is dedicated to reconstructing the
target regions highlighted by the pseudo-labels generated by
the primary decoder. This decoder enhances the encoder’s
ability to understand target semantics through reconstruction.
The auxiliary decoder is crafted to learn from the recon-
structed images, by aligning the segmentation results with
pseudo-labels. It helps in harmonizing the conflicting objec-
tives of segmentation and reconstruction tasks. We now delve
into the details of training PICK.

3.3 Warm-up on Labeled Data

In SSL, a common practice is to initially train the model
on labeled data to establish a solid foundation for handling
unlabeled data effectively (Zeng et al., 2023). This approach,
referred to as warm-up, aims to equip the model with robust
generalization capabilities.

In the context of PICK, the warm-up phase begins with
the primary decoder fp(:; 6,,;) being trained solely on the
labeled subset D; = {(x!, yf)}f,\ll. The primary decoder
Sp(; 0,r;) predicts pseudo-labels )A’ém' for each xf , indicat-
ing regions of interest (e.g., target tumors or organs) based on
the model’s current understanding derived from the labeled
data. This process can be formulated as:

3, = argmax(fp(feat'; 0,r)), (1
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Fig. 2 Training and testing pipelines of our proposed PICK. PICK
utilizes a shared encoder and three task-specific decoders. Given an
unlabeled image x“, the primary decoder fp(-;6,,;) generates a
pseudo-label )7;”- indicating the region-of-interest, guiding the masking
of x". The masked image modeling decoder fp(-; 6,in) reconstructs
masked regions to enhance target semantics through a reconstruction

where f eat! = fE ' 0) represents the feature embed-
ding of the labeled image x’. These pseudo-labels indicate
the regions of interest (e.g., target tumors or organs) based
on the model’s current understanding from the labeled data.

Subsequently, xf is masked using the predicted pseudo-
labels )A;i)ri' This process involves overlaying the pseudo-
labels onto xf to highlight the regions identified by fp (-; 0p;)
as important for learning. The masked image xfnask is then
employed to train the MIM decoder fp(-; 6;uim). The above
process can be written as:

Task =% O (1= 9,1, 2

Xppim = SD(f €alh i1 Omim), (3)

where f eat,lnm = JE (xfnas > 0) is the feature embedding of
xfm”k. The role of fp(-; Omim) is to reconstruct the masked
regions based on the information encoded in xf and &;ri.
This process encourages the encoder fg(-; 6) to learn more
discriminative features relevant to the target regions indicated
by the pseudo-labels.

To address the inherent conflict between segmentation and
reconstruction tasks, PICK introduces the auxiliary decoder
fp(; 0qux). This decoder learns from the reconstructed
image xfm.m produced by fp(:; Gmim), aligning the segmen-
tation prediction with the pseudo-label. This process can be
expressed in a formula as:

5L = argmax(fp(feat’ . :6ux)), )

Surddoss juarpesd
<
Jurpadig Sunsay,

fD (" emain )

task. To mitigate the conflicts between segmentation and reconstruc-
tion, an auxiliary decoder fp (-; O4ux) predicts y%, . on the reconstructed
image x,; ., supervised by 3% .. Note that fp(-; ;) is solely super-
vised by labeled data and use({’ or inference only. In this illustration, the
masked regions are indicated by the pink arrows, and the inconsistent

regions between ﬁgu)ri and y%, . are highlighted by white ellipses

where f eatfnim = fE (x,lnim; 0) represents the feature
embedding of the reconstructed labeled image x’lni m- BY
supervising fp (+; 6,4,y ) on those reconstructed images, PICK
ensures that the segmentation task benefits from the enhanced
feature representations derived from the MIM reconstruction.
Note that, during warm-up, we utilize the predicted pseudo-
labels )A)im., instead of the ground truth annotations yf , to
mask labeled images for two reasons: (1) predictions tend to
converge towards the ground truth during supervised learn-
ing, and (2) predictions often exhibit more variability and
incorporate the model’s uncertainty and insights, which can
be beneficial for learning robust representations.

3.4 Predict-and-Mask on Unlabeled Data

Target Region Revelation with fp(-; 6,,;). Unlike conven-
tional pseudo-labeling approaches that risk perpetuating
unreliable predictions, our primary decoder fp(:; 6,,;) is
exclusively trained on labeled data. This strategy ensures that
PICK maintains a clean and highly relevant decoder specific
to the segmentation task. When processing unlabeled data
Dy = {(x}) }f\]:”1 , this decoder identifies the attentive regions
of targets, denoted as 9;;”., computed as

Vori = argmax(fp(feat"; 0pr)), 5)

where feat" = fg(x"; 6) represents the feature embedding
of the unlabeled image x".

Attentive Region Reconstruction with fp(-; Gpim). Upon
identifying 5’;”’ which may contain errors, traditional
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pseudo-labeling and co-training methods might propagate
these errors into the decoder through cross-pseudo supervi-
sion. To extract valuable information in y;”. while minimiz-
ing error propagation, we adopt a strategy that masks and
reconstructs the target regions indicated by }A)[u)ri' This pro-
cess is formalized as follows

x;‘fnask =x"od- )A)Zri)’ (6)
x;’nim = fD(feal,lfmsk; Omim), (7
where x"; ask and x’zim denote the masked and reconstructed

images, respectively, and feat,‘fmsk = fE (xfnask; 0) is the
feature embedding of x;, . The element-wise multiplica-
tion is denoted by ©. The MIM decoder is guided by a masked
image reconstruction loss

1

u i/} u

e — L

mim ou pri mim
QG

—x9lh, ®)

where 2(-) denotes the number of elements. Despite bol-
stering the information within ﬁ;ri, a disparity between
segmentation and reconstruction tasks necessitates the use
of an auxiliary decoder fp(-; Ogyx)-

This MIM proxy task allows PICK to leverage unlabeled
data to enrich the encoder’s knowledge (validated in Sect. 5.3
with visualizations), while preserving a reliable decoder
fp(; 8pr) constrained by accurate supervision alone.
Integration of Segmentation and Reconstruction with
fp (5 Baux)- The divergent goals of segmentation and recon-
struction pose challenges for f£(-; €) in generating optimal
features. To address this, we propose learning from x,,.
again, where segmentation not only reflects reconstruction
quality but also emphasizes the ultimate utility of recon-
struction for segmentation. Moreover, reconstructed images
can augment source data diversity, enhancing segmentation
robustness. Here, fp(:; 04,x) is supervised by ﬁ;‘m. and is

inactive during inference. The auxiliary loss £, . is defined
as
‘CZux = Acseg(fD(featrI:lim§ Baux), )A’I;,”‘)v ©)]

where Lseg (-) = Lpice()+LcE(), feat),. = fE(.: 0),
Lpice(-)isthe Diceloss, and L¢ g (+) is the cross entropy loss.
Through coordinated use of these task-specific decoders,
PICK achieves nuanced understanding and effective utiliza-
tion of unlabeled data.

3.5 Training and Testing
3.5.1 Training

Section 3.4 provides the details of learning from unlabeled
data. The unsupervised loss Ly,,p calculated on unlabeled
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data is defined as

’C””S“[’ = )"Clrdm'm + Lgux’ (10)
where A is a trade-off coefficient. For labeled data, the learn-
ing procedure mirrors that of unlabeled data, employing a
predict-and-mask approach. The only difference is that the
ground truth is employed as the supervision signal. The
supervised loss Ly, calculated on labeled data is formulated
as

Loup =MLy (fD(featy s Omim). X))

+‘Cimx (fD(feat;{m'm; Oaux)- yl)
+»Cseg(fD(feat[; epri)v yl)»

(11)

where feat! = fp(x';0), feat! . = fe(x’ .:60) and

f eatrlm.m = fe (x’lnim; 0), which are feature embedding of
x!, xfn ask and x, im» respectively. The overall loss L is written
as:

L= Lsup + Eunsup‘ (12)

3.5.2 Testing

Given an unseen test image, PICK firstly generates features
using the encoder fg (-; 0), and then uses the primary decoder
fp(; 0pri) to perform segmentation.

4 Experiments and Results
4.1 Datasets

To evaluate the efficacy of our PICK framework, we con-
ducted extensive experiments on five public medical image
segmentation datasets. These datasets cover a range of
segmentation tasks, including lung tumor and pancreas seg-
mentation from CT scans, left atrium segmentation from MRI
images, multi-organ segmentation from CT scans, and 2D
cardiac segmentation from multi-vendor data. Here are the
details of these datasets.

MSD-Lung Tumor: This dataset (Antonelli et al., 2022)
contains 63 CT scans. We employed a 4-fold cross-validation
scheme for assessment, using randomly cropped patches of
size 96 x96x 96 for evaluation.

NIH-Pancreas: This dataset (Roth et al., 2015) consists of
82 contrast-enhanced CT scans. We followed the evaluation
protocol in Wang et al. (2023) and conducted a 4-fold cross-
validation, with input patches of size 96 x96x96.

Left Atrium: Containing 100 gadolinium-enhanced MRI
images, this dataset (Xiong et al., 2021) was subjected to a 5-
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Table 4 Performance comparison on the AMOS dataset using 10%

Average dice of each class

Sp

Avg.

Methods

LK Ga Es Li St Ao IvC Pa RAG LAG Du BI P/U

RK

ASD

Dice

61.0 75.4 58.8 0.1 0.0 84.4 452 72.8 61.6 36.2 0.0 0.0 30.7 46.5 36.3

38.45
29.69

40.60

UA-MT (Yu et al., 2019)

79.8 74.3 352 444 90.5 51.5 76.1 65.6 48.6 31.6 21.8 33.6 47.0 37.3
4.3 0.1

80.7

54.51

CPS (Chen et al., 2021)

37.2
40.9

48.8

34.2

17.66 81.7 80.2 78.6 39.5 41.0 89.8 52.8 78.5 65.9 51.1
6.70
8.07
4.65
4.46
4.21
3.51

3.18
2.65

52.24
56.76

DST (Chen et al., 2022)

80.6 79.5 41.0 42.6 89.3 57.6 79.1 66.0 532 34.6 21.8 349 48.4

81.9

DePL (Wang et al., 2022)

78.5 76.6 40.1 434 90.1 53.0 76.7 64.4 48.3 259 24.2 34.7 48.7 37.7

81.6

54.92
60.74

Adsh (Guo et al., 2022)

84.5 84.0 43.2 50.8 89.9 58.7 84.7 73.0 54.2 41.8 31.6 41.0 52.8 35.8

85.3

CReST (Wei et al., 2021)

83.1 80.9 80.0 39.6 459 90.0 57.1 78.0 66.3 54.1 35.8 26.9 39.9 493 354

57.48
61.55

64.16

SimiS (Chen et al., 2022)
CLD (Lin et al., 2022)

85.3 84.8 44.5 51.9 90.8 59.7 83.7 73.1 55.7 40.2 37.2 414 53.0 36.1
43.6

86.0
87.4

87.1 45.8 57.0 89.8 64.7 86.0 75.0 62.5 39.8 36.8 44.0 56.5

86.6

DHC (Wang & Li, 2023)

87.2 86.3 46.5 57.7 91.2 63.3 87.1 76.2 62.9 41.2 40.7 45.1 56.4 44.9

86.7
88.8

64.89

MagicNet (Chen et al., 2023)

PICK (Ours)

86.2 47.3 59.6 91.7 64.0 88.3 77.9 64.1 435 43.0 472 58.8 45.7

89.4

66.37

annotationsThe best and second best results are highlighted in bold and italic, respectively. Averaged Dice and ASD scores over 15 classes are reported

4.3 Comparison with State of the Art
4.3.1 Results on MSD-Lung Tumor Dataset

We compared the proposed PICK framework with eight lead-
ing SSL methods on the MSD-Lung Tumor dataset, namely
UA-MT (Yu et al., 2019), SASSNet (Li et al., 2020), DTC
(Luo et al., 2021), MC-Net (Wu et al., 2022), CAML (Gao
et al., 2023), UCMT (Shen et al., 2023), MCF (Wang et
al., 2023), and CauSSL (Miao et al., 2023). To simulate the
SSL setting, we randomly selected 20% of training samples
(10 samples) as labeled data and left the others as unlabeled
data. Table 1 (left) summarizes the mean and standard devia-
tion of performance metrics. It shows that PICK outperforms
UCMT, the leading pseudo-labeling method that utilizes two
teachers to collaboratively supervise a student that thereby
mitigates the impact of incorrect pseudo-labels, by 3.28% in
Dice score and 1.21 voxels in 95HD. This improvement high-
lights the advantage of maintaining a clean decoder, which
minimizes the influence of erroneous pseudo-labels. Addi-
tionally, compared to MCF, which employs a contrastive
discrepancy review design to reduce the impact of biased
predictions, PICK presents a 5.03% improvement in Dice
score. This emphasizes the effectiveness of embedding unla-
beled target information into the encoder while preserving
an unaffected primary decoder. Notably, PICK also outper-
forms the best-performing co-training method, CauSSL, by
2.46% in Dice score and 1.12 voxels in 95HD. This highlights
the effectiveness of our predict-and-mask strategy, which
simplifies co-training by mitigating the impact of incorrect
pseudo-labels. Visual inspection in Fig. 3 (first row) reveals
the challenges faced by other SSL methods in generating
complete segmentations, particularly in tumor segmentation
tasks. Despite these challenges, PICK demonstrates promis-
ing segmentation results compared to its competitors.

4.3.2 Results on NIH-Pancreas Dataset

Table 1 (right) presents the performance comparison of PICK
against the aforementioned eight competing methods on
the NIH-Pancreas dataset, where 20% of training samples
(12 samples) are labeled. It reveals that PICK achieves the
highest scores across all metrics, surpassing the second-
best method, CauSSL, by 2.28% in Dice score and 3.61
voxels in 95HD. This demonstrates the superiority of our
approach over prevalent consistency-based co-training meth-
ods. Additionally, PICK outperforms the bias correction
method MCF by 5.14% in Dice score, highlighting the effi-
cacy of maintaining a primary decoder supervised solely
by ground truth data to mitigate the impact of incorrect
pseudo-labels. Similarly, PICK surpasses the uncertainty-
guided teacher collaborative framework UCMT by 3.77% in
Dice score. These improvements underscore the efficacy of
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Table 5 Dice performance on the M&Ms dataset, using 2% and 5% labeled data

@ Springer

5% label percentage

2% label percentage

Method

Domain B Domain C Domain D Average

Domain A

Domain B Domain C Domain D Average

Domain A

68.14

71.03
75.66
78.64
83.77

85.13

70.06
73.40
77.43

54.83 54.97 66.83 63.56 60.05 61.09 70.36
56.16 66.22
82.51

U-Net (Baseline)

LDDG

71.29
74.88

69.49

76.35

63.16

68.56

68.21

59.47
56.31

64.57 67.11

69.94
75.14

75.70
77.54
81.57

76.87

56.32

SAML (Liu et al., 2020)

79.75

80.30

72.40
77.06
73.66
81.71
82.63

72.85

72.72
77.01

66.01

DGNet (Liu et al., 2021)

82.12

84.01

82.29
79.04
85.44

84.72

78.43
75.65

81.31

82.02
77.94

83.31

73.13

vMFNet (Liu et al., 2022)

77.05
83.31

78.49
83.90
85.20

77.01

76.20
82.26
81.92

71.57
79.62

80.70

BCP (Bai et al., 2023)

82.18

80.03

A&D (Wang & Li, 2023)

PICK (Ours)

84.32

84.73

82.52

83.87

83.58

The best and second best results are highlighted in bold and italic, respectivelyResults on Domain A are produced by the model trained on Domains B, C, and D

Pancreas Lung Tumor

LA

image MC-Net CauSSL Ours GT 3D GT 2D

AMOS

CPS MagicNet Ours GT 3D GT 2D

Fig. 3 Visualization results on 3D datasets. Competitive methods
including MC-Net (Wu et al., 2022), CauSSL (Miao et al., 2023), CPS,
and MagicNet (Chen et al., 2023) are listed for comparison

our predict-and-mask design, which leverages unlabeled data
through a pseudo-label guided MIM pretext task. Moreover,
the second row of Fig. 3 illustrates pancreas segmentation
results, where PICK produces the most accurate segmenta-
tion compared to other methods.

4.3.3 Results on Left Atrium Dataset

We conducted experiments comparing PICK with aforemen-
tioned eight competing methods on the Left Atrium dataset
using 10% (8 cases) and 20% (16 cases) of training sam-
ples as labeled data, respectively, and reported the results
in Table 2. It shows that, compared to the attention-based
CAML, PICK demonstrates a 1.48% improvement in Jaccard
index with 10% labeled data and a reduction of 1.68 voxels
in 9SHD with 20% labeled data. This improvement can be
attributed to PICK’s focus on masking and reconstructing
attentive regions, which emphasizes the most informative
regions without requiring complex attention mechanisms.
Compared to UA-MT, which employs uncertainty estima-
tion, PICK achieves a significant 4.87% increase in Dice
score, further confirming its robustness. Moreover, com-
pared to MCF and UCMT, which each employ unique designs
to prevent erroneous pseudo-labels from directly influenc-
ing the model, our PICK reduces 95HD by 3.21 and 1.51
voxels, respectively, when using 10% labeled data. This phe-
nomenon showcases the superior effectiveness of PICK in
mitigating the impact of erroneous pseudo-labels, highlight-
ing its robustness in improving segmentation accuracy with
limited labels. Visualization in the third row of Fig. 3 illus-
trates the segmentation results for the left atrium. It is evident
that PICK produces the most comprehensive segmentation.
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Fig. 4 Analysis of hyper-parameter A on the MSD-Lung Tumor, NIH-Pancreas, Left Atrium, AMOS, and M&Ms datasets, with labeled data
percentages of 20%, 20%, 20%, 10%, and 5%

Table 6 Ablation study of each component in PICK on the MSD-Lung Tumor dataset, NIH-Pancreas dataset, and Left Atrium dataset

f g” " f f{""”’ f g‘“‘" MSD-lung tumor dataset NIH-pancreas dataset Left atrium dataset

Dice Jaccard  ASD 95HD  Dice Jaccard ASD 95HD  Dice Jaccard ASD  95HD
Vv 36.36  25.78 19.06  32.73 64.18  49.26 4.69 17.74 83.34 7249 3.87 14.77
J Vv 53.56  38.28 2.66 9.52 77.15  63.58 1.95 8.45 88.39  80.07 2.83 7.65
J J 4736  32.63 1.84 9.98 73.86  60.61 2.71 10.96 86.68  77.65 3.31 8.90
J i J 57.65  42.40 2.76 10.85 80.14  67.65 1.55 6.12 90.85  83.37 1.74 5.70

4.3.4 Results on AMOS Dataset

Next, we applied PICK to multi-organ segmentation and
compared it against ten leading methods, including UA-MT
(Yu et al., 2019), CPS (Chen et al., 2021), DST (Chen et
al., 2022), DePL (Wang et al., 2022), Adsh (Guo et al.,
2022), CReST (Wei et al., 2021), SimiS (Chen et al., 2022),
CLD (Lin et al., 2022), DHC (Wang & Li, 2023), and Mag-
icNet (Chen et al., 2023), on the AMOS dataset. Tables
3 and 4 present the performance of these methods using
5% and 10% of training samples as labeled data, respec-
tively. It shows that, PICK consistently outperforms the
relation-based augmentation method, MagicNet, achieving
improvements of 1.55% and 1.48% in average Dice score
over 15 segmentation targets with 5% and 10% annotations,
respectively. These improvements underscore PICK’s adapt-
ability without relying on augmentation techniques based on
organ relations. Moreover, PICK shows a 2.43% increase
in average Dice score compared to the dynamic class re-
weighting method DHC with 5% labeled data, underscoring
the effectiveness of our predict-and-mask strategy. Further-
more, PICK demonstrates a significant 10.52% improvement
in Dice score over the debiased self-training method DST.
Despite DST employing two independent heads with min-
max optimization to mitigate biases, the adversarial loss may
cause potential shifts in model learning on labeled data. In
contrast, PICK simplifies the handling of biases from incor-
rect predictions through a pseudo-label guided MIM task,
which embeds unlabeled target information into the encoder
while keeping the task-specific decoder unaffected by erro-
neous pseudo-labels. Additionally, as observed from the last
row of Fig. 3, PICK effectively identifies small regions over-
looked by other methods. This enhancement is attributed to

the improved perceptual ability of the encoder, facilitated by
pseudo-label-guided MIM. The encoder refines its capacity
to discern relevant semantic features by focusing on regions
crucial to the target.

4.3.5 Results on M&Ms Dataset

Finally, we tested PICK on the challenging semi-supervised

domain generalization (SSDG) task using the M&Ms dataset.

In this group of experiments, competing methods include

LLDG, SAML (Liu et al., 2020), DGNet (Liu et al., 2021),

vMFNet (Liu et al., 2022), BCP (Bai et al., 2023), and A&D

(Wang & Li, 2023). To mitigate the influence of domain shift,

we adopted the Fourier Transformation (Xu et al., 2021)

as an additional augmentation technique. The results were
presented in Table 5. It shows that PICK achieves a 4.09%

increase in Dice score compared to the SSDG-based method
vMFNet when using 2% labeled data, illustrating the benefits
of integrating MIM into SSL. Against the SSL-based method
BCP, PICK demonstrates a 6.89% gain in Dice score with 2%
labeled data, highlighting the robust representation power of
features learned by MIM. Moreover, PICK outperformed the
generic SSL method A&D by 1.01% in Dice score with 5%
labeled data, further demonstrating the generalizability of
our approach.

4.4 Ablation Study

Table 6 presents four combinations of three decoders and
their impact on the performance of PICK evaluated on the
MSD-Lung Tumor, the NIH-Pancreas, and the Left atrium
datasets with 20% labeled data. In Row 1, the primary
decoder fp(:; 6,,;) is used as the baseline, learning solely
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Table 7 Discussion of the masking strategy

Masking strategy MSD-lung tumor dataset

NIH-pancreas dataset

Left atrium dataset

Dice Jaccard ASD  95HD Dice Jaccard ASD 95HD  Dice Jaccard ASD  95HD
Random Masking vl 54.69 39.29 3.17 11.29 7825  64.86 2.14 8.34 89.41  81.00 2.29 7.14
Random Masking v2 55.38  40.26 2.87 11.07 78.31 65.39 2.02 7.98 89.61 81.33 1.98 7.12
Background Masking 53.10 37.85 5.47 14.90 76.13  62.71 2.29 7.15 88.23  79.56 2.32 8.68
Attentive Masking (Ours)  57.65  42.40 2.76 10.85 80.14  67.65 1.55 6.12 90.85  83.37 1.74 5.70

Results are reported on the MSD-Lung Tumor, NIH-Pancreas, and Left Atrium datasets

from labeled data. Row 2 and Row 3 represent variants of
PICK where either the MIM decoder fp(-; Oin) Or the aux-
iliary decoder fp(-; O4ux) is excluded, respectively. Row 4
presents the complete PICK framework, incorporating all
three decoders. It reveals that, comparing Row 1 to Row 2, the
incorporation of the MIM decoder allows effective utiliza-
tion of unlabeled data through a predict-and-mask strategy,
resulting in notable 17.2%, 12.97% and 5.05% improvements
in Dice score over the baseline, on the MSD-Lung Tumor,
the NIH-Pancreas, and the Left atrium datasets, respectively.
Row 3 evaluates the auxiliary decoder’s capability to predict
on masked but not reconstructed images, exploring direct
semantic segmentation on target-masked images. The com-
parison between Row 3 and Row 4 confirms the importance
of reconstructing masked attentive regions, suggesting that
explicit reconstruction tasks are more effective. Similarly,
the performance gain of Row 4 over Row 2 indicates that re-
learning from reconstructed images helps resolve conflicts
between high-level semantic segmentation and low-level
voxel reconstruction tasks. In summary, these experiments
highlight the effectiveness of each decoder within the PICK
framework, demonstrating their contributions to enhancing
segmentation performance.

5 Discussion
5.1 Setting of Parameter 1

The hyper-parameter A balances the weight between the
reconstruction loss and segmentation loss in the PICK frame-
work. To determine the optimal value of A, we evaluated the
performance of PICK using different values of A, ranging
from 0.1 to 1.4 with a step of 0.2, and plotted the results in
Fig. 4. It shows that the optimal performance was obtained on
the MSD-Lung Tumor, NIH-Pancreas, Left Atrium, AMOS,
and M&Ms datasets when setting /ambda to 1.0, 1.0,0.2,0.2,
and 1.2, respectively. Notably, the optimal X is significantly
smaller in the Left Atrium and AMOS datasets compared
to the others. This difference can be attributed to the rela-
tively larger size of the segmentation targets in these datasets,
which makes the reconstruction loss takes more voxels into

@ Springer

Fig. 5 Two test examples demonstrating the benefits of pseudo-label-
guided MIM. Features extracted from the initial convolutional layer of
the encoder are shown

consideration and thus necessitates a reduced emphasis on
the reconstruction loss during training.

5.2 Masking Strategy

The masking strategy plays a pivotal role for training the
MIM decoder. For this study, we employed the attentive
masking strategy, where the regions to be masked were
identified by the pseudo-labels generated by the primary
decoder. To validate the effectiveness of this strategy, we
compared it with three other masking strategies, including
two random masking strategies and the background masking
strategy. Random Masking v1 involves randomly masking
60% of the regions with a size of 16 x 16x 16 voxels, while
Random Masking v2 applies a single 60% mask over the
image. The performance of our PICK using these mask-
ing strategies was given in Table 7. Three conclusions can
be drawn. First, Random Masking v2 generally outperforms
Random Masking v1 across all datasets. For example, on the
MSD-Lung dataset, Random Masking v2 achieves higher
Dice (55.38% vs. 54.69%) and Jaccard (40.26% vs. 39.29%)
scores, while also reducing ASD and 95HD metrics. Sim-
ilar trends are observed on the NIH-Pancreas and the Left
Atrium datasets, indicating that a single larger masked region
enhances the model’s ability to develop robust feature repre-
sentations. Second, the Background Masking strategy shows
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Table 8 Evaluation of cross-cohort generalizability

Methods Avg. Average Dice of Each Class (AMOS — BTCV)

Dice ASD  Sp RK LK Ga Es Li St Ao IVC Pa RAG LAG
CLD (Lin et al., 2022) 63.19 470 837 821 806 402 507 900 562 81.1 705 530 364 338
DHC (Wang & Li, 2023) 66.10 393 832 84.0 828 426 546 889 635 847 732 601 399 357
MagicNet (Chen et al., 2023)  67.22  3.54 835 857 84.0 457 56.1 908 612 8.5 743 60.7 403 388
PICK (Ours) 6950 287 879 886 845 468 592 915 627 876 7715 630 429 418

The models, trained on the AMOS dataset using 10% of the labeled data, were evaluated by making predictions on the unseen BTCV dataset.
Notably, the AMOS dataset comprises cases from China, while the BTCV data were collected in the United States, enabling an assessment of the

models’ ability to generalize across diverse populations
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Fig. 6 Dice performance of our PICK model under label percentages of 5%, 10%, 20%, 30%, 50%, 70% and 90%, on the lung tumor dataset,

pancreas dataset and left atrium dataset, respectively

the lowest performance among the tested approaches. For
instance, on the NIH-Pancreas dataset, it yields the low-
est Dice (76.13%) and Jaccard (62.71%) scores, along with
higher ASD and 95HD metrics, suggesting that masking
less informative regions detrimentally affects model perfor-
mance. Third, the Attentive Masking strategy proposed in the
PICK achieves the best performance across all datasets, with
the highest Dice and Jaccard scores and the lowest ASD and
95HD values. For example, on the Left Atrium dataset, Atten-
tive Masking reaches a Dice score of 90.85% and a Jaccard
score of 83.37%, significantly outperforming other strate-
gies. This superior performance indicates that our approach,
which involves strategically selecting and masking regions
based on pseudo-labels, enhances the efficacy of MIM tasks
within the SSL framework.

5.3 Advantages Offered by MIM

The performance improvements contributed by the MIM
decoder were shown in Table 6 (comparing Row 1 vs. Row
2 and Row 3 vs. Row 4). To further demonstrate the advan-
tages offered by MIM, we randomly selected two test samples
and visualized their feature maps obtained from the ini-
tial convolutional layer of the encoder with or without the
MIM decoder. As shown in Fig. 5, with the MIM decoder,
the feature maps more accurately represent target regions,
indicating that incorporating pseudo-label-guided MIM into
SSL enables the encoder to capture target semantics more
effectively through only one time convolution. Moreover, the

data reconstructed by MIM serve as augmented views of the
source data, which also contribute to enhancing data diversity
for the segmentation task.

5.4 Cross-Cohort Evaluation

Table 8 compares the cross-cohort generalizability of PICK
with other competitive SSL methods, including MagicNet
(Chen et al., 2023), DHC (Wang & Li, 2023), and CLD (Lin
et al., 2022). Due to differences in labeled organ categories,
we report results only for those annotated in both datasets.
Notably, the AMOS data is sourced from China, while the
BTCV data (Landman et al., 2015) comes from the United
States, highlighting the models’ performance across diverse
populations. The results show that PICK exhibits more sig-
nificant performance gains on the BTCV dataset compared to
the AMOS test set. Specifically, PICK achieves a 2.28% Dice
improvement over MagicNet on the BTCV dataset, com-
pared to a 1.48% improvement on the AMOS test set. This
demonstrates PICK’s strong generalizability across cohorts,
confirming its ability to effectively transfer knowledge from
the AMOS dataset (collected in China) to make accurate
predictions on the BTCV dataset (collected in the U.S.).
We attribute this to PICK’s unique design, which embeds
unlabeled target information into the encoder, enhancing its
ability to capture unseen target semantics. These promising
results suggest that PICK is more reliable for real-world clin-
ical applications.
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Table 9 Efficiency analysis on the Lung Tumor dataset with an input size of 96x96x96

Method Dice (%) 1 95HD (voxel) | Para.(M) MACs(G) Training time Test time / case |
CauSSL (Miao et al., 2023) 55.19 £ 0.754 11.97 £ 0.762 18.90 83.88 ~ 4h22 min ~296s
PICK (Ours) 57.65 £+ 0.268 10.85 £ 0.436 12.35 47.17 ~ 6h37 min ~2.75s

Metrics include multiply-accumulate operations (MACs), training time, inference time, and parameters (Para.) of the model. (10000 iterations)

5.5 PICK’s Results Under Different Label Percentages

Figure 6 presents the Dice performance of PICK under label
percentages of 5%, 10%, 20%, 30%, 50%, 70% and 90%,
on the MSD-Lung Tumor dataset, NIH-Pancreas dataset and
Left Atrium dataset, respectively. It reveals that, on the Left
Atrium dataset, just 5% of labeled data achieves a high Dice
score of 87.62%, while around 30% labeled data yields per-
formance surpassing the fully supervised model (91.52%
vs. 91.47%). This indicates that Left Atrium segmentation
can reach optimal results with a relatively small amount
of labeled data. In contrast, on the Pancreas dataset, 20%
labeled data achieves a Dice score of 80.14%, but approx-
imately 30% is needed to closely match fully supervised
performance (82.72% vs. 83.76%). This suggests that pan-
creas segmentation requires more labeled data than the left
atrium to reach peak performance. The Lung Tumor dataset
presents the most challenging scenario. Although perfor-
mance improves steadily as more labeled data is introduced,
the model requires around 50% labeled data to approach
fully supervised results (63.71% vs. 64.04%). This higher
requirement reflects the complexity of lung tumor seg-
mentation, likely due to the variability and irregularity of
tumor structures. In summary, PICK demonstrates consistent
improvement as more labeled data is provided, converging
toward fully supervised performance as the labeled data per-
centage increases.

5.6 Efficiency Analysis

Table 9 compares the training and inference time of PICK
with those of the advanced CauSSL method (Miao et al.,
2023), which employs two independent networks for co-
training. Despite requiring longer training time, PICK offers
quicker inference due to its use of a single decoder for
final predictions, whereas CauSSL aggregates the predictions
from two networks. This highlights PICK’s efficiency during
the inference phase.

6 Conclusion
In this paper, we propse a novel approach for SSL in med-

ical image segmentation by integrating the MIM technique.
Our method, PICK, intuitively highlights potential targets,

@ Springer

facilitating learning from unlabeled data through a predict-
and-mask strategy. To bridge the segmentation with the
reconstruction task, PICK incorporates a re-learning step
on masked and reconstructed images. Extensive experiments
conducted across five benchmark datasets in medical imag-
ing demonstrate that PICK outperforms existing methods,
showing significant advancements in both SSL and SSDG
settings.

7 Limitations and Future Work

The current training process of PICK involves a sequential
predict-mask-reconstruct-predict workflow for each sample,
which, while effective (with inference requiring only a single
prediction using a sliding window approach), can be com-
plex. Future work will explore simplifying PICK’s training
paradigm through parallel processing approaches to enhance
its efficiency.
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