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Abstract

Curating large-scale fully annotated datasets is expensive, laborious, and cumbersome, es-
pecially for medical images. Several methods have been proposed in the literature that
make use of weak annotations in the form of scribbles. However, these approaches require
large amounts of scribble annotations, and are only applied to the segmentation of regular
organs, which are often unavailable for the disease species that fall in the long-tailed dis-
tribution. Motivated by the fact that the medical labels have anatomy distribution priors,
we propose a scribble-supervised clustering-based framework, called MedCL, to learn the
inherent anatomy distribution of medical labels. Our approach consists of two steps: i) Mix
the features with intra- and inter-image mix operations, and ii) Perform feature clustering
and regularize the anatomy distribution at both local and global levels. Combined with a
small amount of weak supervision, the proposed MedCL is able to segment both regular
organs and challenging irregular pathologies. We implement MedCL based on SAM and
UNet backbones, and evaluate the performance on three open datasets of regular structure
(MSCMRseg), multiple organs (BTCV) and irregular pathology (MyoPS). It is shown that
even with less scribble supervision, MedCL substantially outperforms the conventional seg-
mentation methods. Our code is available at https://github.com/BWGZK-keke/MedCL.
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1. Introduction

Manually labeling medical images is an arduous task that requires remarkable efforts from
clinical experts. To alleviate this challenge, many recent approaches use sparsely annotated
data for model training, termed weakly supervised learning (WSL) (Lin et al., 2016; Bai
et al., 2018; Ji et al., 2019; Luo et al., 2022; Han et al., 2024). WSL leverages weak super-
vision such as scribbles, points, bounding boxes, and image-level labels (Tajbakhsh et al.,
2020), by modeling shape priors (Kervadec et al., 2021) and developing novel loss func-
tions (Kervadec et al., 2019). Existing WSL medical image segmentation methods focus
mainly on scribbles, which are suitable to annotate nested structures (Can et al., 2018).
These methods make use of large amounts of scribble annotations to compensate for the
lack of fully supervised data. The existing scribble-supervised segmentation approaches can
be divided into two categories. The first group of works aims to generate pseudo-labels that
are then used for supervised training (Luo et al., 2022; Bai et al., 2018; Lin et al., 2016; Ji
et al., 2019; Han et al., 2024). However, these models are susceptible to noise introduced
by inaccurate segmentation results. The second line of approaches focuses on regularization
techniques, to constrain the prediction with size priors (Zhang and Zhuang, 2022b) and the
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Figure 1: An overview of the proposed MedCL based on the SAM architecture.

consistency of the augmented versions (Zhang and Zhuang, 2022a; Zhang and Patel, 2024).
These techniques work for regular organs, but sometimes fail in capturing the characteristics
of irregular pathologies. Unlike existing methods, we propose to investigate the inherent
anatomy distribution priors and take it as the principle to guide the image segmentation.

There exists a group of mix-based augmentation techniques (Zhang et al., 2018; DeVries
and Taylor, 2017; Yun et al., 2019; Kim et al., 2020, 2021), termed as mixup. The mixup
operation could lead to unrealistic results and change the shape of features signi�cantly.
To overcome this, several techniques (Zhang and Zhuang, 2022b,a; Zhang and Patel, 2024)
have been proposed to leverage mix-invariant properties for regularization. However, these
works treat mix-up as a regularization strategy and fail to increase the diversity of the
original training samples. To tackle the above mentioned problems, we propose MedCL to
learn anatomy distribution in an unsupervised manner. Existing unsupervised represen-
tation learning methods (Caron et al., 2018, 2019, 2020; Chen and He, 2021; Chen et al.,
2020a; Wu et al., 2018; Chaitanya et al., 2020; Wu et al., 2024) are primarily designed for
pre-training and often rely on large batch sizes to achieve optimal performance. In con-
trast, MedCL adopts a two-stage process of feature mixing and clustering, enabling models
to be trained from scratch while e�ectively capturing the anatomical patterns inherent in
medical semantics. Firstly, we propose a weak-to-strong mix strategies to thoroughly mix
image features at both intra- and inter- image levels. Secondly, we perform the feature
clustering and require the compactness within center, discriminability between centers, and
the consistent anatomy distribution across all centers.

Our contributions are summarized as follows: 1) We propose a novel unsupervised
clustering-based framework,i.e., MedCL, to learn the anatomy distribution priors for med-
ical image segmentation, with two implementations using SAM (Kirillov et al., 2023) and
UNet (Ronneberger et al., 2015) backbones. 2) A feature-shu�ing mechanism has been de-
rived to generate a variety of image-prompt pairs for clustering. 3) We introduce the feature
clustering approach to learn the inherent anatomy relationships among semantics. Specif-
ically, we apply constraints to obtain compact, distinguishable, and regularly distributed
feature clusters. 4) Evaluated on three open datasets,the proposed MedCL demonstrates
promising performance signi�cantly better than existing methods with fewer scribbles.
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2. Method

As shown in Figure 1, MedCL is composed of two steps, including feature mixing and
clustering. Firstly, we mix image features at intra- and inter- image levels. Then, the feature
clustering is conducted with the online mapping and is regularized with anatomy properties.
Finally, we apply MedCL to the medical image segmentation task, and combine it with the
weak supervision,i.e., scribble and image-level labels, to achieve better performance.

2.1. Mixing features

Intra-mix: We surmise that the image rotated with a small angle is a resemble of the
artifact. Therefore we propose to mix the imagex of dimension h � w with its rotated
version R(x; � ). We sample the intra-image mix ratio � 0 from the beta distribution and
obtain the mixed image x0 as x0 = � 0x + (1 � � 0)R(x; � ): Correspondingly, we de�ne y0

as the segmentation of mixed imagex0. We further introduce bounding boxes to enable
the multi-scale mix while preserving the shape characteristics within the region of interest.
We �rst randomly sample bounding boxes from the image, and train model to predict
the segmentation results of the bounding boxes. Then, we perform mixup outside of the
bounding boxes. Denoting the bounding box with the binary maskI b, we modify the mix
operation asx0 = I bx + (1 � I b)[� 0x + (1 � � 0)R(x; � )].

To facilitate model training, we randomly sample text prompts for each class and gen-
erate their combinations. For m classes, we begin by sampling text prompts� i for each
class! i , resulting in � 1 = f � i gm

i =1 , which instructs the model to generate segmentation for
individual classes. Next, we sample class subsets 
k of sizek and derive the corresponding
text prompt combinations � 0

k = f � i j i 2 
 kg. For simplicity, we progressively increase
k from 2 to m, allowing 
 k to gradually expand until it covers the entire class set. The
resulting text prompt combinations are denoted as: � = f � 1; � 0

2; : : : ; � 0
m g; These combi-

nations instruct the model to generate segmentation results for multiple combined classes.
Let (x0; I b; �) represent the mixed pairs, including intra-mixed image, the bounding box
mask, and the text prompts. The corresponding ground truth segmentation is denoted by
y = f yi gm

i =1 [ f y0
kgm

k=2 , wherey has a dimension ofh � w� (2m � 1). Each componentyi and
y0

k has a dimension ofh � w � 1. Here, yi represents the segmentation probability map for
class! i , while y0

k is the combined segmentation of class subset 
k , de�ned as y0
k =

S
i 2 
 k

yi .
The union operation de�nes the total area covered by the segmentation labels.

Inter-mix: To perform the mix across images, we simply mix two images, fuse the
bounding boxes, and interpolate the text tokens accordingly. Let (x0

1; I b1 ; � 1) and (x0
2; I b2 ; � 2)

be the two training sample pairs, we derive the mixed samples (x12; I b12 ; � 12) as x12 =
�x 0

1 +(1 � � )x0
2, I b12 = I b1 [ I b2 , � 12 = �e (� 1)+ (1 � � )e(� 2), respectively. The text tokens

e(� ) are extracted with a prompt encodere(�), and the inter-mix ratio � is sampled from the
beta distribution. The prediction of x12 is denoted asŷ12 = M (ŷ 0

1; ŷ 0
2) = � y 0

1 + (1 � � )ŷ 0
2,

where the addition refers to pixel-wise addition of the probability maps. We thereby apply
the mix consistency loss (L mix ) to segmentation ŷ12 = f (x12; I b12 ; � 12):

L mix = sim( ŷ12; M (ŷ 0
1; ŷ 0

2)) ; (1)

where sim(z1; z2) = � z1 �z2
kz1k2 �kz2k2

. we aim to minimize the negative cosine similarity between
the mixed segmentationM (ŷ 0

1; ŷ 0
2) and the segmentation of the mixed imageŷ12.
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Sampling: We sample the augmented image multiple times to increase the number of
features for clustering. Inspired by previous work (Caron et al., 2020), we �rst randomly
crop regions of an image from a range of resolutions. Secondly, the intra- and inter- image
mix are performed to obtain the mixed pairs of (x0; I b; �). Finally, we repeatedly sample
training images from the mixed pairs to completely blend the features within the entire
database, and achieve about 40 times ampli�cation of training samples for each epoch.

2.2. Cluster features

Online mapping: For prediction ŷ with dimensions (2m � 1) � h � w, we aim to map it
to a set of anatomical prototypes a = [ a1; : : : ; ad] of size (2m � 1) � d. By 
attening the
predictions, the multi-label probability map ŷ is reshaped to dimension (2m � 1) � n, where
n = h � w. A mapping P of sized � n is de�ned to maximize the similarity between the
prediction ŷ and the prototypes a. The optimization objective is formulated as follows:

max
P 2R d� n

Tr( PT aT ŷ ) � w
d� nX

i =1

Pi logPi ; (2)

where the second term with weight w is taken for regularization, aimed to control the
smoothness of mappingP. The solution of Eq.(2) is denotes asP � , which is derived as the
normalized exponential matrix (Cuturi, 2013):

P � = Diag( U)exp
�

aT ŷ
w

�
Diag(V ); (3)

where U 2 R d and V 2 R n indicate the re-normalization vectors, which are e�ciently
determined using the Sinkhorn-Knopp algorithm (Cuturi, 2013; Caron et al., 2020). We
optimize the algorithm on a per-batch basis; the corresponding pseudocode is provided in
Appendix Section 7.

Anatomy regularization: We assume the anatomy prototype clusters should meet
the following criteria: (1) Compactness: the density of prototype distribution within clus-
ters. (2) Discriminability: Clear boundaries between clusters. (3) Anatomy consistency:
Consistent distribution priors across all clusters. The cluster lossL cluster is de�ned as:

L cluster = � log

" P
b;i exp(1

� sim(ab
i ; a �

i )
P

b;i exp(1
� sim(ab

i ; a �
i ) +

P
i;j 1i 6= j exp(1

� sim(a �
i ; a �

j ))

#

; (4)

wherea �
i and a �

j (i; j 2 [1; m]) denotes the cluster center of prototypesf ab
i g

B
b=1 for class! i ,

which is calculated by a �
i = 1

B

P B
b=1 ab

i ; b refers to the index of samples within the batches
of sizeB ; � is the temperature parameter controlling sharpness (Wu et al., 2018). Then,P

b;i exp(1
� sim(ab

i ; a �
i ) controls the compactness and

P
i;j 1i 6= j exp(1

� sim(a �
i ; a �

j )) represents
the discriminability term.

For the third principle, i.e., consistent anatomy distribution, we apply the consistency
constraint to segmentation and prototypes at both global and local levels. By manipulating
the text prompts, we construct the multi-scale regularization for model prediction. For the
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class set 
k of size from 2 tom, we de�ne the anatomy consistency lossL ac:

L ac =
2m� 1X

j = m+1

[sim(ŷ j ;
X

i 2 
 k

ŷ i ) + sim( â �
j ;

X

i 2 
 k

â �
i )]; (5)

where k = j � m + 1, indicating that the number of categories within 
 k increases along
with j , thereby achieving the multi-scale constraint of distribution from local to global level.
The �rst term applies the consistency of segmentation and the second term regularizes the
anatomy distribution across prototype clusters.
Weak supervision: Although MedCL is conducted in a unsupervised setting, it can be
easily combined with weak supervision forms of scribbles and image-level labels. For scribble
annotations, we calculate the cross-entropy loss and dice loss for the annotated pixels, and
thereby de�ne the scribble-supervised loss asL scribble = �

P m
i =1 [y i log(ŷ i ) + 2 y i ŷ i =(y i + ŷ i )]

where y i denotes the scribble annotations. For image-level labels, we exploit the given
set of categories (	) presented in the image, and require the sum of their probabilities
equal to 1. The weakly-supervised loss of image-level labels is formulated accordingly as:
L category = � log

� P
i 2 	 y i

�
, which also minimizes the probability of non-exist classes. Then,

the training objective L is derived as:

L = L mix + L cluster + L ac| {z }
unsupervised

+ L scribble + L category| {z }
supervised

: (6)

3. Experiments

Datasets: MSCMRseg (Gao et al., 2023; Zhuang, 2018) dataset is released by the MIC-
CAI'19 multi-sequence cardiac MR Segmentation challenge. It comprises of late gadolinium
enhancement (LGE) MRI images obtained from 45 patients who underwent cardiomyopa-
thy, The organizers provided annotations for the left ventricle (LV), myocardium (MYO),
and the right ventricle (RV) in these images. Following (Yue et al., 2019), we randomly
partition the images from the 45 patients into three sets: 25 training images, 5 validation
images, and 15 test cases. We adopt the manual scribble annotations released by (Zhang
and Zhuang, 2022a).MyoPS (Luo and Zhuang, 2022; Qiu et al., 2023) was released in the
MICCAI'20 myocardial pathology segmentation challenge, which contains 45 paired mul-
tisequence CMR images of BSSFP, LGE and T2 CMR. MyoPS is a more challenging task
compared to MSCMR structure segmentation, due to the heterogeneous representation of
pathology across di�erent patients. We use scribble annotations released by (Zhang and
Patel, 2024; Zhang and Zhuang, 2023). Following Liet al. (Li et al., 2023), we split the
dataset into 20 pairs for training, 5 for validation, and 20 for testing. BTCV (Landman
et al., 2015) dataset contains 3D abdominal CT scans from 30 subjects, with annotations
provided for 13 organs. Each scan comprises 80 to 225 slices at a resolution of 512Ö512
pixels. We employ complete annotations and identical data splits as those used in previous
studies to ensure consistency and enable direct comparisons (Tang et al., 2022; Wu et al.,
2024), with 24 images for training and 6 images for validation. Additionally, we include the
results of a 5-fold cross-validation in the appendix (Sec.5) for reference.Preprocessing:
For MSCMRseg and MyoPS, we extract a 256� 256 central region for experiments with the
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Table 1: Regular structure segmentation: Dice and HD comparison of MedCL on the
MSCMRseg test set with 5 training scribbles.

Methods Backbone
Dice HD(mm)

LV MYO RV Avg LV MYO RV Avg

PCE UNet .261� .106 .193� .095 .018� .013 .157� .132 259.43� 14.19 240.58� 13.41 254.20� 12.66 251.40� 15.39
MixUp (Zhang et al., 2018) UNet .440� .102 .310� .127 .021� .013 .257� .200 259.42� 14.18 210.00� 12.37 251.98� 15.6 240.47� 25.96
Cutout (DeVries and Taylor, 2017) UNet .315� .103 .307� .153 .166� .110 .263� .139 259.42� 14.18 240.06� 16.38 252.18� 15.42 250.56� 17.04
CutMix (Yun et al., 2019) UNet .335� .119 .282� .099 .017� .013 .211� .166 259.43� 14.19 241.30� 13.94 258.51� 12.91 253.08� 15.81
Puzzle Mix (Kim et al., 2020) UNet .084� .029 .351� .104 .010� .008 .148� .160 259.43� 14.19 223.22� 13.02 256.37� 12.56 246.34� 21.05
Co-mixup (Kim et al., 2021) UNet .322� .169 .221� .097 .034� .010 .192� .163 259.43� 14.19 239.02� 13.25 257.04� 12.60 251.83� 15.98
CycleMix (Zhang and Zhuang, 2022a) UNet .517� .086 .421� .108 .007� .007 .315� .237 213.20� 35.65 151.36� 55.12 260.56� 12.66 208.37� 58.88
ShapePU (Zhang and Zhuang, 2022b) UNet .758� .191 .567� .168 .059� .026 .461� .331 209.04� 16.09 234.08� 18.15 237.86� 14.13 226.99� 20.45
WSL4 (Luo et al., 2022; Han et al., 2024) UNet .809� .079 .653� .109 .599� .261 .687� .191 140.95� 69.06 147.74� 59.93 95.07� 60.53 127.92� 67.49
ModelMix (Zhang and Patel, 2024) UNet .875� .077 .754� .079 .722� .201 .784� .145 78.05� 16.11 69.85� 30.45 99.20� 46.81 82.36� 35.09

MedCL
SAM .882� .065 .745� .065 .789� .103 .805� .065 7.50� 4.54 10.85 � 6.56 26.47 � 12.48 14.94 � 5.23
UNet .904� .045 .787� .047 .804� .101 .832� .086 56.99� 42.85 52.92� 42.81 55.41� 38.58 55.10� 40.54

FullSup-UNet UNet .775� .158 .604� .147 .572� .207 .651� .191 23.50� 21.79 34.03� 19.25 81.29� 11.29 46.27� 30.91
FullSup-nnUNet nnUNet .885� .085 .757� .147 .757� .201 .799� .160 21.48� 29.68 13.5� 12.99 18.27� 12.51 17.75� 19.87

Figure 2: The visualization of regular organ segmentation from the MSCMRseg dataset.

UNet (Ronneberger et al., 2015) backbone, while for BTCV, we use nnU-Net (Isensee et al.,
2021). For SAM-based models, the region is resized to 1024� 1024, and slice intensities are
normalized to [0,1]. Models are trained with a learning rate of 1e� 4 on eight NVIDIA RTX
A5000 GPUs. Implementation: The two versions of MedCL, based on SAM (Kirillov
et al., 2023) and UNet (Ronneberger et al., 2015) architecture, are termed as MedCL-SAM
and MedCL-UNet, respectively. For MedCL-SAM, we leverage the pretrained encoder of
MedSAM (Ma and Wang, 2023) and �ne-tune its decoder. The text prompts are encoded
using the pre-trained CLIP (Radford et al., 2021). For MedCL-UNet, we disable the input of
bounding box and text prompts, and train the model from scratch. Evaluation Metrics :
Following the practice of medical image segmentation, we report the Dice score and the
Hausdor� distance (HD) for each foreground class of MSCMRseg and MyoPS segmentation
tasks separately.

3.1. Results

Regular structure segmentation: Table 1 presents the Dice and HD results for car-
diac ventricle segmentation usingtwelve methods on the MSCMRseg dataset. Results for
ModelMix (Zhang and Patel, 2024) are borrowed from the original publication, while other
methods are implemented by us. Note that ModelMix trains models on complementary
datasets, while our approach focuses on a single task without requiring additional data
sources. Both MedCL-SAM and MedSAM-UNet outperform the compared approaches by
large margins in terms of Dice and HD metrics. This is further a�rmed by the qualitative
results in Figure 2, which visualizes the worst and median cases selected based on the aver-
age Dice score. The poor performance of PuzzleMix and Co-Mixup is caused by their patch
transportation strategy, a limitation noted in previous work (Zhang and Zhuang, 2022a).
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Table 2: Multi-organ segmentation on BTCV multi-organ segmentation (Dice).
Type Method Spl RKid LKid Gall Eso Liv Sto Aor IVC Veins Pan RAG LAG AVG

w/ general pretraining

MAE3D (Chen et al., 2023; He et al., 2022) 93.98 94.37 94.18 69.86 74.65 96.66 80.40 90.30 83.10 72.65 77.11 71.34 60.54 81.33
SimCLR (Chen et al., 2020b) 92.79 93.52 93.36 60.24 60.64 95.90 79.92 85.56 80.58 63.47 67.77 55.99 50.45 75.14
SimMIM (Xie et al., 2022) 95.56 95.56 95.08 63.56 53.52 98.98 90.42 92.71 85.82 58.63 71.16 60.55 47.73 78.88
MoCo v3 (He et al., 2020; Chen et al., 2021b) 94.92 93.85 92.42 65.28 62.77 96.89 78.64 88.66 82.21 71.15 75.09 66.48 58.81 79.54
Jigsaw (Chen et al., 2021a) 94.62 93.45 93.23 75.63 73.23 95.03 85.61 90.65 83.58 71.71 79.57 65.68 58.05 81.35
PositionLabel (Zhang and Gong, 2023) 94.35 93.15 93.21 75.39 72.34 95.55 87.94 90.34 84.41 71.18 79.02 65.11 60.12 81.09

w/ medical pretraining

MG (Zhou et al., 2021) 91.99 93.52 91.81 65.11 76.14 95.98 86.88 89.65 83.59 71.79 81.50 67.97 63.18 81.45
ROT (Taleb et al., 2020) 91.75 93.18 91.62 65.09 76.55 95.85 86.16 89.74 83.03 71.73 81.51 67.07 62.90 81.25
Vicreg (Bardes et al., 2022) 92.03 92.50 91.62 75.24 74.96 96.07 85.50 89.43 83.08 74.74 78.35 71.14 63.44 81.81
Rubik++ (Tao et al., 2020) 96.21 91.36 92.68 75.22 75.52 97.44 85.94 89.76 82.96 74.47 79.25 71.13 62.10 82.39
PCRL (Zhou et al., 2023) 95.30 91.43 89.62 76.15 72.58 95.88 86.15 89.08 83.42 75.13 80.17 67.50 62.73 81.85
Swin-UNETR (Tang et al., 2022) 95.21 92.03 92.22 74.27 73.39 96.32 84.62 90.78 83.03 75.51 79.87 68.99 61.59 82.11
SwinMIM (Wang et al., 2023) 95.44 92.43 94.37 75.29 73.06 96.44 84.20 90.76 83.10 70.91 79.78 70.11 62.44 82.07
GL-MAE (Zhuang et al., 2023) 95.21 91.22 92.37 76.19 73.66 96.09 86.23 89.80 81.65 75.71 79.68 70.36 60.98 81.92
GVSL (He et al., 2023) 95.27 91.22 92.37 74.92 74.20 96.64 86.02 90.48 82.14 72.42 78.67 67.44 62.73 81.93
VoCo (Wu et al., 2024) 95.73 96.53 94.48 76.02 76.50 97.41 78.43 91.21 86.12 78.19 80.88 71.47 67.88 83.85

from scratch
UNETR (Hatamizadeh et al., 2022) 93.02 94.13 94.12 66.99 70.87 96.11 77.27 89.22 82.10 70.16 76.65 65.32 59.21 79.82
Swin-UNETR (Hatamizadeh et al., 2021) 94.06 93.54 93.80 65.51 74.60 97.09 75.94 91.80 82.36 73.63 75.19 68.00 61.11 80.53
MedCL-nnUNet 96.77 95.29 95.32 62.95 76.71 97.30 90.43 90.48 88.91 79.47 86.53 74.52 73.05 85.21

Table 3: Irregular pathology segmentation: comparison on MyoPS test set using 5 scribbles.

Methods Backbone
Dice HD

Scar Edema Avg Scar Edema Avg

PCE UNet .242� .170 .122� .077 .182� .144 76.22� 37.24 124.89� 21.27 100.55� 38.77
nnPU (Kiryo et al., 2017) UNet .290� .166 .236� .078 .263� .131 126.51� 35.27 125.05� 20.69 125.78� 28.55
CVIR (Garg et al., 2021) UNet .288� .191 .085� .034 .186� .170 45.01� 18.44 125.27� 20.83 85.14� 45.04

ModelMix (Zhang and Patel, 2024) UNet .348� .189 .531� .106 .440� .177 - - -

MedCL
SAM .467� .222 .505� .113 .486� .155 28.06 � 13.01 31.88 � 10.57 29.97 � 6.76
UNet .458� .229 .536� .152 .497� .196 47.84� 18.40 42.91� 17.64 45.37� 17.97

FullSup-UNet UNet .423� .253 .445� .149 .434� .205 117.61� 35.08 119.13� 22.7 118.37� 29.17
FullSup-nnUNet nnUNet .496� .252 .563� .141 .529� .204 43.86� 37.27 45.14� 33.86 44.50� 35.15

Figure 3: Qualitative results of typical pathologies from MyoPS dataset.

Multi-organ segmentation: Table 4 presents the multi-organ segmentation results
on the BTCV dataset. The results of the compared methods are sourced from VOCO (Wu
et al., 2024), which was pre-trained on 1.6K CT scans (including BTCV) and further �ne-
tuned using the BTCV dataset. Remarkably, even without pre-training, our model trained
from scratch outperforms VOCO by an average Dice of 1.72%. This highlights the e�ective-
ness of our proposed method in capturing the anatomical distribution of multiple organs.

Irregular pathology segmentation: We further evaluate MedCL to the challenging
task of myocardial pathology segmentation (MyoPS) with heterogeneous shape features.
We compare the proposed MedCL with scribble-supervised (nnPU (Kiryo et al., 2017),
CVIR (Garg et al., 2021), ModelMix (Zhang and Patel, 2024)) and fully-supervised (Fullsup-
UNet, Fullsup-nnUNet) benchmarks. We borrow the results of ModelMix from the original
paper, without incorporating any additional data sources. Table 3 summarizes the results.
One can �nd that the advantages of the MedCL are demonstrated evidently in such a di�cult
task, achiving comparable performance with fully supervised benchmarks with SAM and
UNet backbones, respectively. Figure 3 presents three typical cases.
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Table 4: Results on BTCV. The best results are bolded. `From Scratch' denotes the super-
vised baseline without self-supervised pretraining.

Type Method Spl RKid LKid Gall Eso Liv Sto Aor IVC Veins Pan RAG LAG AVG

w/ general pretraining

MAE3D (Chen et al., 2023; He et al., 2022) 93.98 94.37 94.18 69.86 74.65 96.66 80.40 90.30 83.10 72.65 77.11 71.34 60.54 81.33
SimCLR (Chen et al., 2020b) 92.79 93.52 93.36 60.24 60.64 95.90 79.92 85.56 80.58 63.47 67.77 55.99 50.45 75.14
SimMIM (Xie et al., 2022) 95.56 95.56 95.08 63.56 53.52 98.98 90.42 92.71 85.82 58.63 71.16 60.55 47.73 78.88
MoCo v3 (He et al., 2020; Chen et al., 2021b) 94.92 93.85 92.42 65.28 62.77 96.89 78.64 88.66 82.21 71.15 75.09 66.48 58.81 79.54
Jigsaw (Chen et al., 2021a) 94.62 93.45 93.23 75.63 73.23 95.03 85.61 90.65 83.58 71.71 79.57 65.68 58.05 81.35
PositionLabel (Zhang and Gong, 2023) 94.35 93.15 93.21 75.39 72.34 95.55 87.94 90.34 84.41 71.18 79.02 65.11 60.12 81.09

w/ medical pretraining

MG (Zhou et al., 2021) 91.99 93.52 91.81 65.11 76.14 95.98 86.88 89.65 83.59 71.79 81.50 67.97 63.18 81.45
ROT (Taleb et al., 2020) 91.75 93.18 91.62 65.09 76.55 95.85 86.16 89.74 83.03 71.73 81.51 67.07 62.90 81.25
Vicreg (Bardes et al., 2022) 92.03 92.50 91.62 75.24 74.96 96.07 85.50 89.43 83.08 74.74 78.35 71.14 63.44 81.81
Rubik++ (Tao et al., 2020) 96.21 91.36 92.68 75.22 75.52 97.44 85.94 89.76 82.96 74.47 79.25 71.13 62.10 82.39
PCRL (Zhou et al., 2023) 95.30 91.43 89.62 76.15 72.58 95.88 86.15 89.08 83.42 75.13 80.17 67.50 62.73 81.85
Swin-UNETR (Tang et al., 2022) 95.21 92.03 92.22 74.27 73.39 96.32 84.62 90.78 83.03 75.51 79.87 68.99 61.59 82.11
SwinMIM (Wang et al., 2023) 95.44 92.43 94.37 75.29 73.06 96.44 84.20 90.76 83.10 70.91 79.78 70.11 62.44 82.07
GL-MAE (Zhuang et al., 2023) 95.21 91.22 92.37 76.19 73.66 96.09 86.23 89.80 81.65 75.71 79.68 70.36 60.98 81.92
GVSLy (He et al., 2023) 95.27 91.22 92.37 74.92 74.20 96.64 86.02 90.48 82.14 72.42 78.67 67.44 62.73 81.93
VoCo (Wu et al., 2024) 95.73 96.53 94.48 76.02 76.50 97.41 78.43 91.21 86.12 78.19 80.88 71.47 67.88 83.85

from scratch
UNETR (Hatamizadeh et al., 2022) 93.02 94.13 94.12 66.99 70.87 96.11 77.27 89.22 82.10 70.16 76.65 65.32 59.21 79.82
Swin-UNETR (Hatamizadeh et al., 2021) 94.06 93.54 93.80 65.51 74.60 97.09 75.94 91.80 82.36 73.63 75.19 68.00 61.11 80.53
ours 95.69 95.04 96.60 84.24 78.65 97.57 90.60 93.78 87.22 75.87 80.99 72.64 63.47 85.57

Supervision sensitivity: By varying the number of scribble annotations, we vali-
date the supervision sensitivity of MedCL and compare it to FullSup-nnUNet and scribble-
supervised model on MSCMRseg and MyoPS,i.e., WSL4, and nnPU. As shown in Figure 4
(a) and (b), our MedCL surpasses the scribble-supervised benchmarks by large margins
on all experiments. Interestingly, one can observe that when the number of annotations
is particularly small (less than 5), scribble-supervised MedCL achieves comparable or even
slightly better performance than FullSup-nnUNet. This indicates the superiority of MedCL
in the situation of extremely weak supervision.

Comparison to SAM-based methods: By changing the shift of the bounding box
prompts, we evaluate the robustness of MedCL-SAM against noisy bounding boxes on
MSCMRseg and MyoPS datasets. As shown in Figure 4 (c) and (d), the performance of
SAM and MedSAM clearly decreases as the bounding box shift increases. In contrast,
MedCL-SAM is robust to bounding box shifts. Thanks to feature shu�ing and anatomy-
guided clustering, MedCL achieves the stable performance against noisy prompts.

Ablations: We validate the e�ectiveness of MedCL components with SAM and UNet
backbones. The models are trained with 5 scribbles and evaluated on the validation set.
We verify the key components of MedCL, including feature mixing (Mix/ L mix ), cluster loss
(L cluster , Eq. 4), and anatomy consistency loss (Lac, Eq. 5). Details are summarized in Ta-
ble 5. Incorporating feature shu�ing, Model #2 shows substantial improvement over Model
#1, with an average Dice increase of 17.1% (0.521 vs. 0.350) for SAM and 34.1% (0.563 vs.
0.222) for UNet, highlighting the bene�ts of our mix augmentation. Model #3, enhanced
with cluster loss (L cluster ), further improves Dice by 20.8% (0.558 vs. 0.350) for UNet and
7.5% (0.638 vs. 0.563) for SAM. Finally, with the addition of anatomy consistency loss
(L ac), our MedCL model achieves the best performance for SAM and UNet, respectively.
We provide the ablations of text prompts (Sec.3), batch size (Sec.2), and investigate the
e�ectiveness of feature shu�ing components (Sec.4), category label (Sec.1) in Appendix.

4. Conclusion

In this work, we have presented MedCL, a novel framework to learn anatomy distribution
for medical image segmentation, with two implementations based on SAM and UNet ar-

8




	Introduction
	Method
	Mixing features
	Cluster features

	Experiments
	Results

	Conclusion
	Category labels
	Batch size
	Types of text prompts
	Components of feature mixing
	Cross-validation on BTCV dataset
	Scribble visualization
	Pseudo code to optimize mapping P
	The contribution of the unsupervised and supervised loss
	The effect of each loss terms
	Rationale of MedCL


