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Abstract

In medical image analysis, multi-organ semi-supervised seg-
mentation faces challenges such as insufficient labels and
low contrast in soft tissues. To address these issues, exist-
ing studies typically employ semi-supervised segmentation
techniques using pseudo-labeling and consistency regulariza-
tion. However, these methods mainly rely on individual data
samples for training, ignoring the rich neighborhood infor-
mation present in the feature space. In this work, we argue
that supervisory information can be directly extracted from
the geometry of the feature space. Inspired by the density-
based clustering hypothesis, we propose using feature den-
sity to locate sparse regions within feature clusters. Our goal
is to increase intra-class compactness by addressing sparsity
issues. To achieve this, we propose a Density-Aware Con-
trastive Learning (DACL) strategy, pushing anchored fea-
tures in sparse regions towards cluster centers approximated
by high-density positive samples, resulting in more compact
clusters. Specifically, our method constructs density-aware
neighbor graphs using labeled and unlabeled data samples to
estimate feature density and locate sparse regions. We also
combine label-guided co-training with density-guided geo-
metric regularization to form complementary supervision for
unlabeled data. Experiments on the Multi-Organ Segmenta-
tion Challenge dataset demonstrate that our proposed method
outperforms state-of-the-art methods, highlighting its effi-
cacy in medical image segmentation tasks.

Introduction
Multi-organ segmentation in medical images is essential
for many clinical applications, such as computer-aided in-
tervention (Qu et al. 2024; Tang et al. 2023; Wang et al.
2022; Xu et al. 2024b; Ye et al. 2022, 2024b; Chen et al.
2023b; Chen, Pan, and Xia 2023; Chen et al. 2024), surgi-
cal navigation (Zheng et al. 2024; Hu et al. 2024, 2025; Tang
et al. 2024a), and radiotherapy (Mofid et al. 2024). However,
complex morphological structures of multiple organs, low
contrast of soft tissues, and blurred boundaries between ad-
jacent organs make dense annotation of multi-organ images
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extremely expensive and challenging. The scarcity of anno-
tations has become a bottleneck that limits the performance
of deep learning-based multi-organ segmentation models.
As a solution, semi-supervised learning (SSL) (Huang et al.
2024; Chi et al. 2024; Liu et al. 2024; Ye et al. 2024a) en-
hances labeling efficiency by leveraging a limited amount
of labeled data alongside a large amount of unlabeled data.
SSL aims to extract effective training signals from unlabeled
images to enhance model generalization.

To handle unlabeled data, most existing SSL methods are
based on the common density clustering assumption (Wang
et al. 2023), i.e., samples located in the same high-density
area are likely to belong to the same class, and the deci-
sion boundary should be located in the low-density area. In
other words, by achieving inter-class separation based on
density, semi-supervised models can output highly confi-
dent predictions without the supervision of corresponding
labels. Current multi-organ segmentation methods (Wong
et al. 2024) mainly focus on separating low-density areas.
These methods make invariant predictions to perturbations
around each unlabeled data point or encourage nearby sam-
ples to make the same predictions, including performing
consistency regularization (Chen et al. 2023a) or generating
pseudo-labels (Basak and Yin 2023). Despite making some
progress, current methods mainly utilize single data samples
and ignore the rich neighborhood information for learning
more discriminative features. Therefore, these methods face
challenges with regards to data scarcity and feature sparsity.

Recent advances in manifold learning have established
two properties (Dosovitskiy et al. 2020): (1) allowing sim-
ilar features to be closer to each other, while dissimilar
features move further apart; (2) providing superior mani-
fold metrics to measure discrepancies with different statis-
tical and geometrical properties. Based on these, we mine
effective neighborhood information from the geometry of
the feature space. As shown in Fig. 1 (a), learning that in-
corporates neighborhood information can effectively cap-
ture the complex shapes of various organs (e.g., large liver
and small pancreas) and produce more compact and dis-
criminative embeddings (Fig. 1 (b)). In contrast, directly us-
ing pixel-level features in contrastive learning methods can
misidentify some organ pixels as background, particularly
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Figure 1: Left (a): Qualitative comparison of abdominal organs. As observed in the red boxes, the contrastive learning method
that incorporates geometric neighborhood information achieves a more plausible appearance and a more complete structure
compared to the conventional SSL method. Right (b): t-SNE (Van der Maaten and Hinton 2008) reveals that our method pro-
duces more compact class clusters with clearer separation between each class compared to the baseline. The clustering perfor-
mance is evaluated using Silhouette (Rousseeuw 1987), Davies-Boulding (Davies and Bouldin 1979) and V-Measure (Rosen-
berg and Hirschberg 2007) score. Our method outperforms the baseline in clustering performance metrics.

for smaller organs (Fig. 1 (a)).
In this work, we propose a learning strategy called

Density-Aware Contrastive Learning (DACL). Within the
feature clusters of both labeled and unlabeled data, we con-
struct density-aware neighbor graphs by measuring local
density based on the average distance between the target
feature and its nearest neighbors. To achieve robust percep-
tion, we introduce a category memory bank to overcome the
limitations of small batches, enabling global estimation of
intra-class density in a feature-to-bank manner. Simultane-
ously, we use density-aware maps to comprehensively esti-
mate the final density and locate sparse regions. We also pro-
pose Soft Density-Guided Contrastive Learning (SDCL) to
explicitly shrink sparse regions for more compact clusters.
Specifically, sparsity search is conducted within class fea-
ture clusters using density-aware neighbor graphs to locate
low-density features as anchors. Meanwhile, features from
dense areas are selected as positive keys to approximate
cluster centers. Subsequently, we calculate the positiveness
score of each low-density feature with the corresponding
positive key and incorporate it into the contrastive loss cal-
culation. A lower score indicates greater sample distance.
Through contrastive learning, anchors are drawn closer to
positive keys, enhancing feature clustering.

We evaluate our proposed method on Automatic Cardiac
Diagnosis Challenge (ACDC) (Bernard et al. 2018) and the
Synapse multi-organ segmentation (Landman et al. 2015)
under various semi-supervised settings, where our method
achieves state-of-the-art performances. The main contribu-
tions of our work are summarized as follows:

• We propose a Density-Aware Contrastive Learning
(DACL) strategy that focuses on effectively utilizing the
geometric structure of the feature space to address the
challenge of data scarcity and feature sparsity in semi-
supervised multi-organ segmentation.

• We propose mining effective neighborhood information

in the feature space and integrating it into contrastive
learning, consequently enhancing intra-class compact-
ness in the feature space.

• Experimental results on benchmark datasets demonstrate
that our method significant improves upon the efficacy of
previous state-of-the-art methods.

Related Work
Semi-supervised Medical Image Segmentation. Recent
efforts in semi-supervised segmentation have been focused
on incorporating unlabeled data into CNNs (Tang et al.
2024b; Zhao et al. 2024a; Liu et al. 2022; Wu et al. 2024b,a;
Yang et al. 2023), which can be broadly categorized into five
groups: self-training (Chi et al. 2024), co-training (Ma et al.
2024), deep adversarial learning (Xu et al. 2024a) and self-
ensembling (π-model (Deng et al. 2024) and Mean-Teacher
model (Zhao et al. 2024b)). For instance, Liu et al. (Liu et al.
2023) achieved Deep Co-Training by learning two classifiers
on two views. Liu et al. (Liu, Li, and Yuan 2024) designed
a Deep Adversarial Network, which enforced the segmenta-
tion of unlabeled data to be similar to the labeled ones. Yu et
al. (Yu et al. 2019) proposed an Uncertainty-Aware Mean-
Teacher, which enables the student to learn from reliable
targets. Nevertheless, considering most regions with low un-
certainty tend to be easy for a segmentation network to make
correct predictions (Jiang et al. 2024), low prediction qual-
ity for hard regions such as boundaries remains a challenge
for performance improvement (Wu et al. 2022a). Therefore,
we aim to improve the general quality of the learning target
directly based on a co-training framework.
Contrastive Learning. Image-level contrastive learning has
achieved significant results in self-supervised learning. Typ-
ical methods such as SimCLR (Chen et al. 2020) have
proposed pipelines for learning augmentation-invariant rep-
resentations, which outperform traditional supervised pre-
training methods (Wu, Zhuang, and Chen 2024). Building
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Figure 2: Overview of the proposed unified learning framework. (a) shows the feature density-aware module. (b) shows our
Soft Density-guided Contrastive Learning strategy. For labeled image xl

i, we apply the commonly-used supervised loss Lsup

to update model parameters. For unlabeled image xu
i , the model is optimized with the cross-supervised consistency loss Lcross

and one manifold constraint Lsoft
CL to explore the geometry of the feature space.

on this, we guide pixel-level feature learning by incorporat-
ing label information and transforming feature density into
training signals, enhancing model performance.

Methodology
Fig. 2 illustrates the overall architecture of our proposed
DACL framework, which builds upon the co-teaching
paradigm. This framework aims to mine effective supervi-
sion from unlabeled images by leveraging a limited set of
annotations. It employs a density-guided contrastive learn-
ing strategy to regularize the structure of clusters in the fea-
ture space. Within each mini-batch, we evaluate the density
to locate features in sparse regions as anchors, while select-
ing features from dense regions as positive keys approximat-
ing the cluster center. By pushing low-density anchors to-
wards the approximated cluster center, we aim to minimize
contrastive loss, dynamically shrink cluster volume, and
increase intra-cluster compactness. Furthermore, we softly
calculate the positiveness score for each low-density feature
with its corresponding positive key and incorporate it into
the contrastive loss calculation.

Co-training Framework with Geometric Loss
In a general semi-supervised learning problem, assume
that the whole dataset consists of NL labeled samples{(

xl
i, yi

)}NL

i=1
and NU unlabeled samples {xu

i }
NU

i=1, where
xi ∈ RH×W denotes an image and yi ∈ RN×H×W is
the ground-truth annotation with N classes (including back-
ground). W and H respectively represent the width and
height of the input image. We adopt a co-teaching paradigm
such as MCNet (Wu et al. 2021) to enforce two segmenta-
tion models Mseg·a and Mseg·b to predict the prediction re-
sults of its counterpart. To leverage limited annotations and

extract effective supervisory information from unlabeled im-
ages, we identify sparse region features as anchors and use
representative features as positive keys. Our objective is to
minimize the contrastive loss by pushing low-density an-
chors towards the cluster center, enhancing cluster compact-
ness. A unified loss function L optimizes the model:

L = Lsup + λcrossLcross + λCLLsoft
CL , (1)

where Lsoft
CL is the soft density-guided contrastive loss,

and Lsup and Lcross are the supervised loss and cross-
supervised loss, respectively. λcross and λCL are used to bal-
ance the relationship between losses (specifically, we choose
λcross = 1 and λCL as Gaussian warming up function
λ(t) = 0.1 × e−5(1−t/tmax)

2

, where t is the current train-
ing step and tmax is the maximum training step). During
training, a batch of mixed labeled and unlabeled samples are
fed into the network. The supervised loss L is applied only
to labeled data, while all samples are utilized to construct
cross-supervised learning. Refer to the Appendix for details
on Lsup and Lcross losses.

Feature Density-Aware Module
Before analyzing the density of features within each class,
we first approximate the distribution of class features. The
features of classes within images or batches can only of-
fer a partial perspective. For each image x, the input to en-
coder extract feature maps f ∈ RW×H×D with D channels
and the feature maps are mapped to the projection space
j = z(f) by a projection head z for instance prototyping.
Each instance embedding represents the regional semantics
of the categories observed in x based on the corresponding
ground truth or pseudo labels Mn. Specifically, for the n-
th category, its projected features is summarized to a vector
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vn ∈ RD by masked average pooling (MAP) (Siam, Ore-
shkin, and Jagersand 2019):

vn =

∑W
x=1

∑H
y=1 Tn(x, y) ∗ j(x, y)∑W

x=1

∑H
y=1 T(x, y)

, (2)

where Tn = 1 (Mn > ϕ) ∈ {0, 1}W×H is a binary mask,
emphasizing only strongly-activated pixels of class n in
its activation map. 1(·) is an indicator function, and ϕ is
a hyper-parameter denoting the threshold of the reliability
score. ∗ represents element-wise multiplication. Here, vn is
compact and lightweight, allowing feasible exploration of its
relationships with numerous other samples.

We propose a dynamic memory bank to aggregate class
features from the entire dataset, enabling more comprehen-
sive modeling of class features. Specifically, we extract em-
beddings using two segmentation models. The embeddings
v ∈ RB×D are projection features with batch size B. These
embeddings are stored in the memory bank. For each class
n, the feature memory Gn is updated following a First-In,
first-Out strategy while maintaining a fixed size L. In this
module, we adopt a feature-to-bank approach to construct
density-aware graphs. Within a mini-batch, the features for
class n are denoted as Vn = {vi}Bi=1. As shown in Fig. 2
(a), we measure the density of each v by constructing a k-
nearest neighbor graph NN(v) = {vj}kj=1 within Gn ∪ V .
The density dv is computed as the average cosine similarity
between v and its k neighbors:

dv =
1

|NN(v)|
∑

r∈NN(v)

f̃Tr f̃v, (3)

where f̃r, f̃v are the L2-normalized feature embedding of
r and v. We compute densities {dv} to identify the low-
density and high-density features of v. Meanwhile, batch
features with density values {(v, dv)} are used to update the
corresponding memory bank. Since density estimation with
a few neighbors tends to focus on local regions, true cluster
centers fail to be captured. To achieve a more accurate esti-
mation, we introduce multi-scale nearest neighbor graphs:

NNmulti-scale = {NNki}
N
i=1 (4)

for the target feature vector v, where k1 < k2 < . . . < kn
and n denotes the number of different neighbor scales used.
We compute density values d1, d2, . . . , dn using different
graphs according to Eq. 3. The final estimation is calculated
as the average density value:

dv =
1

N

N∑
i=1

div. (5)

Soft Density-Guided Contrastive Learning
Here, we introduce Soft Density-Guided Contrastive Learn-
ing for complementary supervision on unlabeled data. The
feature vectors in each mini-batch are ranked based on their
density values, and those with low-density features are se-
lected as anchors. Meanwhile, features are extracted from a
memory bank as positive keys, and the positiveness scores
between low-density features and positive keys are com-
puted and incorporated into the contrastive loss.

Low-density (sparse) Anchors Sampling. Density val-
ues are used to measure the representativeness of features
within a class, indicating the “hardness” of training for each
feature. Features with low-density values indicate less rep-
resentativeness in the class, i.e., insufficient training for the
current model state or being trapped in local optima. There-
fore, addressing sparse regions of features will benefit the
learning process. For all features of a specific class within
a mini-batch, we first estimate their densities based on the
corresponding memory bank. They are then ranked by their
density values. For each class n, we select the Nq features
with the lowest densities as anchors and store them in Mn:

Mn =

{
mn

i : i ∈ argmin
mn

i ∈Vn

(
dmn

i

)
, top Nq

}
, (6)

where dmn
i

denotes the density value of feature mn
i and

argmin selects the indices of the Nq lowest density values
in the current mini-batch.

High-density (dense) Positive Key Sampling. We ap-
proximate the class center using only high-density features
to guide the anchors. During training, a total of N+

p high-
density positive keys are sampled from both the mini-batch
and the memory bank. While batch features provide fresh
and intra-object contrasts, the global memory bank exhibits
more comprehensive and diverse category patterns. There-
fore, assuming complementarity between these two sets of
features can provide robust center estimation. We select the
1
2N

+
p positive keys with the highest density from the mini-

batch and the other 1
2N

+
p from the memory bank for class n

and store them in Pn,+
type as:

Pn,+ =

{
mn

i : i ∈ argmax
pn
i ∈Vn∪Gn

(
dmn

i

)
, top

1

2
N+

p

}
, (7)

where θnglobal/local denotes the N+
p -th highest intra-class den-

sity value in the current batch/memory bank. Next, we cal-
culate the category cluster center as:

pn,+
center =

1

|Pc,+|
∑

p+∈Pn,+

p+. (8)

Negative Key Sampling. We randomly sample N−
p out-

of-class features for each class n from the anchors in the
current batch, forming Pn,− = {p−} to create negative con-
trast pairs.

Positiveness Scores. We have designed pair-wise positive-
ness scores to softly measure (in a non-binary form) the rele-
vance between low-density features and positive keys within
the same class. For sample pairs (mn

i , pn,+
center), we use the

following positiveness score wi to adjust the contribution of
low-density features in contrastive learning:

wi =
1

γi
softmax

[
l1 (m

n
i )× l2

(
pn,+

center
)⊤]

, mn
i ∈ Mn,

(9)
where l1(·) and l2(·) are parameter-free identity mapping
layers in feature transformation. γi is a scaling factor to ad-
just wi.
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ACDC database Synapse dataset

Methods

Scans used Metrics Scans used Metrics

Labeled Unlabeled Dice(%)↑ JC(%)↑ ASD(voxel)↓ Labeled Unlabeled Dice(%)↑ JC(%)↑ ASD(voxel)↓

V-Net 3(5%) 0 43.30±8.6 37.01±6.90 12.41±0.8 2(10%) 0 12.37±9.7 10.29±6.8 68.14±6.9
V-Net 7(10%) 0 79.62±1.5 68.11±1.88 2.94±1.2 4(20%) 0 32.13±6.4 27.58±3.4 35.84±2.2
V-Net 70(All%) 0 91.54±0.7 84.87±0.36 0.90±0.6 20(All%) 0 62.09±1.2 58.43±2.6 10.28±3.9

CPS

3(5%) 67(95%)

57.67±0.5 44.02±0.6 3.75±1.8

2(10%) 18(90%)

18.07±1.2 14.42±0.9 57.64±1.8
MC-Net 61.56±1.9 49.45±0.8 2.38±0.4 21.96±6.1 19.42±2.6 55.42±4.6
URPC 54.69±1.2 44.78±0.9 3.47±0.3 26.37±1.5 23.62±1.2 53.95±9.3
SS-Net 64.12±1.7 54.32±0.7 2.03±1.4 17.5±3.0 15.73±0.8 66.17±8.0
BCP 65.92±1.2 53.98±0.8 2.15±0.8 20.91±5.9 18.64±0.7 62.33±8.5
CAML 66.15±1.4 55.01±0.5 2.09±0.4 19.68±6.3 17.54±0.8 60.72±9.3
DHC 67.19±0.9 55.65±1.3 2.01±0.7 25.64±0.9 21.43±1.1 56.82±4.0
Cross-ALD 80.61±1.7 67.83±1.2 1.9±0.4 26.79±0.5 22.13±0.8 54.25±2.2
ACTION++ 88.5±0.9 74.32±1.4 0.72±0.3 27.41±0.9 24.37±0.4 53.69±1.2
DACL (Ours) 90.12±0.4 76.12±1.6 0.55±0.2 29.88±0.7 26.54±1.2 51.32±1.4

CPS

7(10%) 63(90%)

85.71±0.9 70.53±0.6 4.00±0.9

4(20%) 16(80%)

31.46±2.5 28.13±2.0 40.74±6.9
MC-Net 86.44±1.7 72.64±1.5 1.84±0.4 32.46±3.3 29.64±1.7 43.21±7.1
URPC 83.37±0.2 69.31±0.8 1.56±0.2 25.68±5.1 23.56±1.2 72.74±15.5
SS-Net 86.78±0.7 75.12±1.3 1.45±0.2 35.08±0.6 32.47±1.3 50.81±6.5
BCP 87.62±0.5 75.86±1.2 1.46±0.3 35.57±2.9 31.65±1.5 36.39±3.5
CAML 88.48±0.2 76.12±1.0 1.35±0.3 37.35±2.6 34.61±1.2 37.42±2.8
DHC 87.34±0.6 75.63±1.0 1.37±0.4 39.61±3.9 36.45±1.8 34.73±2.6
Cross-ALD 87.52±0.9 76.42±1.4 1.6±0.3 37.93±1.1 34.76±1.2 37.24±1.9
ACTION++ 89.4±1.1 78.16±1.2 0.59±0.4 39.43±0.9 36.48±1.2 34.19±1.2
DACL (Ours) 90.91±0.5 79.12±1.0 0.38±0.2 41.32±1.2 37.54±1.0 32.65±1.1

Table 1: Comparison with state-of-the-art methods on the ACDC dataset (with 5% and 10% label data) and Synapse dataset
(with 10% and 20% label data). Metrics reported the mean±standard results with three random seeds.

Soft Density-Guided Contrastive Learning. We utilize
a pixel-level contrastive loss to align low-density anchors
mn

i with their the cluster center pn,+
center approximated by lo-

cal and global high-density positive keys. This approach is
inspired by the SupCon (Khosla et al. 2020). Our method-
ology includes selective sampling and optimization across
all classes within a batch. Soft Density-Guided Contrastive
Learning employs the following contrastive loss function,
with τ as the temperature parameter:

Lcontra = −
∑
n∈N

∑
mi∈Mn

log
wi · exp

(
mi · pn,+

center/τ
)∑

pn,−∈Pn,− exp (mi · pn,−/τ)
.

(10)
Claim 1. Assume we train models using the proposed opti-
mization method, pn,+

center and Mn are n-th class high-density
positive keys and low-density anchor set, respectively. The
optimal value of similarity measure s∗i can be expressed as

wi∑Nq
k=1 wk

, where wi is the corresponding positiveness score

for the prototype pair (pn,+
center, mi ∈ Mn) in Eq. 10.

Experiments and Results

Dataset and Evaluation Metrics
We evaluate our proposed method on four public datasets
with different imaging modalities, the Automatic Cardiac
Diagnosis Challenge dataset (ACDC) (Bernard et al. 2018)
and Synapse Dataset (Landman et al. 2015). We evaluate
our model and other methods using four criteria on the same
testing set for fair comparisons, including the Dice similar-
ity coefficient (Mean Dice), Jaccard (JC), and the average

surface distance (ASD). We stack the results of each testing
case in all folds together and report the mean and standard
deviation (in parentheses) of each metric. The best-column
results are highlighted in red and bold.

Implementation Details
All models are trained with the SGD optimizer, where the
initial learning rate is 0.01, momentum is 0.9 and weight de-
cay is 10−4. The network converges after 30,000 iterations
of training. An exception is made for the first 1,000 itera-
tions, where λcross and λCL are set to 1 and 0, respectively,
which prevents model collapse caused by the initialized pro-
totypes. Empirically, the hyperparameter Nq (the number of
anchors per class in each mini-batch) is set to 256. For each
anchor, the number of positive keys N+

p and negative keys
N−

p are both set to 512. The temperature coefficient τ in
Eq. 10 is set to 0.4. More details are in the appendix.

Comparisons with State-of-the-Art Methods
We evaluate our proposed model on two datasets using dif-
ferent baseline models (Chen et al. 2021; Wu et al. 2021;
Luo et al. 2021; Wu et al. 2022b; Bai et al. 2023; Gao et al.
2023; Wang and Li 2023; Nguyen-Duc et al. 2023; You
et al. 2023) to verify the effectiveness of segmentation. Our
method is compared with fully supervised learning (SL) and
seven state-of-the-art SSL methods from three categories.

ACDC Dataset. As given in Table 1, DACL surpasses ex-
isting methods under all settings and achieves a new state-of-
the-art. It also achieves remarkable improvements compared
to the second-best results on three partitions (Dice: +1.62%,
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Figure 3: Visualization of the segmentation results from different methods on the Synapse dataset.

PCL DA MS Bank wi ACDC Synapse

I 85.71±0.9 18.07±1.2
II ! 87.50±0.8 24.32±0.6
III ! ! 88.60±0.7 25.45±0.6
IV ! ! ! 89.30±0.6 26.30±0.5
V ! ! ! ! 89.80±0.5 27.12±0.5
VI ! ! ! ! ! 90.91±0.5 29.88±0.7

Table 2: Ablation study on main components of the proposed
framework on ACDC and Synapse dataset. PCL: Plain con-
trastive learning. DA: Density-aware anchor and key sam-
pling at a single scale and in min-batch. MS: Multi-scale
density estimation. Bank: Density is estimated with class
memory, and positive keys are extended. Positiveness wi:
Correlation between low-density features and cluster center.

1.51%; ASD: +0.17mm, +0.21mm). This further demon-
strates the effectiveness of our proposed framework, espe-
cially in the challenging 5% labeled data setting where our
model significantly outperforms the contrastive learning-
based CAML method (Dice: +1.62%).

Synapse Dataset. Table 1 lists the comparison results on
the more challenging Synapse dataset with 14 categories.
The data features complex anatomical contrasts, convoluted
boundaries, and heterogeneous textures. Under different set-
tings, the improvements of DACL over the state-of-the-art
methods are +2.47% and +1.89% in Dice demonstrating
the outstanding robustness of DACL. The performance im-
provement of the model is attributed to DACL’s effective uti-
lization of geometric structures in the feature space, which
enhances intra-class compactness and robustness, particu-
larly in scenarios involving complex anatomical contrasts
and heterogeneous textures.

I II

III V VI

GT

Figure 4: Qualitative results on Synapse dataset using dif-
ferent components, corresponding to experiments I, II, III,
V, and VI in the table 2.

Visual Comparison. As shown in Fig. 3, the baseline
method performs poorly in predicting minority classes and
blurry boundaries. The segmentation results of DACL con-
sistently give better boundary accuracy compared to other
methods, aligning more closely with the ground truths. Sim-
ilar to ACTION++, DACL can segment tiny objects with
complex boundaries (e.g., gallbladder) and large objects
with fine structures (e.g., stomach), as indicated by the or-
ange arrows. This demonstrates DACL’s ability to capture
semantics and object structures more accurately.
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Methods ACDC Synapse

Baseline 85.71±0.9 18.07±1.2

Class-wise

+ ED 87.50±0.8 22.88±0.7
+ IFVD 88.60±0.7 25.00±0.6
+ PLCL 89.30±0.6 26.50±0.5
+ Ours 90.50±0.5 27.50±0.5

Pixel-wise

+ InfoNCE 87.00±0.8 23.00±0.7
+ PLCT 88.20±0.7 25.50±0.6
+ SCM 89.10±0.6 26.70±0.5
+ Ours 90.91±0.5 29.88±0.7

Table 3: Comparison of different Class-wise and Pixel-wise
losses on the ACDC and Synapse dataset.

Ablation Study
We conduct an ablation study on the ACDC and Synapse
datasets using 10% labeled data, evaluating each compo-
nent’s contribution with the Dice score.

Density-Aware Contrastive Learning. In the ablation
study, we analyze the contributions of each component, con-
ducting ablation studies on the Synapse dataset. The quanti-
tative results are given in Table 2, with the CPS (Chen et al.
2021) model as the baseline. We then introduce plain con-
trastive learning with a random sampling strategy (Experi-
ment II), which only brings limited gains. In Experiment III,
we introduce single-scale density information to guide train-
ing (mini-batch density estimation and positive keys sam-
pling), significantly improving the performance by 1.13% in
Dice. In Experiment IV, we introduce multi-scale density-
aware nearest neighbor graphs, improving the performance
by 0.85% in Dice. In Experiment V, when estimating density
in memory and extending positive samples through memory
features, the performance is further improved by 0.82% in
Dice, indicating the importance of leveraging the memory
bank in our framework. In Experiment VI, considering the
hardness of instances in contrastive learning, we introduce
adaptive weights wi to adjust the low-density features and
cluster centers (unlike uniform weight for different features),
further improving the performance to achieve the highest
Dice score of 29.88±0.7.

Visualization of Results. As shown in Fig. 4, the baseline
combines density-guided contrastive learning (III), multi-
scale density estimation (IV), and adaptive weights (VI), fur-
ther improving segmentation accuracy. The model trained
with our DACL strategy can eliminate small false positive
regions and accurately detect the details of most organs, es-
pecially near adherent edges or in low-contrast regions.

Comparison of Contrastive Losses. To verify the ca-
pability of density constraints for class reasoning, we re-
place them with several standard class-wise and pixel-wise
losses, including ED (Li et al. 2022), IFVD (Wang et al.
2020), PLCL (Alonso et al. 2021), SCM (Miao et al. 2023),
and PLCT (Chaitanya et al. 2023). As given in Table 3,
our proposed pixel-wise contrastive learning module signif-
icantly outperforms other these methods, demonstrating that
DACL enhances semantic discriminative ability in the fea-
ture space, whereas other methods lack semantic distinction.
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Figure 5: Mean Dice performances on the Synapse dataset
with different hyperparameters. Performances with various
(a) λcross and λCL in Eq. 1, (b) Memory bank size, (c)
threshold ϕ for generating the 0-1 seed mask in Eq. 2, and
(c) temperature hyperparameters τ in Eq. 10.

Effectiveness of positiveness metrics. We evaluate the ef-
fects of λcross and λCL, as well as the Gaussian warming-up
function λ(t). As shown in Fig. 5 (a), we first evaluate the
effect of λCL when λcross = 1.0 (in pink). When the value
of λCL is low (i.e., λCL = 0.5), our density-guided con-
trastive learning positively impacts optimization. However,
we find higher values to be detrimental, possibly because
the overall loss is overwhelmed by the high uncertainty of
the unlabeled data, hindering the training process. The best
performance is achieved when choosing λ(t) as λCL, as it
can adaptively increase the weight according to training it-
erations. Next, we fixed λCL = λ(t) and used different val-
ues of λcross (in blue). Overall, λcross = 1 achieves the
best results. As shown in Fig. 5 (b), compared to not using
the Memory bank, Mean Dice increases by at least 1.05%.
Also, we observe a positive correlation between Memory
bank size and performance, especially at length 1000. As
shown in Fig. 5 (c), demonstrates stable performance across
different 0-1 seed mask thresholds ϕ, indicating insensitivity
to this hyperparameter. Fig. 5 (d) indicates an optimal tem-
perature τ of 0.4, consistently outperforming the baseline.

Conclusion
In this paper, we propose a novel framework named DACL
for semi-supervised multi-organ segmentation. Our key idea
is to mine effective supervision from the geometry of clus-
ters. To this end, two novel modules: Feature Density-Aware
module (FDA) and Soft Density-guided Contrastive Learn-
ing (SDCL) are proposed to mine effective neighborhood
information by tackling sparse regions inside the feature
space. Extensive experimental results on two public multi-
organ segmentation datasets demonstrate that we outperform
previous state-of-the-art results by a large margin without
extra computational load required.
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