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Abstract

Based on pseudo-labels, voxel-wise contrastive learning
(VCL) is a prominent approach designed to learn effec-
tive feature representations for semi-supervised medical im-
age segmentation. However, in multi-organ segmentation
(MoS), the complex anatomical structures of certain organs
often lead to many unreliable pseudo-labels. Directly ap-
plying VCL can introduce confirmation bias, resulting in
poor segmentation performance. A common practice is
to first transform these unreliable pseudo-labels into com-
plementary ones, which represent classes that voxels are
least likely to belong to, and then push voxels away from
the generated complementary labels. However, we find
that this approach may fail to allow voxels with unreli-
able pseudo-labels (unreliable voxels) to fully benefit from
the advantages of VCL. In this paper, we propose DVCL,
a novel distance-aware VCL method for semi-supervised
MoS. DVCL is based on the observation that unreliable vox-
els, which may not form discriminative feature boundaries,
still form clear clusters. Hence, voxels close to each other
in the feature space (‘neighbors’) likely belong to the same
semantic class, while distant ones (‘outsiders’) likely be-
long to different classes. In DVCL, we first identify neigh-
bors and outsiders for all unreliable voxels, and then pull
their neighbors into the same clusters while pushing out-
siders away. In this way, unreliable voxels can learn more
discriminative features, thereby fully enjoying the advan-
tages of VCL. However, DVCL itself will inevitably intro-
duce the problem of noisy neighbors and outliers. To ad-
dress these challenges, we further propose a neighbor parti-
tioning strategy and a query outlier strategy to provide more
stable feature representations for DVCL. Extensive experi-
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ments demonstrate the effectiveness of our method.

1. Introduction
Medical image segmentation [31, 52] is a critical task in
computer-aided diagnosis. However, considering the large
amount of effort required for labeling data, semi-supervised
learning (SSL) is often employed. With the continuous
advancement of feature extraction techniques [7, 15, 17,
22], voxel-wise contrastive learning (VCL) [3, 46, 49]
has proven highly effective in SSL. Based on the initially
generated pseudo-labels, VCL pulls voxels with the same
pseudo-labels together in feature space while pushing those
with different pseudo-labels away from each other, thereby
learning effective representations from unlabeled voxels for
the segmentation task.

However, existing VCL methods can encounter diffi-
culty in multi-organ segmentation (MoS). MoS is more
challenging than single-organ segmentation due to complex
anatomical structures, including large size variations, dif-
ferent shapes, and overlapping organs [39, 53, 54]. Con-
sequently, segmenting these organs (e.g., the left and right
adrenal glands) becomes considerably more difficult [4, 39],
resulting in many unreliable pseudo-labels, especially at the
initial stage. These unreliable pseudo-labels generally lead
to confirmation bias [2, 23] in VCL, ultimately lowering the
segmentation performance on these organs in MoS.

To address these challenges in VCL, some methods [3,
35, 41] choose not to use voxels with unreliable pseudo-
labels (unreliable voxels). However, given the amount of
unreliable voxels, this approach wastes the valuable infor-
mation contained in them. To leverage information con-
tained in a large number of unreliable pseudo-labels, a pop-
ular practice [11, 12, 14, 44] is to push the voxel away from
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Figure 1. Illustration of the difference between (a) previous
method and (b) our method in making full use of unreliable vox-
els within contrastive learning (CL). t-SNE [38] visualization of
feature spaces on FLARE 2022 [29] val image. For better vi-
sualization, we show five classes, with the numbers indicate the
true classes of the features. As seen, our method encourages the
learning of more discriminative decision boundaries among these
classes, allowing unreliable voxels to fully enjoy the advantages
of CL, as highlighted in the dashed boxes.

the prototypes of its complementary labels. These gener-
ated complementary labels represent classes the voxel is
least likely to belong to, and therefore can be more reliable
than the original pseudo-label. Taking Fig.1(a) as an exam-
ple, the unreliable voxels (voxels 4, 5, 6, and 12), which are
least likely to belong to class 2, are further pushed away
from the prototype of class 2 based on VCL.

Despite this technique successfully leverages informa-
tion from unreliable pseudo-labels, it still has limitations.
An example is shown in the upper figure of Fig.1(a). After
being pushed away from the prototype of class 2, voxels 4
and 5, as well as voxels 4 and 6, which are originally well-
distinguished after VCL, become closer to each other. In-
tuitively, classes that should not be confused are incorrectly
brought closer, potentially leading to interference between
them. Furthermore, some voxels (e.g., voxels 5) may devi-
ate from their original clustering structure. Consequently,
this approach focuses solely on pushing unreliable voxels
away from the generated complementary labels, which may
prevent them from fully enjoying the advantages of VCL,
such as inter-class separation and intra-class aggregation.

In this paper, we propose a novel distance-aware VCL
(DVCL) technique to address the above challenges. First,

we observe that after VCL, although distinct discriminative
feature boundaries have not been formed between classes of
unreliable voxels, those of the same class are still expected
to form a cluster in feature space, with some neighborhood
relationships remaining evident. For example, voxels 4 and
12 may be confused, whereas voxels 4 and 5, as well as vox-
els 4 and 6, are relatively easy to distinguish (see the top fig-
ure of Fig.1(b)). This phenomenon also highlights the core
advantage of VCL, which lies in promoting the formation of
distinct clustering structures [1, 42]. Based on this observa-
tion, the rationale behind DVCL is simple: for an unreliable
voxel, its close unreliable voxels in feature space (referred
to as neighbors), which likely belong to the same seman-
tic class, while its far-away unreliable voxels (referred to as
outsiders), which likely belong to different classes. Specifi-
cally, in DVCL, we first identify, for each unreliable voxel,
its neighbors and outsiders. During contrastive learning, for
all unreliable voxels, we pull their neighbors into the same
clusters while pushing outsiders away. An example of us-
ing DVCL is shown in Fig.1(b). Take voxel 4 as an example
(Query). Before implementing DVCL, some instances of
voxels 4 are its neighbors, while some instances of voxels 5
and 6 are its outsiders. Then, neighbors are pulled into the
same cluster as the query, while outsiders are pushed away.
In this way, we encourage unreliable voxels to learn more
discriminative features, allowing them to fully enjoy the ad-
vantages of VCL. This further facilitates the generation of
higher quality pseudo-labels.

Though our proposed DVCL can lead to good perfor-
mance, we find two main obstacles that may negatively im-
pact its effectiveness. (1) Noisy Neighbor Dilemma: Vox-
els from different classes may ultimately become neigh-
bors due to their close proximity to each other in the fea-
ture space. (2) Outlier Query Dilemma: When an out-
lier serves as a query, it may degrade feature representa-
tions, as outliers typically lack semantically similar neigh-
bors. To reduce the potential impact of noisy neighbors and
outliers, we first adopt the neighbor partitioning strategy
(NPS), which classifies neighbors into two categories: rele-
vant neighbors and ordinary neighbors. During DVCL, rel-
evant neighbors are assigned higher weights than ordinary
neighbors to reflect their greater contribution to neighbor
clustering. Second, we further propose a query detection s
trategy (QDS) to exclude potential outliers when selecting
queries in DVCL, leading to further performance gains. We
apply DVCL on four datasets under different partition pro-
tocols and demonstrate its superior performance. Overall,
our contributions can be summarized as follows:

• We propose a novel distance-aware voxel-wise con-
trastive learning (DVCL) technique to encourage unreli-
able voxels to learn more discriminative features, allow-
ing them to fully enjoy the advantages of VCL.

• We introduce the neighbor partitioning strategy (NPS)
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and the outlier detection strategy (ODS) to enhance the
stability of feature representations in DVCL.

• Extensive experiments are performed on four public
datasets, resulting in new state-of-the-art results on dif-
ferent scenarios.

2. Related Work
Semi-supervised Multi-organ Segmentation. Due to the
large variations of appearance and size of different organs,
semi-supervised MoS has been a popular yet challenging
task [30, 34, 40, 48, 55]. To address the class-imbalance
problem, [24] proposed CLD to leverage label distribution
to encourage the network to put more effort into small or-
gan. Similarly, [39] proposed DHC, which dynamically uti-
lizes pseudo-labels to guide the model in mitigating data
and learning biases. To enhance the quality of pseudo-
labels with the help of labeled data, [4] designed Magic-
Net, which helps unlabeled images learn semantic informa-
tion about organ positions from labeled images. Addition-
ally, [53] proposed GuidedNet, which refines pseudo-labels
by leveraging feature distributions from labeled data. Re-
cently, several methods have sought to enhance voxel classi-
fication accuracy by constructing a well-structured embed-
ding space through VCL. [32, 36, 45] utilize VCL to boost
the representation capacity under the guidance of pseudo-
labels, thus exploring unlabeled data more efficiently. Con-
sidering that unreliable pseudo-labels may not be accurate,
[25] designed UGCL to select reliable parts from the unreli-
able pseudo-labels using predicted probabilities for further
utilization. In this work, we fully utilize unreliable pseudo-
labels and encourage voxels with unreliable pseudo-labels
to learn more discriminative features, thereby enhancing
segmentation performance for challenging organs in MoS.
Semi-supervised Contrastive Learning. Recently, VCL
has achieved significant success in extracting powerful fea-
tures from unlabeled data in SSL [11, 14, 41, 42]. For exam-
ple, [42] proposed a VCL algorithm for SSL semantic seg-
mentation that enhances similarity between embeddings of
same-class voxels while distinguishing different-class vox-
els using pseudo-labels. However, unreliable pseudo-labels
can introduce confirmation bias in VCL, ultimately degrad-
ing task performance. To address this, [41] proposed UG-
PCL that discard unreliable pseudo-labels based on thresh-
old. Additionally, [18] first introduced a reliable memory
bank to optimize memory usage during training and im-
prove performance through memory management. To ef-
fectively leverage the valuable supervisory signals within
unreliable pseudo-labels, works such as [11, 12, 14, 44]
have focused on treating unreliable voxels as negative sam-
ples for the most unlikely classes (complementary labels).
However, this approach fails to fully enable unreliable vox-
els to benefit from VCL. In contrast, our method encourages
unreliable voxels to learn more discriminative features, al-

lowing them to fully enjoy the advantages of VCL. This ca-
pability is a key reason for the superiority of our method.

3. Methodology
3.1. Problem Definition and Framework Overview
Problem Definition. The training dataset, denoted as S,
consists of both labeled and unlabeled data, expressed as
S = Sl ∪ Su. Here, Sl = {(xi, yi)}Ni=1 constitutes the la-
beled data, and Su = {xi}Mi=1 represents the unlabeled data
(M ≫ N in most cases). In this context, xi ∈ RD×H×W

refers to the input volume, and yi ∈ RC×D×H×W denotes
the ground-truth mask, whereC is the number of classes, in-
cluding the background. H ,W , and D represent the height,
width, and depth of the input medical volume, respectively.
The goal is to train a segmentation network based on Sl and
Su that correctly predicts labels for unseen data.
Framework Overview. An overview of the proposed
framework is illustrated in Fig.2, which is based on the
Cross Pseudo Supervision (CPS) framework [6] and utilizes
two parallel segmentation networks of the same architecture
without sharing parameters: model A and model B. Each
network consists of four main components: an encoder, a
decoder, a segmentation head, and a feature head (e.g., the
sequentially-connected MLP layers). At each training step,
Bl labeled data and Bu unlabeled data are sampled and fed
into the model A and the model B, respectively. For the la-
beled data, the supervised loss function is applied, guiding
each segmentation head to generate a prediction mask that
closely aligns with the ground-truth mask:

Lsup =
1

Bl

Bl∑
i=1

[
Ls(p

A
i , yi) + Ls(p

B
i , yi)

]
, (1)

where Ls = 1
2 [LDice + Lce], LDice and Lce represent the

Dice and cross-entropy losses, respectively. pA orB
i is the

predict probabilities, and pA orB
i (c) is the value of pA orB

i

for the c-th dimension. For unlabeled data, each segmenta-
tion network generates a pseudo-label, which serves as an
additional supervisory signal for the other network, ensur-
ing that both produce consistent outputs:

Lcps =
1

Bu

Bu∑
i=1

[
Lce(p

A
i , ŷ

B
i ) + Lce(p

B
i , ŷ

A
i )

]
, (2)

where ŷA orB
i = argmaxc p

A orB
i (c) is the pseudo-labels.

Specifically, an entropy-based selection module (ESM)
adaptively divides pseudo-labels into reliable and unreliable
groups, as detailed in Section 3.2. The final objective for
adaptation is:

Ltotal = Lsup + λuLcps + λc(Lhqcl + βLdvcl), (3)

where Lhqcl denotes the high-quality voxel-wise contrastive
loss for voxels with reliable pseudo-labels and ground-truth
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Figure 2. Overall framework. Labeled data is directly fed into both networks for supervised training. For unlabeled data, we separate the
initially generated pseudo-labels into reliable and unreliable ones based on ESM. Reliable features (features with reliable pseudo-labels
and ground-truth masks) are used to compute the Lhqcl (yellow block). Unreliable features (features with unreliable pseudo-labels) are
used to compute the Ldvcl, with NPS and QDS incorporated during the computation of Ldvcl (blue block).

masks (Section 3.3), while Ldvcl represents the distance-
aware voxel-wise contrastive loss for voxels with unreliable
pseudo-labels (Section 3.4). λu is set to 0.1 and used the
CPS weight ramp-up function [50]. The value of λc is set
to 0.1. The scalar β = 0.3 is used to balance the two con-
trastive loss functions.

3.2. Entropy-based Selection Module
We follow [44] utilize voxel-wise entropy eA orB

ij as the se-
lection indicator between reliable and unreliable pseudo-
labels in unlabeled data as:

eA orB
ij =

C∑
c=1

−pA orB
ij (c) log

(
pA orB
ij (c)

)
, (4)

where pA orB
ij (c) is the value of predict probabilities pA orB

ij

at c-th dimension of the j-th voxel of the i-th data. We de-
fine MA orB

r [i, j] and MA orB
u [i, j] as the masks of low and

high entropy for selecting reliable and unreliable pseudo-
labels respectively. These masks can be expressed as:{

MA orB
r [i, j] = I(eA orB

ij < τA orB
e ),

MA orB
u [i, j] = I(eA orB

ij > τA orB
e ),

(5)

where τA orB
e = eA orB

at +αeA orB
st is the selection threshold

of the entropy mask. α is factor and is set to 0.5 in our ex-
periments. eA orB

at represents the average entropy of voxels

at training iteration t, while eA orB
st denotes its variance:

eA orB
at =

∑|B|
i=1

∑D×H×W
j=1

B∗D×H×W
eA orB
ij ,

eA orB
st =

√∑|B|
i=1

∑D×H×W
j=1

B∗D×H×W

(
eA orB
ij − eA orB

at

)2
.

(6)

This new selection strategy has the following benefits: i)
ESM allows the model to adapt its confidence across differ-
ent training stages, thereby enabling a clearer distinction be-
tween reliable and unreliable pseudo-labels. ii) ESM com-
pares confidence against a threshold, τe, without needing to
sort all training voxels [28, 43, 44]. This reduces the time
complexity fromO(N logN) toO(N), making the strategy
more efficient when applied to large-scale datasets.

3.3. High-quality Contrastive Learning
Anchor Voxels Sampling. For labeled data, we select high-
quality anchor voxels with accurate predictions based on
ground-truth masks, while for unlabeled data, we rely on re-
liable pseudo-labels (Fig.3 yellow block). The feature sets
of the labeled and unlabeled anchor voxels for class c as{
RAl orBl

c = {rA orB
ij | yij = c, arg max pA orB

ij (c) = c},
RAu orBu

c = {rA orB
ij | ŷA orB

ij = c, [i, j] ∈MA orB
r [i, j]},

(7)
where rA orB

ij ∈ Rd represents the feature of the j-th voxel
of i-th labeled image given by feature head. yij denotes
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the ground-truth mask. MA orB
r [i, j] denotes the reliable

pseudo-labels masks in Eq.6. The set of all qualified anchor
voxels for class c is Rc = RAl

c

⋃
RBl

c

⋃
RAu

c

⋃
RBu

c . To
prevent limited anchors leading to an overly localized and
unstable sample center, we store Rc by using a memory
bank. When the memory bank is saturated, we remove old
features to leave enough space to store the latest features.
Positive Candidate Sampling. The positive candidate for
class c is set as the center of all anchor voxels (Fig.3 yellow
block):

Pc =
1

|Rc|
∑

rc∈Rc

rc. (8)

Negative Candidate Sampling. We consider labeled vox-
els that are misclassified as class c as true negative can-
didates for that class, helping to guide these voxels away
from misclassified classes in the feature space (Fig.3 pink
block). Consequently, the feature sets of negative candi-
dates for class c are defined as:

GAl orBl
c = {rA orB

ij | arg max pA orB
ij (c) = c, yij ̸= c}. (9)

Finally, the set of negative candidates of class c is Gc =
GAl
c

⋃
GBl
c . With anchors, positive and negative candidates

available, we adopt the InfoNCE [33] loss for class c as

Lc
hqcl = − 1

|M |

|M|∑
m=1

log
Φσ(rcm,Pc)

Φσ(rcm,Pc) +
∑N

n=1Φσ(rcm, r
−
cmn)

,

(10)
where M=256 is the number of anchor voxels, and rcm is
the feature of the m-th anchor of class c. Each anchor is
assigned one positive candidate Pc andN=50 negative can-
didates, {r−cmn}Nn=1. Φσ(a, b) = ecos(a,b)/σ with a temper-
ature σ set to 1 in this work. Finally, the entire HqCL loss
for all classes are obtained with Lhqcl =

1
C

∑C
c=1 Lc

hqcl.
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3.4. Distance-aware Contrastive Learning
From the perspective that features that are close or distant
in the feature space should yield consistent or inconsistent
predictions, we propose a DVCL technique to encourage
unreliable voxels to learn more discriminative features.

Inspired by [16, 47], we define Om,n as the probability
that the feature rm has same prediction to feature rn :

Om,n =
ep

T
mpn∑

rq∈UR
ep

T
mpq

, (11)

where UR = MA
u

⋃
MB

u denotes the feature set of all un-
reliable voxels by following Eq.6. rm and rn denote the
features of two voxels from UR, while having correspond-
ing predict probabilities pm and pn.

In the current batch, we randomly select a subset of fea-
tures from UR as queries. We then define two sets for each
query rm: close neighbor set CK

m (features potentially from
same classes) and distant outsider set DK′

m (features poten-
tially from different classes). CK

m is formed by selecting the
K-Nearest Neighbors (KNN) [10] of rm using cosine simi-
larity as the distance metric. Conversely, DK′

m is constructed
using the K’- Farthest Neighbors of rm:{

CK
m = {rn|top-K(cos (rm, rn) , ∀rn ∈ UR)},

DK′
m = {rk|low-K′(cos (rm, rk) , ∀rk ∈ UR)}.

(12)

Following [13], we use queues as candidate sets CK
m and

DK′

m , respectively, where each element represents a feature.
During network training with sample batches, we store fea-
tures in CK

m and DK′

m , updating the candidate sets using a
first-in-first-out strategy.
Neighbor Partitioning Strategy. However, features from
different classes may ultimately become neighbors due to
their close proximity to each other in the feature space,
especially in regions where organs overlap. Taking Fig.4
as an example, when voxel 41 serves as the query, it may
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mistakenly treat voxel 121 (‘noisy neighbor’) as a neigh-
bor, thereby providing incorrect supervision. To avoid the
Noisy Neighbor Dilemma, we apply neighbor partitioning
strategy (NPS) to divide the neighbors into two groups: rel-
evant neighbors and ordinary neighbors (See Fig.4 right).
The feature rn is regarded as the relevant neighbor of the
query rm if it meets the following condition:

n ∈ CK
m ∧m ∈ CK

n . (13)

Other neighbors which do not meet the above condition
are ordinary neighbors. Considering that relevant neighbors
have a higher potential to belong to the same cluster as the
query. Thus, we assign a high affinity value to the relevant
neighbors. Specifically for query rm, the affinity value of
its n-th neighbor is defined as

Am,n =

{
1 if n ∈ CK

m ∧m ∈ CK
n ,

r otherwise, (14)

where r is a hyperparameter set to 0.5. It connects the query
to relevant neighbors with strong connectivity while consid-
ering a weaker connection to ordinary neighbors.
Query Detection Strategy. Outliers are typically not re-
trieved as neighbors due to their large distance from the
majority of voxels in the feature space. However, when an
outlier exists as a query, it is often unsure whether its neigh-
bors belong to the same semantic class. This is why the
Outlier Query Dilemma may deteriorate the feature repre-
sentation. To detect the outlier, we define the probability of
each feature rm being an outlier by measuring the number
of samples that consider it as their neighbor. where

E(m) = {n|n ∈ CK
m ∧m ∈ CU

n }. (15)

U is significantly larger than K. The more samples in
E(m), the lower the probability that rm is an outlier. We
consider rm is an outlier if |E(m)| < 1. when the feature
rm is an outlier, which means E(m) is the empty set, it will
be excluded from the objective computation as a query.
Distance-aware Voxel-wise Contrastive Learning. Re-
turning to our motivation, for each query (exclude outliers)
rm, the features in DK′

m should have different predictions
than those in CK

m . This process involves moving features
in CK

m towards rm while pushing away features in DK′

m .
Specifically, treating all neighbors equally is not reasonable.
To achieve this, we first define two likelihood functions:

N
(
CK
m|θS

)
=
∏

rn∈CK
m

eAm,npTmpn∑
rq∈UR

ep
T
mpq

,

N
(
DK′

m |θS
)
=
∏

rk∈DK′
m

ep
T
mpk∑

rq∈UR
ep

T
mpq

,
(16)

where θS denotes the parameters of the segmentation head
in our network. We then propose to simultaneously maxi-
mize the log-likelihood of the close neighbor set and mini-
mize the log-likelihood of the distant outsider set, denoted

as

ψ(CK
m ,DK′

m ) = −log
N

(
CK
m | rm, θS

)
N (DK′

m | rm, θS)
. (17)

One problem optimizing Eq.17 is that it requires the par-
ticipation of all features in UR to compute ep

T
mpq in Eq.16,

leading to potential inefficiencies in time and resources in
practice. Here we resort to get an upper-bound of Eq.17:

ψ(CK
m ,DK′

m ) =− log
N

(
CK
m | θS

)
N (DK′

m | θS)
=−

∑
rn∈CK

m

Am,np
T
mpn+

∑
rk∈DK′

m

pTmpk+(K−K′) log(
∑

rq∈UR

ep
T
mpq)

≤−
∑

rn∈CK
m

Am,np
T
mpn+

∑
rk∈DK′

m

pTmpk+(K−K′)(log |UR|+
∑

rq∈UR

pTmpq
|UR|)

< −
∑

rn∈CK
m

Am,np
T
mpn

︸ ︷︷ ︸
Nerghbors Cluster

+
∑

rk∈DK′
m

pTmpk

︸ ︷︷ ︸
Outsiders Separate

+(K−K′)(log |UR|+ 1)

= ψ(CK
m ,DK′

m ).
(18)

Details for our proof can be found in Sec.G of Supplemen-
tary Material (SM). Finally, our DVCL loss is defined as
follows:

Ldvcl =
1

|UR|
∑

rm∈UR

ψ(CK
m ,DK′

m ). (19)

4. Experiment
4.1. Dataset and Implementation Details
We evaluate our method using four widely recognized
MoS datasets, including FLARE 2022 [29], AMOS [19],
MMWHS [56], and BTCV [20]. See Sec.A of SM for more
dataset details. For both datasets, the data are preprocessed
before the network is trained. For more implementation
details, e.g., data preprocessing, network parameters, met-
rics, learning rate policy, batch sizes, etc., please refer to the
Sec.B of SM. We implement the proposed framework with
PyTorch, using 1 NVIDIA A100 GPUs. Model weights
are determined based on performance on the validation set,
while comparisons of different methods are made using seg-
mentation metrics on the test set.

4.2. Comparison to SOTA Methods
For experiments, we compare our method to thirteen
state-of-the-art semi-supervised segmentation methods: (1)
DAN [51], (2) MT [37], (3) UA-MT [50], (4) SASSnet [21],
(5) DTC [26], (6) CPS [6], (7) CLD [24], (8) DHC [39],
(9) MagicNet [4], (10) UGPCL [41], (11) U2PL [44], (12)
BaCon [14], (13) CCL [11], and the fully supervised 3D
U-Net [9]. Note that among all the above evaluated meth-
ods, several methods use a contrastive learning objective,
including UGPCL, U2PL, BaCon, and CCL. For all semi-
supervised methods, we utilize 3D U-Net as the backbone.
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FLARE 2022 AMOS MMWHS BTCVMethod ratio=0.1 ratio=0.5 ratio=0.1 ratio=0.5 ratio=0.1 ratio=0.5 ratio=0.1 ratio=0.5
DAN [51] 75.1±0.6 74.9±0.6 57.8±0.8 61.4±1.1 74.3±0.8 83.9±0.8 37.7±1.4 57.7±1.2
MT [37] 77.5±0.4 77.2±0.4 45.1±1.9 66.2±0.7 81.2±0.5 86.1±0.2 36.6±0.6 60.2±0.9
UA-MT [50] 79.1±0.3 79.0±0.8 61.7±1.1 65.5±0.8 82.5±0.8 86.4±0.1 44.9±1.1 58.0±0.8
SASSnet [21] 76.8±0.3 76.4±0.6 58.4±1.4 63.8±1.1 81.3±0.4 83.0±0.4 46.2±1.0 61.9±0.1
DTC [26] 78.5±0.8 78.8±0.7 60.8±1.2 66.9±1.7 82.7±0.5 85.8±0.2 47.8±1.4 60.8±0.9
CPS [6] 79.3±0.4 79.2±0.2 63.5±0.3 66.6±1.2 83.6±0.2 86.5±0.1 47.7±0.7 61.0±0.4
CLD [24] 79.7±0.1 79.5±0.2 65.8±1.2 69.1±1.1 84.2±0.8 86.9±0.3 49.0±0.9 61.4±0.8
DHC [39] 80.5±0.4 80.2±1.0 65.2±1.4 68.6±0.5 83.7±0.8 86.9±0.1 49.0±0.3 61.2±1.5
MagicNet [4] 80.8±0.7 80.2±0.3 65.3±1.3 69.0±0.5 79.4±0.6 83.9±0.6 50.2±0.5 61.6±0.3
UGPCL [41] 79.6±0.7 80.6±0.8 61.5±1.0 70.7±0.1 84.0±0.3 86.4±0.4 46.6±1.2 59.0±0.8
U2PL [44] 82.1±0.3 82.0±0.3 64.7±1.3 70.0±0.2 84.3±0.1 86.7±0.1 48.4±0.6 61.3±0.2
BaCon [14] 82.0±0.3 81.6±0.5 64.4±1.5 70.1±0.3 84.2±0.1 86.3±0.1 47.9±1.5 61.1±0.1
CCL [11] 81.8±0.1 81.3±0.3 64.0±0.1 68.8±1.6 83.8±0.3 85.6±0.6 48.0±1.4 60.4±0.8
Our-Method 84.2±0.1 83.7±0.3 71.4±0.5 72.5±0.7 86.3±0.2 88.2±0.1 52.9±0.2 65.3±0.7

Table 1. Comparison with state-of-the-art methods on four datasets under different partition protocols. Best results are boldfaced. To
reduce the randomness of network training, experiments are calculated in triplicate for all methods.

We demonstrate that our method achieves superior per-
formance across all datasets and label ratios (10%, 50%).
As shown in Table.1, our methods consistently outperform
all the compared SSL methods by a considerable margin
across all datasets and label ratios. Compared to the second-
best results, our method under {10%, 50%} label ratios
achieves {2.06%↑, 1.70%↑}, {5.55%↑, 1.74%↑}, {2.08%↑,
1.29%↑}, {2.76%↑, 3.39%↑} in mean Dice across FLARE
2022, AMOS, MMWHS, and BTCV, respectively. Detailed
results for each organ in four datasets can be found in Sec.D
of SM. We provide qualitative illustrations of FLARE 2022,
AMOS, MMWHS, and BTCV in Fig.1 (Sec.E of SM), Fig.2
(Sec.E of SM), Fig.3 (Sec.E of SM), Fig.4 (Sec.E of SM),
respectively. These results indicate that our method is well
segmented relative to other methods.

Furthermore, Fig.5 illustrates the Dice curves of four dif-
ficult organs (Sto, Pan, RAG, and LAG) for different meth-
ods on the validation set during network training, where a
significant number of unreliable pseudo-labels are preva-
lent. Firstly, our method demonstrates the ability to learn
organ knowledge earlier than other methods. For example,
as shown by the LAG curve, our approach successfully seg-
ments the organ structures at least 2000 iterations ahead of
the other methods. Secondly, UGPCL (discard unreliable
pseudo-labels) exhibits lower performance compared to the
CPS +VCL. This suggests that removing voxels with un-
reliable pseudo-labels from these difficult organs results in
substantial information loss, ultimately leading to a perfor-
mance decline. In contrast, by fully utilizing a large number
of unreliable voxels, our algorithm enhances performance
and outperforms U2PL (using complementary labels).

Figure 5. Dice curves generated by different methods on validation
set of FLARE 2022 during network training. As seen, our method
can significantly improve the performance on difficult organs.

4.3. Ablation Study
In this subsection, we conduct various ablations to better
understand our design choices. For all the ablation experi-
ments the models are trained on FLARE 2022 dataset with
10% labeled ratio.
Key Component Analysis. In Table.2, we first validate
the importance of our proposed components by attaching
them one at a time. The 1strow represents the CPS base-
line, on which our method is based. Next, in the 2ndrow,
we enhance the model’s performance by learning effective
voxel feature representations through HqCL. Moreover, the
3rdrow gives the score when the DVCL is further incorpo-
rated. As seen, encouraging unreliable voxels to learn more
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Mean Dice for each organ Mean MeanBaseline HqCL DVCL NPS QDS
Liv Spl Sto L.kid R.kid Aor Pan IVC Duo Gal Eso RAG LAG Dice Jaccard

" 96.92 91.86 77.02 92.70 92.71 92.25 69.39 81.91 65.94 75.12 72.78 63.56 58.96 79.32±0.46 68.14±0.61
" " 97.15 91.12 77.26 94.33 93.87 92.15 74.48 84.81 69.79 84.60 75.23 67.23 63.89 82.00±0.16 71.50±0.16
" " " 96.84 95.04 82.65 94.69 93.43 92.14 76.83 83.60 70.50 85.72 74.17 70.65 68.08 83.41±0.31 72.50±0.54
" " " " 97.14 94.78 84.34 94.83 93.57 92.58 77.18 84.69 71.13 86.24 75.59 70.02 71.13 84.09±0.05 73.72±0.30
" " " " " 97.19 93.37 84.39 95.22 93.58 92.71 77.03 84.72 71.98 85.81 75.62 70.97 71.38 84.15±0.07 73.62±0.29

Table 2. Ablation study on the effectiveness of each component under 10% partition protocol on FLARE 2022. Best results are boldfaced.

Figure 6. The five curves are: the ratio of features and
their K′outsiders with different labels after various methods
(solid/dashed red), the ratio of features with K same-labeled
neighbors after DVCL (solid green), and the ratio of features
with K correct same-labeled neighbors after different methods
(solid/dashed blue).

discriminative features leads to significant improvements
in Dice for difficult organs (e.g., Sto:82.65%; Pan:76.83%;
RAG:70.65%; LAG:68.08%;). Finally, as shown in the 4th

and 5throws, NPS and QDS provide more stable feature
representations for DVCL and achieve the highest mean
Dice (84.15%) and mean Jaccard (73.62%), outperforming
the baseline by 4.83% and 5.48%, respectively.
Effectiveness of DVCL. We present the evolution of var-
ious statistical metrics during the training process on the
MMWHS dataset in Fig.6. The solid and dashed red curves
represent the ratio of unreliable voxels and their K ′ out-
siders that do not belong to the same class after applying
DVCL and the complementary label VCL (CL-VCL), re-
spectively. The solid green curve represents the ratio of un-
reliable voxels withK neighbors, all of which belong to the
same class, illustrating that unreliable voxels cluster dur-
ing training. The solid and dashed blue curves represent
the ratio of voxels with K neighbors that not only belong
to the same class but are also correctly classified after ap-
plying DVCL and the CL-VCL, respectively. This demon-
strates that, compared to the complementary labeling ap-
proach, our method enables unreliable voxels to learn more
discriminative features, thereby achieving better intra-class
aggregation and inter-class separation.
Effectiveness of DVCL Loss Term and NPS. We use
class relationship likelihoods instead of directly pulling or

Methods Mean Dice Mean Jaccard

InfoNCE [33] 83.05±0.28 73.21±0.31
SimCLR [5] 82.77±0.15 72.45±0.33
NNCLR [13] 83.17±0.34 72.09±0.41
Log-likelihood [47] 83.41±0.31 72.50±0.54

SNCLR [8] 83.67±0.71 72.74±0.67
Log-likelihood+SNCLR [8] 83.69±0.33 72.71±0.26
Log-likelihood+NPS 84.09±0.05 73.72±0.30

Table 3. Ablation study on the DVCL loss terms and NPS.

pushing voxel features, as in traditional contrastive learn-
ing (e.g., InfoNCE [33], SimCLR [5], NNCLR [13]). This
approach surpasses conventional positive-negative compar-
isons, capturing distributional differences more effectively
and clarifying semantic relationships. As shown in rows 1-4
of Table 3, our strategy achieves the best performance. Ad-
ditionally, to reduce the potential impact of noisy neighbors,
NPS demonstrates a greater performance improvement in
rows 5-7 of Table.3, compared to methods that apply differ-
ent weights based on cosine similarity (SNCLR [8]).
Extra Study. More investigations about ablation study for
hyper-parameters in Sec.F of SM.

5. Conclusion
In this work, we introduce a semi-supervised method for
MoS, termed DVCL. Contrary to the previous works that
use complementary labels, DVCL encourages unreliable
voxels to learn more discriminative features, allowing them
to fully enjoy the advantages of VCL. Additionally, we pro-
pose NPS and QDS to enhance the stability of feature rep-
resentations in DVCL. Experimental findings illustrate that
our method outperforms existing SSL frameworks, espe-
cially in difficult organs.
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