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Abstract. Consistency learning plays a crucial role in semi-supervised
medical image segmentation as it enables the effective utilization of lim-
ited annotated data while leveraging the abundance of unannotated data.
The effectiveness and efficiency of consistency learning are challenged by
prediction diversity and training stability, which are often overlooked by
existing studies. Meanwhile, the limited quantity of labeled data for train-
ing often proves inadequate for formulating intra-class compactness and
inter-class discrepancy of pseudo labels. To address these issues, we pro-
pose a self-aware and cross-sample prototypical learning method (SCP-
Net) to enhance the diversity of prediction in consistency learning by utiliz-
ing a broader range of semantic information derived from multiple inputs.
Furthermore, we introduce a self-aware consistency learning method which
exploits unlabeled data to improve the compactness of pseudo labelswithin
each class. Moreover, a dual loss re-weighting method is integrated into the
cross-sample prototypical consistency learning method to improve the reli-
ability and stability of ourmodel. Extensive experiments onACDCdataset
and PROMISE12 dataset validate that SCP-Net outperforms other state-
of-the-art semi-supervised segmentation methods and achieves significant
performance gains compared to the limited supervised training. Code is
available at https://github.com/Medsemiseg/SCP-Net.

Keywords: Prototypical learning · Consistency learning ·
Semi-supervised segmentation

1 Introduction

With the increasing demand for accurate and efficient medical image analysis,
Semi-supervised segmentation methods offer a viable solution to tackle the prob-
lems associated with scarce labeled data and mitigate the reliance on manual
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expert annotation. It is often not feasible to annotate all images in a dataset.
By exploring the information contained in the unlabeled data, semi-supervised
learning [1,2] can help to improve segmentation performance compared to using
only a small set of annotated examples.

Consistency constraint is a widely-used solution in semi-supervised segmen-
tation to improve performance by making the prediction and/or intermediate
features remain consistent under different perturbations. However, it’s chal-
lenging to obtain universal and appropriate perturbations (e.g., augmentation
[3], contexts [4], and decoders [5]) across different tasks. In addition, the effi-
cacy of the consistency loss utilized in semi-supervised segmentation models
could be weakened by minor perturbations that have no discernible effect on
the predicted results. Conversely, unsuitable perturbations or unclear bound-
aries between structures could introduce inaccurate supervisory signals, caus-
ing a build-up of errors and leading to sub-optimal performance of the model.
Recently, some unsupervised prototypical learning methods [6–10] apply the fea-
ture matching operation based on the category prototypes to generate the pseudo
labels in the semi-supervised segmentation task. Then, the consistency constraint
is enforced between the model’s prediction and the corresponding prototypical
prediction to enhance the model’s performance. For example, Xu, et al. [6] pro-
pose a cyclic prototype consistency learning framework which involves a two-way
flow of information between labeled and unlabeled data. Wu, et al. [7] suggest
to facilitate the convergence of class-specific features towards their correspond-
ing high-quality prototypes by promoting their alignment. Zhang, et al. [8,10]
exploit the feature distances from prototypes to facilitate online correction of the
pseudo label in the training course. Limited by the quantity of prototypes and
insufficient feature relation learning, the only one global category prototype used
in [6–8] for feature matching might omit diversity and impair the representation
capability.

To put it briefly, prior research has not fully addressed the robustness and
variability of prediction results in response to perturbations. To address this,
unlike the global prototypes in [6,7], we propose a novel prototype generation
method, namely self-aware and cross-sample class prototypes, which generates
two distinct prototype predictions to enhance semantic information interaction
and ensure disagreement in consistency training. We also propose to use predic-
tion uncertainty between self-aware prototype prediction and multiple predic-
tions to re-weight the consistency constraint loss of cross-sample prototypes. By
doing so, we can reduce the adverse effects of label noise in challenging areas such
as low-contrast regions or adhesive edges, resulting in a more stable consistency
constraint training process. This, in turn, would lead to significantly improved
model performance and accuracy. Lastly, we present SCP-Net, a parameter-free
semi-supervised segmentation framework (Fig. 1) that incorporates both types
of prototypical consistency constraints.

The main contributions of this paper can be summarized as: (1) We conduct
an in-depth study on prototype-based semi-supervised segmentation methods
and propose self-aware prototype prediction and cross-sample prototype predic-
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tion to ensure appropriate prediction diversity in consistency learning. (2) To
enhance the intra-class compactness of pseudo labels, we propose a self-aware
prototypical consistency learning method. (3) To boost the stability and reli-
ability of cross-sample prototypical consistency learning, we design a dual loss
re-weighting method which helps to reduce the negative effect of noisy pseudo
labels. (4) Extensive experiments on ACDC and PROMISE12 datasets have
demonstrated that SCP-Net effectively utilizes the unlabeled data and improves
semi-supervised segmentation performance with a low annotation ratio.

2 Method

In the semi-supervised segmentation task, the training set is divided into the
labeled set Dl = {(xk, yk)}Nl

k=1 and the unlabeled set Du = {xk}Nl+Nu

k=Nl+1, where
Nu � Nl. Each labeled image xk ∈ RH×W has its ground-truth mask yk ∈
{0, 1}C×H×W , where H, W , and C are the height, width, and class number,
respectively. Our objective is to enhance the segmentation performance of the
model by extracting additional knowledge from the unlabeled dataset Du.

2.1 Self-cross Prototypical Prediction

The prototype in segmentation refers to the aggregated representation that cap-
tures the common characteristics of some pixel-wise features from a particular
object or class. Let pck(i) denote the probability of pixel i belonging to class c,
fk ∈ RD×H×W represent the feature map of sample k. The class-wise prototypes
qc
k is defined as follows:

qc
k =

∑
i p

c
k(i) · fk(i)∑
i p

c
k(i)

(1)

Let B denote the batch size. In the iterative training process, one mini-batch
contains B × C prototypes for sample k = 1 and other samples with index
j = 2, 3, · · · , B. Then, feature similarity is calculated according to the self-
aware prototype qc

k or cross-sample prototypes qc
j to form multiple segmentation

probability matrices. Specifically, ŝckk is the self-aware prototypical similarity
map via calculating the cosine similarity between the feature map fk and the
prototype vector qc

k as Eq. 2:

ŝckk =
fk · qc

k

‖fk‖ · ‖qc
k‖ (2)

Then, softmax function is applied to generate the self-aware probability pre-
diction p̂kk ∈ RC×H×W based on ŝkk ∈ RC×H×W . Since qc

k is aggregated in
sample k itself, which can align fk with more homologous features, ensuring the
intra-class consistency of prediction. Similarly, we can obtain B −1 cross-sample
prototypical similarity maps ŝckj following Eq. 3:

ŝckj =
fk · qc

j

‖fk‖ ·
∥
∥
∥qc

j

∥
∥
∥

(3)
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This step ensures that features are associated and that information is exchanged
in a cross-image manner. To enhance the reliability of prediction, we take the
multiple similarity estimations ŝkj ∈ RC×H×W into consideration and integrate
them to get the cross-sample probability prediction p̂ko ∈ RC×H×W :

p̂cko =

∑B
j=2 eŝ

c
kj

∑
c

∑B
j=2 eŝ

c
kj

(4)

Fig. 1. The overall flowchart of SCP-Net, which consists of three parts: the supervised
training with Lseg, SPCC module with Lspcc, CPCC module with Lcpcc.

2.2 Prototypical Prediction Uncertainty

To effectively evaluate the predication consistency and training stability in semi-
supervised settings, we propose a prototypical prediction uncertainty estimation
method based on the similarity matrices ŝkk and ŝkj . First, we generate B binary
represented mask m̂kn ∈ RC×H×W via argmax operation and one-hot encoding
operation, where n = 1, 2, · · · , B. Then, we sum all masks m̂kn and dividing it
by B to get a normalized probability p̂norm as:

p̂cnorm =
∑B

n=1 m̂c
kn

B
(5)



196 Z. Zhang et al.

And a normalized entropy is estimated from p̂norm, denoted as ek ∈ RH×W :

ek = − 1
log(C)

C∑

c=1

p̂cnorm log p̂cnorm (6)

where ek serves as the overall confidence of multiple prototypical predictions,
and a higher entropy equals more prediction uncertainty. Then, we use ek to
adjust the pixel-wise weight of labeled and unlabeled samples, which will be
elaborated in next subsection.

2.3 Unsupervised Prototypical Consistency Constraint

To enhance the prediction diversity and training effectiveness in consistency
learning and mitigate the negative effect of noisy predictions in p̂kk and p̂kj , we
propose two unsupervised prototypical consistency constraints (PCC) in SPC-
Net benefiting from the self-aware prototypical prediction p̂kk, cross-sample pro-
totypical prediction p̂kj , and the corresponding uncertainty estimation ek.

Self-aware Prototypical Consistency Constraint (SPCC). To boost the
intra-class compactness of segmentation prediction, we propose a SPCC method
which applies p̂kk as pseudo-label supervision. Therefore, the loss function of
SPCC is formulated as:

Lspcc =
1

C × H × W

H×W∑

i=1

C∑

c=1

‖p̂ckk(i) − pck(i)‖2 (7)

Cross-sample Prototypical Consistency Constraint (CPCC). To derive
dependable knowledge from other training samples, we propose a dual-weighting
method for CPCC. First, we take the uncertainty estimation ek into account,
which reflects the prediction stability. A higher value of ek indicates that pseudo
labels with greater uncertainty may be more susceptible to errors. However,
these regions provide valuable information for segmentation performance. To
reduce the influence of the suspicious pseudo labels and adjust the contribution
of these crucial supervisory signals during training, we incorporate ek in CPCC
by setting a weight w1ki = 1−eki. Second, we introduce the self-aware probability
prediction p̂kk into the CPCC module. Specifically, we calculate the maximum
value of p̂kk along class c, termed as the self-aware confidence weight w2ki:

w2ki = max
c

p̂ckk(i) (8)

w2k can further enhance the reliability of CPCC. Therefore, the optimized func-
tion of CPCC is calculated between cross-sample prototypical prediction p̂ko and
p̂k:

Lcpcc =
1

C × H × W

H×W∑

i=1

C∑

c=1

w1ki · w2ki · ‖p̂cko(i) − pck(i)‖2 (9)



Self-aware and Cross-Sample Prototypical Learning 197

Loss Function of SCP-Net We use the combination of cross-entropy loss Lce

and Dice loss LDice to supervise the training process of labeled set [11], which
is defined as:

Lseg = Lce(p̂k, yk) + LDice(p̂k, yk) (10)

For both labeled data and unlabeled data, we leverage Lspcc and Lcpcc to pro-
vide unsupervised consistency constraints for network training and explore the
valuable unlabeled knowledge. To sum it up, the overall loss function of SCPNet
is the combination of the supervised loss and the unsupervised consistency loss,
which is formulated as:

Ltotal =
Nl∑

k=1

Lseg(p̂k, yk) + λ

Nl+Nu∑

k=1

(Lspcc(p̂k, p̂kk) + Lcpcc(p̂k, p̂ko)) (11)

λ (t) = 0.1 ·e−5(1−t/tmax)
2

is a weight using a time-dependent Gaussian warming
up function [12] to balance the supervised loss and unsupervised loss. t represents
the current training iteration, and tmax is the total iterations.

3 Experiments and Results

Dataset and Evaluation Metric. We validate the effectiveness of our method
on two public benchmarks, namely the Automated Cardiac Diagnosis Challenge
1 (ACDC) dataset [13] and the Prostate MR Image Segmentation challenge 2

(PROMISE12) dataset [14]. ACDC dataset contains 200 annotated short-axis
cardiac cine-MRI scans from 100 subjects. All scans are randomly divided into
140 training scans, 20 validation scans, and 40 test scans following the previous
work [15]. PROMISE12 dataset contains 50 T2-weighted MRI scans which are
divided into 35 training cases, 5 validation cases, and 10 test cases. All 3D
scans are converted into 2D slices. Then, each slice is resized to 256 × 256 and
normalized to [0, 1]. To evaluate the semi-supervised segmentation performance,
we use two commonly-used evaluation metrics, the Dice Similarity Coefficient
(DSC) and the Average Symmetric Surface Distance (ASSD).

Implementation Details. Our method adopts U-Net [16] as the baseline. We
use the stochastic gradient descent (SGD) optimizer with an initial learning rate
of 0.1, and apply the “poly” learning rate policy to update the learning rate
during training. The batch size is set to 24. Each batch includes 12 labeled slices
and 12 unlabeled slices. To alleviate overfitting, we employ random flipping and
random rotation to augment data. All comparison experiments and ablation
experiments follow the same setup for a fair comparison, we use the same exper-
imental setup for all comparison and ablation experiments. All frameworks are
implemented with PyTorch and conducted on a computer with a 3.0GHz CPU,
128 GB RAM, and four NVIDIA GeForce RTX 3090 GPUs.

1 https://www.creatis.insa-lyon.fr/Challenge/acdc/databases.html
2 https://promise12.grand-challenge.org

https://www.creatis.insa-lyon.fr/Challenge/acdc/databases.html
https://promise12.grand-challenge.org
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Table 1. Comparision with other methods on the ACDC test set. DSC (%) and ASSD
(mm) are reported with 28 labeled scans and 112 unlabeled scans for semi-supervised
training. The bold font represents the best performance.

Method Scans Used RV Myo LV Avg
Labeled Unlabeled DSC ↑ ASSD ↓ DSC↑ ASSD↓ DSC↑ ASSD↓ DSC↑ ASSD↓

U-Net 28 (20%) 0 82.24 2.18 80.98 2.21 86.89 1.75 83.37 1.60
U-Net 140 (100%) 0 91.48 0.47 89.22 0.54 94.64 0.55 91.78 0.52
MT [12] 28 112 87.47 0.42 86.19 1.11 90.23 2.56 87.97 1.37
UAMT [17] 28 112 87.69 0.43 85.97 0.76 90.67 2.18 88.11 1.52
CCT [18] 28 112 87.97 0.45 86.07 1.30 89.60 3.38 87.88 1.71
URPC [19] 28 112 80.55 0.39 84.09 1.82 88.76 3.74 84.47 1.98
SSNet [7] 28 112 87.21 0.45 86.00 1.68 90.91 1.67 88.04 0.97
MC-Net [5] 28 112 82.69 0.96 84.15 1.66 88.86 3.66 85.24 2.09
SLC-Net [15] 28 112 82.19 1.93 82.57 1.21 88.97 1.25 84.58 1.47
SCP-Net (Ours) 28 112 89.26 0.77 87.11 0.51 92.70 0.92 89.69 0.73

Fig. 2. Visualized segmentation results of different methods on ACDC and
PROMISE12. SCP-Net better preserves anatomical morphology compared to others.

Comparison with Other Methods. To demonstrate the effectiveness of SCP-
Net, we compare it with 7 state-of-the-art methods for semi-supervised segmen-
tation and fully-supervised (100% labeled ratio) limited supervised (20% labeled
ratio) baseline. The quantitative analysis results of ACDC dataset are shown in
Table 1. SCP-Net significantly outperforms the limited supervised baseline by
7.02%, 6.13%, and 6.32% on DSC for RV, Myo, and LV, respectively. SCP-Net
achieves comparable DSC and ASSD to the fully supervised baseline. (89.69%
vs 91.78 and 0.73 vs 0.52). Compared with other methods, SCP-Net achieves the
best DSC and ASSD, which is 1.58% and 0.24 higher than the second-best met-
ric, respectively. Moreover, we visualize several segmentation examples of ACDC
dataset in Fig. 2. SCP-Net yields consistent and accurate segmentation results
for the RV, Myo, and LV classes according to ground truth (GT), proving that
the unsupervised prototypical consistency constraints effectively extract valu-
able unlabeled information for segmentation performance improvement. Table 3
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in supplementary material reports the quantitative result for prostate segmenta-
tion. We also perform the limited supervised and fully supervised training with
10% labeled ratio and 100% labeled ratio, respectively. SCP-Net surpasses the
limited supervised baseline by 16.18% on DSC, and 10.35 on ASSD. In addi-
tion, SCP-Net gains the highest DSC of 77.06%, which is 5.63% higher than the
second-best CCT. All improvements suggest that SPCC and CPCC are beneficial
for exploiting unlabeled information. We also visualize some prostate segmen-
tation examples in the last two rows of Fig. 2. We can observe that SCP-Net
generates anatomically-plausible results for prostate segmentation.

Table 2. Abaliton study of the key design of SCP-Net. w means with and w/o means
without.

Loss Function Scans Used Weight DSC↑ ASSD ↓
Labeled Unlabeled w1 w2

Lseg 7 0 w/o w/o 60.88 13.87
Lseg + Lspcc 7 28 w/o w/o 73.48 5.06
Lseg + Lcpcc 7 28 w w 73.52 4.98
Lseg + Lcpcc + Lspcc 7 28 w/o w/o 74.99 4.05
Lseg + Lcpcc + Lspcc 7 28 w w/o 76.12 3.78
Lseg + Lcpcc + Lspcc 7 28 w w 77.06 3.52

Fig. 3. Visualized results for prototypical probability predictions for RV, Myo, LV,
and prostate class: (a) Ground truth, (b) Self-aware probability prediction, p̂kk, (c)
Cross-sample probability prediction, p̂ko.

Ablation Study. To demonstrate the effectiveness of the key design of SCP-
Net, we perform ablation study on PROMISE12 dataset by gradually adding loss
components. Table 2 reports the results of ablation results. It can be observed
that both the design of SPCC and CPCC promote the semi-supervised seg-
mentation performance according to the first three rows, which demonstrates
that PCC extracts valuable information from the image itself and other images,
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making them well-suited for semi-supervised segmentation. We also visualize the
prototypical prediction p̂kk and p̂ko for different structures in Fig. 3. These pre-
dictions are consistent with the ground truths and show intra-class compactness
and inter-class discrepancy, which validates that PCC provides effective super-
vision for semi-supervised segmentation. In the last three rows, the gradually
improving performance verifies that the integration of prediction uncertainty w1

and self-aware confidence w2 in CPCC improves the reliability and stability of
consistency training.

4 Conclusion

To summarize, our proposed SCP-Net, which leverages self-aware and cross-
sample prototypical consistency learning, has successfully tackled the challenges
of prediction diversity and training effectiveness in semi-supervised consistency
learning. The intra-class compactness of pseudo label is boosted by SPCC.
The dual loss re-weighting method of CPCC enhances the model’s reliability.
The superior segmentation performance demonstrates that SCP-Net effectively
exploits the useful unlabeled information to improve segmentation performance
given limited annotated data. Moving forward, our focus will be on investigating
the feasibility of learning an adaptable number of prototypes that can effectively
handle varying levels of category complexity. By doing so, we expect to enhance
the quality of prototypical predictions and improve the overall performance.
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