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Federated semi-supervised learning model based on dynamic threshold
enhanced prototype network

CHEN Tao, XIE Zaipeng, QU Zhihao
(College of Computer and Information, Hohai University, Nanjing 211100, China)

Abstract: Currently, federated semi-supervised learning (FSSL) faces the challenge of making effective use of a large
amount of unlabeled data during training. Although knowledge sharing between clients through a lightweight prototyp-
ing network can alleviate pseudo-label quality issues, there are still bottlenecks. In this paper, we propose a federated
semi-supervised learning model based on dynamic threshold enhanced prototype network. By introducing Curriculum
Pseudo labeling, the core is to dynamically adjust the threshold of the learning state of different classes of samples, so
that the model can learn high-quality samples and significantly improve the prediction performance of the model. Exper-
imental results show that our proposal has achieved excellent test performance on multiple datasets. On the CIFAR-10
dataset, our proposal improves the test accuracy by at least 3% compared with similar algorithms. In addition, there is a
1%~7% lead on SVHN and STL-10 datasets. It is worth noting that our proposal performs well in handling heterogen-
eous and homogeneous data, and has good adaptability to different proportions of labeled and unlabeled data. Our pro-
posal can improve the test accuracy. What’s more, it does not add additional communication overhead and computation-
al cost. These results suggest that our proposal has great potential in the field of federated semi-supervised learning, and
provides a high-performance and high-efficiency solution for practical applications.

Keywords: federated learning; semi-supervised learning; knowledge sharing; prototypical network; pseudo label; dy-

namic threshold; unlabeled data; heterogeneous data
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Fig. 2  Accuracy of the three data sets under different data distributions
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Table 2 Test accuracy of various methods with different
proportions of labeled and unlabeled data %
Wtk el
Bk 100:440 400: 140
ID Non-IID 1IID Non-IID
FedAvg 67.9 67.5 77.2 77.0
FixMatch-FedAvg 68.4 68.6 77.6 76.7
FedMatch 65.5 64.9 75.5 75.3
RSCFed 69.3 68.7 77.4 77.1
ProtoFSSL-FedAvg 72.6 72.5 79.3 79.0
FlexProtoFSSL-FedAvg 72.5 73.1 80.5 79.9
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