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Abstract : To address the challenges of non-independent and identically distributed data and long-tail distribu-
tions in federated learning, a novel federated learning method is proposed by integrating contrastive learning with
a two-stage learning strategy. The approach employs contrastive learning to align feature representations between
client models and the global model, thereby reducing feature discrepancies across clients. Simultaneously, it aggre-
gates and uploads client model gradients, enabling retraining of the classifier through virtual features on the server
side to enhance the global model’s learning capability for minority class data. Experimental results demonstrate
that the proposed method achieves maximum accuracy improvements of 0.36% on the Fashion-MNIST dataset and
1.64% on the CIFAR-10 dataset.
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