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Abstract; Federated learning allows clients to train models locally and share only model parameters instead

of raw data, enabling collaborative learning without exposing original data. However, frequent parameter
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exchanges still lead to high communication overhead. To address the above issues, a secure and efficient
one-shot federated learning scheme was proposed based on dataset distillation and differential privacy
techniques. In this scheme, the server only provided users with a description of the model structure for the
learning task, without distributing the model parameters for training. Then, users generated low-dimen-
sional synthetic data based on their local data and uploaded them to the server in a single interaction. This
method replaced the traditional multi-round model parameter interactions, and significantly reduced the
communication costs. To address the potential privacy leakage issue of synthetic data, a differential
privacy mechanism was introduced during the synthetic data generation stage and an adaptive noise injec-
tion optimization strategy was designed to effectively mitigate model performance degradation while
ensuring privacy protection. Subsequently, the server aggregated the synthetic data uploaded by users and
performed centralized training to obtain a high-performance global model. Privacy analysis showed that the
proposed scheme satisfied local differential privacy constraints and effectively resisted membership infer-
ence attacks. The experimental results showed that, compared with existing privacy-preserving federated
learning methods, this scheme achieved better model accuracy in scenarios with non-independent and
identically distributed data while significantly reducing communication overhead.
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