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Abstract : Federated Learning has become a critical technology in computing power network due to its privacy-preserving attributes, but
it confronts dual challenges of catastrophic forgetting and dynamic adaptability. While existing methods focus on enhancing historical
knowledge distillation efficiency,they neglect the degree of inter-node knowledge sharing and model performance in dynamic environ-
ments. This paper proposes an incremental meta-distillation federated continual learning method. The inner loop achieves local knowl-
edge stabilization through historical knowledge distillation and client-side knowledge sharing, incorporating a multi-view contrastive
distillation strategy that leverages feature augmentation and attention-weighted mechanisms for fine-grained knowledge selection. The
outer loop implements dynamic meta-update rules and employs gradient discrepancy compensation to realize progressive knowledge in-
tegration between legacy and new nodes. Experimental validation on four datasets extended from CIFAR100 and FMNIST demon-
strates that the proposed method outperforms baselines with an average accuracy improvement of 4.7% ~9.7% ,a forgetting rate re-
duction of 3. 1% ~13.6% ,and a 30% acceleration in system convergence speed when incorporating new nodes, proving its efficiency
and robustness in computational power network systems.
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Fig. 1
framework based on federated continual learning
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Table 2 Accuracy and forgetting rate comparison
of two architectures on CIFAR100 dataset
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Jik

FedAvg 25.5% 20.3% 24.8% 21.1%
FedProx 26.7% 18.9% 26.1% 19.5%
FedProx-EWC 32.4% 13.6% 31.8% 16.2%
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Ours w/0 HKR 40.1% 14.8% 39.4% 17.9%
Ours w/o MVCD  38.7% 12.5% 37.0% 13.1%
Ours w/0o FDML 40.9% 7.2% 39.2% 7.5%
FedIMD 43.2% 6.7% 42.1% 7.1%
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Table 3 Accuracy and forgetting rate comparison of
two architectures on FMNIST dataset
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AF-FCL 52.1% 12.5% 42.8% 15.6%
GLFC 50.8% 9.7% 42.3% 13.9%
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FedIMD 56.2% 6.2% 52.5% 8.1%
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Impact of client replacement and addition at round 20 on TaskS training performance
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