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Abstract: The computational power network was aimed to deeply integrate arithmetic resources and network re-
sources, achieving efficient utilization of massive data and heterogeneous resources in ubiquitous discrete deploy-
ment. To cope with the complicated multicenter computing collaboration and requirements for data privacy and se-
curity in computational power networks, federated learning was recognized for its inherent advantages in privacy
protection and edge arithmetic resource utilization. However, federated learning in the computational power net-
work environment faced certain difficulties due to the highly heterogeneous and widely distributed arithmetic edge
servers. On one hand, the heterogeneity of data among the massive edge servers in the computational power net-
work caused the Non-IID problem, leading to the deviation of the local model update from the global optimum in
federated learning. On the other hand, the generation of low-quality local models could significantly affect the train-
ing effect due to the differences in data quality among different edge servers. To solve the above problems, a
blockchain-based adaptive federated learning framework AWFL-BC (adaptive weight federated learning-
blockchain) was proposed. Initially, the data distribution distances of different edge servers were calculated through
smart contracts to generate a similarity matrix that guided aggregation. Concurrently, an adaptive weight aggrega-
tion algorithm was designed to alleviate the decrease in model performance and stability caused by differences in
data quality, thereby improving the accuracy of the model and accelerating model convergence. Finally, the integra-
tion of blockchain technology strengthened the security mechanism, effectively preventing poisoning attacks and in-
ference attacks. Comprehensive experiments on three public standard datasets show that AWFL-BC achieves higher
model accuracy and faster model convergence compared to state-of-the-art methods.

Keywords: federated learning, blockchain, adaptive weight, non-iid data distribution, computational power network
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Figure 1 Schematic diagram of federated learning in computing power network environment
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Figure 2 Differences in data distribution and quality among different devices in federated learning
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