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Abstract: Federated learning suffers from fairness imbalance due to gradient conflicts in non-independent and in-
dentically distributed (Non-IID) data scenarios, with model parameter transmission risking privacy leakage. Exist-
ing fair federated learning algorithms mitigate gradient conflicts effectively but lack targeted optimization for local-
global model consistency under complex heterogeneous data, leading to deviated local training from global optima,
impaired fairness and limited overall performance. To address this, the FedALF algorithm and LDP-FedALF algo-
rithm were proposed: it alleviates gradient conflicts via fairness-driven objectives and hierarchical optimization;
adopts ADMM for optimization, designing dual variables and quadratic penalty terms in clients' local objective
functions to enforce local-global model consistency constraints, further enhancing fairness and performance; and in-
tegrates adaptive local differential privacy into model transmission for privacy protection. Through a large number

of experiments, FedALF achieved an average improvement of 10.82% in test accuracy and 19.80% in fairness per-
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formance compared to existing fair federated learning algorithms. LDP-FedALF achieved an average improvement

of 7.53% in test accuracy and 15.36% in fairness performance compared to existing fair federated learning algo-

rithms.

Key words: federated learning, fairness optimization, alternating direction method of multipliers, privacy-

preserving
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