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Abstract: Hierarchical federated learning (HFL) operates in a client-edge-cloud architecture, where intra-group ag-
gregation is carried out at the edge and global aggregation is performed in the cloud, enabling efficient distributed collabora-
tive training. However, client data is typically non-independent and identically distributed (Non-1ID), which may yield in-
consistent local updates, leading to gradient drift and convergence instability, and degrading global model performance.
Meanwhile, edge servers are subject to resource limitations, workload fluctuations, and unstable links, which can cause per-
formance degradation or even failures. Such events may interrupt intra-group aggregation, undermining system stability and
task completion efficiency. To address these challenges, this paper proposes a reliability-aware hierarchical federated learn-
ing framework (R-HFL) that decomposes the training procedure into a reliability-aware grouping stage and a global aggrega-
tion stage. In the grouping stage, we jointly cluster clients by integrating model semantic similarity and geographic proximi-
ty, improving intra-group statistical consistency and mitigating gradient drift induced by Non-IID data. In addition, an edge
reliability metric is incorporated as a reliability-aware selection criterion, prioritizing highly reliable edge servers as group-
level aggregators to reduce the risk of aggregation interruption. Furthermore, to account for the time-varying reliability of
edge servers and the long-term horizon of federated training, we design a failure-triggered task migration mechanism: when

a group-level aggregator fails, the aggregation task is dynamically migrated to an available edge server to maintain training
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continuity. To enable adaptive migration decisions, we formulate the migration process as a markov decision process

(MDP) and adopt multi-agent proximal policy optimization (MAPPO) under centralized training and decentralized execu-

tion (CTDE) to learn migration policies. A unified reward function with constraints is further designed to dynamically bal-

ance migration cost, post-migration communication overhead, and semantic distribution similarity, facilitating an adaptive

trade-off among objectives, fast migration adaptation, and sustained convergence stability. Finally, extensive experiments

are conducted on two real-world datasets under different Non-IID scenarios. The results demonstrate that R-HFL consistent-

ly outperforms baseline methods in terms of global accuracy and convergence rate, while substantially reducing the risk of

training disruption and migration overhead under edge server failures, thereby improving overall system robustness and

fault tolerance.
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