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industry data privacy and limited computational resources was recognized as a critical challenge for telecom opera-

tors. Federated learning (FL) was employed to address data silos and privacy concerns by enabling distributed collab-

orative training without sharing raw data. However, the massive number of parameters in VLM was found to lead to

high communication and computation costs during training. Additionally, the strong data heterogeneity in FL environ-

ments was observed to limit the generalization capability of global models. To address these challenges, federated per-

sonalized low-rank mixture of experts (FedLRM), a personalized mixture-of-experts federated fine-tuning framework

for VLM was proposed. It combined the parameter-efficient tuning method low-rank adaptation (LoRA) with a gating

mechanism to build a local mixture of experts (MoE) architecture that fuses global and local features, enhancing fine-

grained personalization. Experiments results show that in heterogeneous data scenarios, FedLRM improves accuracy

by up to 1.88% compared to baseline methods, verifying that it provids an effective solution for the federated optimi-

zation of personalized vision-language models.

Key words: vision-language model, low-rank adaptation, personalized federated learning, mixture-of-experts
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