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Abstract

This paper proposes a two-stage VAE latent representation transfer framework to mitigate the

performance degradation of resource-constrained clients in Federated Learning under severe data

imbalance (Quantity Skew Non-IID) environments. In Phase 1, a global VAE is pre-trained to encode

knowledge of the entire data distribution into a latent space. In Phase 2, the latent vectors are fused

into the classifier via learnable weights. Experimental results on CIFAR-100 and Tiny-ImageNet

demonstrate significant performance gains over the baseline and confirm statistical equivalence between

CNN and ViT architectures. Notably, we experimentally reveal that freezing the encoder is an essential

design principle to prevent global representation distortion caused by Non-IID data. This framework is

orthogonal to conventional model aggregation algorithms (e.g., FedAvg, FedProx) and maintains

communication efficiency by keeping the per-round communication cost identical to single-stage

federated learning.
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