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Abstract: To address the problem that existing federated distillation methods struggle to handle inconsistent representa-
tion spaces and uneven feature distributions across heterogeneous models, a federated heterogeneous knowledge distilla-
tion framework based on feature projection and adaptive enhancement was proposed, achieving efficient knowledge fu-
sion across heterogeneous client models. On the server side, client outputs were integrated via distillation; on the client
side, lightweight multi-exit branches were employed to project intermediate features into an aligned logits space to over-
come feature alignment bottlenecks. Promising performance was demonstrated on benchmark datasets, with reduced
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lution for heterogeneous model knowledge fusion in federated learning.
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