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Background

Traditional FL：training data of all clients will remain unchanged（unrealistic static assumption）
Federated Continual Learning (FCL) ：allowing clients to continually accumulate knowledge from task sequences
Challenge：spatial-temporal data heterogeneity



Negative Impact

参数遗忘 (Parameter-Forgetting)：特征提取器对同一输入提取的特征内容发生改变，不再提取与类别相关的语义
特征（特征提取器参数被新任务数据覆盖）
输出遗忘 (Output-Forgetting)：特征在空间中的位置发生偏移，边界模糊（分类头持续更新导致特征位置漂移）



Motivation

• Feature Consistency: Feature extractor parameters change across time and clients, causing parameter-forgetting. 
-> Freeze the pre-trained ViT-B/16 feature extractor shared by all clients.
• Position Fixing: Classification head continuously fits new tasks, causing output features to gradually drift in 
space. -> Learnable Tail Anchors mix with frozen features, aligned with server-selected and fixed global 
prototypes.
• Common Future Space: data distribution differences across clients. -> server establishes unique global 
prototypes via Best Global Prototype Selection(BGPS), contrastive loss forces all client features toward the same 
prototypes.
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  Input Enhancement

Optimization tail anchor
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最优全局锚点： 与其他原型平均相似度最低
（即最具判别性，更不容易被误认为其他类别）
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Personalized Federated Continual Learning 
via Multi-granularity Prompt
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Method 
(ICCV 2023, TARGET: Federated Class-Continual Learning via Exemplar-Free Distillation)
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Method 
(NIPS 2023, A Data-Free Approach to Mitigate Catastrophic Forgetting in Federated Class Incremental Learning for 
Vision Tasks)
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