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[ Abstract] Real-world data often follow a long-tail distribution. Federated learning methods that assume a balanced
global data distribution struggle to classify tail-class data within long-tail data accurately. Researchers typically
focus on retraining a balanced classifier for the global model, to mitigate the impact of long-tail data. However,
this approach does not consider the feature extractor of the balanced model or how the model’s feature extractor can
be enabled to learn high-quality image features, leading to the poor performance of the global model. To enable the
model to learn high-quality image features without bias during the feature learning stage, this study proposes a
federated learning method combining rotational self-supervision and Contrastive Language-Image Pre-training
(CLIP) guidance. This method uses rotational self-supervision to guide the training of local client models, thereby
reducing the impact of long-tail data on the client models and enabling the model to learn high-quality image
features. Simultaneously, CLIP is utilized to guide both the normal training of the model and the rotated images,
transferring rich knowledge from CLIP to the client model and further enhancing the performance of the feature
extractor. In experiments on the CIFAR-10 and CIFAR-100 datasets under different long-tail distributions, the
proposed approach improves the global model s classification accuracy by 2. 35 to 4. 72 percentage points,
respectively, compared with other federated learning methods.
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Fig.1 Framework for rotational self-supervised and CLIP-guided federated learning on long-tail data
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Fig.2 Schematic diagram of rotational self-supervision
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Table 2 Ablation experiment results
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Baseline X X 73.37 75.35 81.18 37.56 41. 29 48. 20
w/o Ly, N X 76.77 77.74 83. 82 38. 76 43.43 48. 96
AR N N 77.38 77. 84 84. 06 40. 16 43. 64 52.92
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Fig.4 'TSNE visualization results
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Fig.5 Visualization of CKA similarity for each layer of different client model feature extractors
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Table 3 The impact of different hyperparameter ¢ values

on performance
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Table 4 The impact of different hyperparameter & values

on performance
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Fig.6 Comparison of accuracy between federated learning and rotational self-supervised federated learning
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