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Personalized FL through
Local Memorization: background

+ Better prediction

Orhan. A simple cache model for image recognition. NeurlPS, 2018.
Khandelwal, Levy, Jurafsky, Zettlemoyer, Lewis.
Generalization through Memorization: Nearest Neighbor Language Models. ICLR, 2020.
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Table 2: Test accuracy: average across clients / bottom decile.

Dataset Local FedAvg  FedAvg+ ClusteredFL  Ditto FedRep APFL k(Ng;fSr

FEMNIST 71.0/57.5 83.4/68.9 84.3/694 83.7/69.4 84.3/71.3 853/72.7 84.1/69.4 88.2/788
CIFAR-10  57.6/41.1 72.8/59.6 75.2/62.3 73.3/61.5 80.0/66.5 77.7/652 78.9/68.1 83.0/71.4
CIFAR-100 31.5/19.8 474/36.0 51.4/41.1 47.2 /36.2 52.0/41.4 53.2/41.7 51.7/41.1 55.0/43.6
Shakespeare 32.0/16.0 48.1/43.1 47.0/42.2 46.7/414  47.9/426 47.2/423 459/424 51.4/454
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Table 2: Test accuracy: average across clients / bottom decile.

kNN-Per
(Ours)

FEMNIST  71.0/575 83.4/689 843/60.4 83.7/69.4 843/71.3 853/72.7 84.1/604 88.2/78.8
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Table 2: Test accuracy: average across clients / bottom decile.
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Table 2: Test accuracy: average across clients / bottom decile.
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Table 2: Test accuracy: average across clients / bottom decile.
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