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Our Algorithm: kNN-Per

kKNN-Per

1. Clients train a global model using a
federated learning algorithm (e.g. FedAvg)

2. Each client creates its local datastore

3. Alinearinterpolation is used at inference
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Theoretical Guarantees

» Enjoys global model’s convergence properties

» What about generalization properties?
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Experiments

Table 2: Test accuracy: average across clients / bottom decile.

Dataset Local FedAvg FedAvg+  ClusteredFL Ditto FedRep APFL k?g:lisr

FEMNIST 71.0/575 834/68.9 84.3/69.4 83.7/69.4 84.3/71.3 853/72.7 84.1/69.4 88.2/78.8
CIFAR-10 57.6/41.1 72.8/59.6 75.2/62.3 73.3/61.5 80.0/66.5 77.7/65.2 78.9/68.1 83.0/71.4
CIFAR-100 31.5/19.8 47.4/36.0 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  46.7/41.4  479/426 472/423 459/42.4 51.4/454
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Datastore adapted to clients’ capabilities
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Datastore adapted to clients’ capabilities

ProtoNN-like datastore compression

- 4x memory savings with
- limited accuracy loss (0.7pp)
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