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swcu’onz sensetime

e Learn visual representations without labels 1. Single client training: bad result. 3. Federated unsupervised learning: e Setup: 5 clients, one fifth of total classes per client

e Achieved remarkable performance on 2. Federated learning: need labels o [2]: bypass non-1ID problem AR AR
centralized data available on the Internet o [3]: potential privacy leakage risk Method P YD NonlD 1D NondID

Single client training ResNet-18 1IM 8124 7198 5133 49.69

Single client training ResNet-50 23M 8316  77.84 5721 55.16

'i @ m Proposed: FedU Framework FedSimCLR [1] [36] ResNet:S0  23M  68.10  64.06 3975 3870

FedCA [36] ResNet-50 23M 7125 68.01 43.30 4234

" 1 3 FedSimSiam [2] ResNet-50 23M  79.64 76.70 46.28 48.80

Client1  Target 7 Clients | Server FedU (ours) ResNet-18  1IM 8521 7871 5652 57.08

FedU (ours) ResNet-50 23M  86.48 83.25 59.51 61.94

e Linear evaluation
e Unable to centralize growing decentralized ine : o,
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Act Yo | —> 1.Local Training —#- 2. Model Upload —» 3. Model Aggregation —- 4. Model Update e Left: Ablation on the communication protocol
. . ) o it i ; i e Right: Ablation on DAPU (Divergence-aware
e Non-independently and identically distributed Iterate four key activities until stopping conditions 9 ' ( 9 :
(non-lID) data leads to divergence [1] 1. Local training: clients conduct unsupervised learning (BYOL [4]) Predictor Update), f:ompared with using only
JPrp— 2. Model upload: clients upload trained models to the server global or local predictors
1D Non-IID . .
—— Federated Leaming 3. Model aggregation: server aggregates them to obtain a new global model
~ .~ .-~ Centralized Training ) . y .
3 s cenk 4. Model update: server updates clients’ local models with global model
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A: Online encoder -- keep target e Small divergence: use the global Py
o Propose divergence-aware predictor update

encoder for regression targets e Large divergence: use the local Po Paper & Code: https://weiming.me/
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