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krf(x⇤)k2 = 0

Data heterogeneity



Talk outline
1. Problem formulation 
2. Sampling, shuffling and fixed order 
3. Theoretical results 
4. Experiments



Experiments: logistic 
regression w/ l2 regularization
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More things in the paper

1. Importance sampling 
2. Decreasing stepsize 
3. Regularized Fed RR 
4. Bounds for iid and non-iid data 


