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Challenges of Federated Learning
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Multi-task Learning Uses Underlying Structure

Multi-task approach
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Mocha: Primal-Dual Framework

Algorithm 1: Vanilla Mocha: Primal Dual Framework
Input: Data Xy from kE=1,... , K tasks, initial matrix €2
Starting point ') := 0 € R", w¥) := 0 € RE*4

1 for:=0,1,... do

2 Set subproblem ¢’ and number of federated iterations 7;
3 fort=0,1,...7; do

4 Send Wff) to each node

5 for k =1,..., K in parallel over K nodes do

6 Solve local dual problem Dy ( af,'\,tH) - Xk, af,‘f) : Wff) , Q(_Al k) o)
7 returning approximate solution aﬁfﬂ)

8 return Xka;:“) to server

9 end
10 Compute w1 = VR*(Xa'"!)) on server
11 end
12 Update €2 centrally based on latest w
13 end

14 return W := (wy,... wg]|
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Mocha Drawbacks

Algorithm 1: Vanilla Mocha: Primal Dual Framework
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Why Acceleration?

Faster local computation
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Algorithm 1: Vanilla Mocha: Primal Dual Framework
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Why Adaptiveness?

comparisons between different adaptive methods
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Total Computation Comparison

duality gap over time
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Summary & Future Work

Federated multi-task learning framework
Extension:
v Adaptive node selection -> lower communication cost
v’ Accelerated local computation -> lower computation cost

e Acceleration on top of adaptiveness



