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Problem Statement

Problem: Federated optimization with:

Heterogeneous data
Partial client participation

Relaxed smoothness.
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Problem Statement (Federated Learning)

Federated learning McMahan et al. [2017] is a distributed learning framework empha-
sizing:

m Decentralized data to maintain privacy.
® Minimizing communication between clients.

m Heterogeneous data.

Example: Gmail next word prediction.

How to efficiently learn from heterogeneous user data (and leverage compute from user
devices) while maintaining privacy and minimizing communication cost?
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Problem Statement (Relaxed Smoothness)

Works in nonconvex optimization commonly assume smoothness of objective function
Ghadimi and Lan [2013], Carmon et al. [2017], i.e. that the gradient is L-Lipschitz.

Zhang et al. [2020a] provide empirical evidence that 00 | fyeee
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In this setting, gradient clipping significantly speeds up convergence Zhang et al. [2020a,b].
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Problem Statement

Our goal: Design an optimization algorithm for federated learning with heterogeneous
data, partial client participation, and relaxed smoothness.

Matches real-world: modern neural networks (relaxed smoothness) with real user data
(heterogeneous) and user availability (partial participation).

Previous work:

m SCAFFOLD Karimireddy et al. [2020]: Heterogeneous data with smoothness.
m CELGC Liu et al. [2022]: Relaxed smoothness with homogeneous data.

m EPISODE Crawshaw et al. [2022]: Relaxed smoothness and heterogeneous data
with full participation.

Our algorithm, EPISODE++, solves this optimization problem under heterogeneous
data, partial participation and relaxed smoothness.
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EPISODE++ Algorithm

Algorithm 1 EPISODE

1 Initialize &, Gj  VF(%0,&), Go + + XN, Gi

2: forr=0,1,...,R—1do

3:  Sample S, C [N] uniformly at random such that |S,| = S
4. forie S, do

5 T, o Tr

6: for k=0,...,] —1do

7 Sample VF:(ZlT_kaf,k% where ¢!, ~ D;

8 Grp < VE(@ 45 6,) — G+ Gy

0wl e al, - 1IG < /) - VB LG, 2 /)
10: end for :

W Gl L VR €

12: AG; «+ G, -G

13:  end for

14:  Update &,41 ézl,€s, Ee

15 Update Gy = G + % Yics, AGH
16:  Denote G, <+ G for all i ¢ S,

17: end for

Two main features:

m Local update corrections.
m Episodic gradient clipping.
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EPISODE++ Algorithm

Algorithm 1 EPISODE ++

1 Initialize &, G} « VF(%0,&,), Go + £ YN, Gi
2: forr=0,1,...,R—1do

3. Sample S, C [N] uniformly at random such that |S,| = S

4. forie S, do

5: Ty Ty

6: for k=0,...,7 —1do

7 Sample VFL(mlr'k;gf«yk), where ., ~D;

8: Gk VE(@] 36 ) — G+ Gy

9 @ gy g — 095 MG < v/} —rgesy
10: end for '
W Gl F XD VR €

12: AG; + G, -G}

13:  end for

14:  Update &1 < ézzes, )

15:  Update G4y < G, + %\, Pics, AG;
16:  Denote G, < G} foralli ¢ S,

17: end for

Two main features:

m Local update corrections.
m Episodic gradient clipping.
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EPISODE++ Algorithm

Algorithm 1 EPISODE

1 Initialize &, G} « VF(%0,&,), Go — L TN, G

2. forr=0,1,...,R—1do

3:  Sample S, C [N] uniformly at random such that |S,| = S
14: forie S, do

5: T, Ty

6: for k=0,...,] —1do

T Sample VE(x; ;) ), where £, ~ D;

8: ghi = VE () 13€,) - G+ G

0wl e a1 < /) - v LG = 5 /n)
10: end for '

W Gl e YT VR )

12: AG.L G, —GL

13:  end for

14:  Update &, ézxssy x!

15:  Update Grq1 + G, + ﬁ Zle& AGL
16:  Denote Gi.,) < G foralli ¢ S,

17: end for

Two main features:

m Local update corrections.
= Episodic gradient clipping.
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Complexity Results

Best Iteration Largest I to guarantee

Method Communication Complexity (R) Complexity linear speedup Setting
2 2 B 2
Local SGD [48] O (§ker + AL 4 8L o (%) o) H)
SCAFFOLD [24] o) (%ﬁ + %) o (A;f) o (NL%) (H), (5)

CELGC [32] o(3ks) 0 0 (&) ®e)

()
ersoven o3+ = 146) 0(%7) (i) G
(+)

EPISODE++ A ( ALoo? | A(Lo+Li(k+p0)) Lo A A Loo?
(Theorem 1)t O (4 + S ) o © Lys.) RO

P (Lu+L|(n+pa))(o+,,—M

m EPISODE++ is the only algorithm with guarantees in our setting.
m Achieves linear speedup, reduced communication, and resilience to heterogeneity.

m Recovers iteration complexity of previous work for case of full participation.
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Lower Bound for Baseline

m Minibatch SGD: Classical baseline for distributed optimization Cotter et al. [2011].

m Clipped Minibatch SGD: Extend to relaxed smooth setting by limiting length of
each update (i.e. apply gradient clipping).

In the centralized setting, gradient clipping avoides exploding gradients Zhang et al.
[2020a,b], i.e. the convergence rate does not depend on

M :=sup{[|[Vf(2)|| | f(z) < f(@0)}-

Lower bound for communication steps for Clipped Minibatch SGD (Theorem 2):

R>0 (AL;M)
€

The dependence on M shows that, in our setting, adding gradient clipping to Minibatch
SGD does not eliminate exploding gradients.
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Federated Learning with Client i Data Het: ity, and Unt

Experimental Results

SNLI
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(a) Training loss and testing accuracy for SNLI dataset.

Bidirectional RNN for text classification on SNLI dataset Bowman et al. [2015].

EPISODE++ maintains superior performance as participation decreases, and as data
heterogeneity increases.

Further experiments in the paper.
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