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Special Topics Outline

- Last week: How to optimize in large-scale distributed systems?
- Computational/Statistical and Communication trade-offs.
» Parallel SGD
« Synchronous SGD
« Three main topics:
« Online Gradient Descent (April 27th)
 Distributed Gradient Descent (May 4th)
« Communication-Efficient Gradient Descent (May 11th)

- Today: How to optimize in large-scale distributed systems and communicate less?



Stochastic Gradient Descentin ML
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Noisy Gradient at w,onsamplej € [N]: VA(w;; (x;, y;))

Note: Vh(w,; (X], )’j)) # Vhy(w,)



Parallelized SGD

Initialize with w' = w

For k = 1 to M in parallel do,

w}k) = SGD(h™, wy; ™)
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Return w, = EY; Z w}k)
k=1

Note: Only one round of communication at the end.



Synchronous SGD/Federated SGD

M
h(w) = ) ih®(w)
k=1




Convergence Rates of Synchronised SGD

General (Return
average-iterate)

Strongly convex (return
last-iterate)

Synch SGD
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Synch SGD converges to a minimizer in the expectation, i.e., E[A(X})] — h(x™) < O(r(T)), under

an appropriate choice of the sequence of step-sizes {7,}.



Convergence Rates of Synchronised SGD

General (Return Strongly convex (return
average-iterate) last-iterate)
1

Synch SGD/FedSGD
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SGD converges to a minimizer in the expectation, i.e., E[h(x;)] — h(x*) < O(r(T')), under an appropriate

choice of the sequence of step-sizes {7, }.



Synchronous SGD/Federated SGD

M
h(w) = ) ih®(w)
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Local SGD
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hw) = — 2} hw; (5, 7)) = — 2} h(w)



Local SGD Features

. H= O(N/T/(Mb)) o
Synch SGD Local SGD Parallel SGD

E[h(x;)] — h(x*) < OptError + NoiseError + DrittError




Local SGD Features

. H= O(N/T/(Mb)) o
Synch SGD Local SGD Parallel SGD

Why?



Convergence Rates of Local SGD

General (Return
average-iterate)

Strongly convex (return
last-iterate)

Local SGD
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Local-SGD converges to a minimizer in the expectation, i.e., E[h(X;)] — h(x*) < O(r(T)), under

an appropriate choice of the sequence of step-sizes {7, }, with reduced communication!



FedAvg and Fed Prox
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FedAvg and FedProx
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Key Issue: The clients/workers here can drift away, due to heterogeneity and does

not necessarily satisfy i.i.d assumptions.
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Algorithm

FedProx. h(w)= ) p,h"(w).

m=1

At round r, the server selects S, C {1,..., M} and sendsw " tom € S..
Each selected client approximately solves

wtl ~ arg min {hm(w) + %HW — w’”\lz} .
w

This can be implemented by H local SGD steps:

r,0
Wi

rs+1 . ,rs S

The server aggregates

=Wr,




FedProx and FedAvg Features

« When u = 0, FedProx reduces to FedAvg.

» FedAvg converges under bounded-heterogeneity to the same rates as
SGD for convex and strongly convex functions.

» FedProx converges to a stationary point, under a similar bounded gradient
dissimilarity condition and converges in roughly O(1/R) steps.
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Summary

We saw new algorithms for reducing communication.

We looked at cases with homogeneous and heterogeneous clients and
problems associated with that.

More complex trade-offs between stochasticity and drift due to other
reasons (heterogeneity, non-1ID ness etc.)

After the break: Assignment discussion.



