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Background

ä Goal: minx∈Rn F (x) , Σifi(x)
ä Main tool: SGD x(t+1) = x(t) − ηg̃(x(t), ξ(t)),
g̃(x(t), ξ(t)): gradient observed over mini-batch ξ(t).
ä Challenge: Higher computational cost
2� Solution: Parallelization of SGD

x(t+1) = x(t) − η1
p

Σp
j=1g(x(t), ξ

(t)
j )

ξj: Mini-batch sampled from worker j, p: # workers
ä Challenge: Communication cost is bottle-
neck due to data exchange per iterations and
communication rounds (# iterations).
2� Solution: Reduce communication rounds by Lo-
cal SGD with periodic averaging.
ä Question: How many communication rounds do
we need?

Local SGD

äUpdate rule:
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 if τ |T,
x(t)
j − g̃(t)

j Otherwise,
xj: Model at worker j, g̃j: observed gradient over
random mini-batch by worker j.

Assumptions

ä Unbiased estimation: E[g̃j] = gj
ä Bounded variance:

Eξj
‖g̃j − gj‖2|

 ≤ C1‖gj‖2 + σ2

B
ä L-smoothness :
‖∇F (x)−∇F (y)‖ ≤ L‖x− y‖, ∀x,y ∈ Rd

ä µ-Polyak-Łojasiewicz (PL) :
1
2
‖∇F (x)‖2

2 ≥ µ
F (x)− F (x∗)

, ∀x ∈ Rd

+ PL condition is a generalization of strong con-
vexity, meaning, µ-strong convexity implies µ-PL
condition.

Local SGD: Convergence analysis

Table: Comparison of different local-SGD with periodic averaging based algorithms.
Strategy Convergence Rate Communication Rounds (T/τ ) Extra Assumption Setting
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Questions

ä Can we further improve the number of communication rounds from O
(pT )

1
3

?
á Answer: Yes, using Adaptive Synchronization.
ä What is the motivation behind adaptive synchronization?
á Answer: Getting closer to the optimal point ê local solutions are getting closer
to each other ê less number of communication rounds is needed.
ä How to capture this in the convergence analysis?
á Answer: τ = O

T
2
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F (x̄(0))− F ∗
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ä A suggestion for adaptive τ?
á Answer: τi =




F (x̄(0))
F (x̄(iτ0))


1
3


τ0, for ith communication round, starting with τ0.

ä Convergence rate with this adaptive τ?
á Answer: The same rate if τi satisfies: i) ΣE

i=1τi = T , ii) ΣE
i=1τi(τi − 1) = O(T 2),

iii) (max1≤i≤E τi)3 = O
T

2

pB

, with E is the number of communication rounds.

Synchronous, Local, and Adaptive Local SGD
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LUPA-SGD vs. Sync-SGD

Figure: Comparison of the convergence rate of Sync-SGD with
LUPA-SGD with τ = 5 (Stich, 2019), τ = 91 (ours) and
one-shot (with only one communication round).

Number of Machines

Figure: Changing the number of machines and calculate time
to reach certain level of error rate (ε = 0.35).

Adaptive Synchronization

Figure: Comparison of the convergence rate of LUPA-SGD
with ADA-LUPA-SGD. τ = 91 for LUPA-SGD, and τ0 = 91
and τi = (1 + iα)τ0, with α = 1.09 for ADA-LUPA-SGD to
have 10 rounds of communication.
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