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Distributed methods perform computation over a network (a broader
class).

Decentralized methods do so without central coordination (a subclass).

Roughly speaking, when communication latency and bandwidth cost
much more than computation, decentralized methods are preferred.

Examples: drone fleet control, wireless sensor network, applications of
real-time decisions made based on agents’ local data
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minimize (fi(z) + hi(z)), (1)
pER? i=1
where fi,..., f, are CCP (and FMa/bl_e) and hy,...,h, are CCP and
differentiable. L> Prox (o be comrwled
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Centralized consensus

Consider a parameter-server network model with a centralized agent
coordinating with n individual agents.
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Distributed gradient method
Consider |
migeigpize - ; hi(z),
where hq,...,h, are differentiable. With consensus set

C = {(513‘1,..
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subject tog (:cl,:.l. L xy) € C.
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This is the distributed gradient method. Assume a solution exists,
hi,...,hy, are Lp-smooth, and « € (0,2/Ly,). Then k= x>
(When hyq, ..., h, not differentiable, can use subgradient method of §7.)

This method is @ distributed:

(i) Each agent independently computes Vh;(z*)

(i) Agents coordinate to compute §* (reduction operation) and the
central agent computes and broadcasts 2**! to all individual agents.
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Distributed ADMM

Consider
n
minimize (x).
nimize 3 fi()
1=

With the consensus technique, obtain the equivalent problem:
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Rewrite to fit ADMM’s form: X = | %
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Simplify the iteration by noting that u¥, ..., u* has mean 0 after the

initial iteration and eliminating y*:

ah = Prox(l/a)f (Z% — (1/a)uf)
WL = b gz g

fori=1,...,n, whereQ (1/n)(z% + +)Th|s is distributed
(centrallzed) ADMM Convergenc—follows from convergence of ADMM.




Distributed ADMM

it = Prox(1ja)y, (2% — (1/a)uy)
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Is distributed:
k+1

(i) each agent independently performs the u”- and x;"'-updates with
local computation

(ii) agents@ to compute z"T1 with a reduction.

Exercise 11.7: Obtain distributed ADMM by applying DRS to the
equivalent problem
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subject to  (x1,...,x,) € C.
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Decentralized optimization with graph consensus
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If {7,7} E@ then we say j is adjacent to ¢ and that j is a neighbor of ¢
(and vice-versa). Write

Ni={jeV[{ij; € E}

for the set of neighbors i and |V;| for the number of neighbors of i.

= {9 +hiy
(

Using the notation of graphs, we can recast problem (1) into
minimize filx;) + h;(z;
rinimize, 3 (fie) + hi(a:) (3)
subject to x; =x; V{i,j} € E.
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Why decentralized optimization?

In a connected network, all agents can communicate with each other.
Any optimization method can be executed over the network through
relayed communication over multiple edges.

However, in distributed optimization, communication tends to be the
bottleneck. So we consider algorithms that communicate across single
edges

» without directly relying on long-range relayed communication,

» without creating a bottleneck by communicating with a single
central node.

Not delegating any agent as the central agent also improves reliability
against agent failure and helps data privacy.
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Consider hy = --- = h, = 0. For e = {4, j}, replace the constraint
x; = xj with ; = y. and x; = y. to obtain the equivalent problem

n%;r;i%fgige FO) + Crtﬁp 2o

. e — =0
subject to Y

For each e = {i,j} € F, introduce the dual variables u. ; for x; —y. =0
and u. ; for z; — y. = 0. The augmented Lagrangian is

(2, y,u Zfz (@) + Y (e, i — ye) + (Uejr T — Ye)
e={i,j}

30 5 (= well? + oy = well?)
e={14,5}

Apply ADMM and obtain
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is decentralized:

(i) Each agent independently performs the 2**1- and v**!-updates

with local computation.

P+l o its neighbors and each agent computes al‘“r1 by

(i) Agents send z;
averaging the :Uf“ s received from its neighbors (reduction

operation in the neighborhood).

The above decentralized methods are synchronous, which can be an
unrealistic requirement.

One can use asynchronous decentralized methods, which combine the
asynchrony of §6 with the methods of this section.
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