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Distributed Optimization over Networks
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» Each agent i locally owns only f; and G

> G:R?— (—o0,400] is nonsmooth & convex, known to all the agents

» Communication among nodes is modeled as a general connected graph

Distributed algorithms: each agent performs computations locally and
communicates only to its immediate neighbors.
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Case Study: Empirical Risk Minimization (ERM) in Network

With D := {Z,... Zy} ~ P, compute
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Communication Complexity of First Order Methods

Algorithm Rate (# comm.)
SSDA/MSDA [Sca-Bach-Bub'17]
OPAPC [Kov-Sal-Ric'20] O( Vel 105 Iogé)

Accelerated Dual Ascent [Uri-Lee-Gas'20]

APM-C [Li-Fang-Yin-Lin'18]
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Mudag, DPAG [Ye-Luo-Zhou-Zha'20]
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Accelerated EXTRA [Li-Lin'20] 0 ( VFlocal \/7|og %)
O (vt
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DAccGD [Rog-Luk-Gas'20]
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Communication Complexity of First Order Methods

Algorithm Rate (# comm.)

SSDA/MSDA [Sca-Bach-Bub'17]
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Accelerated Dual Ascent [Uri-Lee-Gas'20]
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APM-C [Li-Fang-Yin-Lin'18]
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Mudag, DPAG [Ye-Luo-Zhou-Zha'20]

0 1 21
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DAccGD [Rog-Luk-Gas'20]

L . .
Rglobal = o Rlocal = Tmn

For ill-conditioned problems with extremely large Kgiopar OF Kiocar, can we further improve
g

communication complexity?
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Leveraging Function Similarity

> Statistical similarity: i.i.d. data + assump. [Arj-Sha’05] [Hen-Xiao-Bub-Bach'20]

IV — V2F|| < B = O4 (\/1/n> (on ©) w.h.p.

ERM with optimal regularization: kK = O(v/m-n), B/u= O(v/m)
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Leveraging Function Similarity

> Statistical similarity: i.i.d. data + assump. [Arj-Sha’05] [Hen-Xiao-Bub-Bach'20]

IV — V2F|| < B = O4 (\/1/n) (on ©) w.h.p.

ERM with optimal regularization: kK = O(v/m-n), B/u= O(/m)

» Exploiting function similarity to reduce communication complexity
o State-of-the-arts over star network

Algorithm Rate (# comm.)
DANE (quadratic) [Sha-Sre-Zha'14] & (E)Z o 1
CEASE [Fan-Guo-Wang'19] ) 8¢
[Lu-Fre-Nes'18] 0] (g log %)
DiSCO (self-concordant loss) [Zha-Lin'15] 10) ((1 + ﬁ) log %)
SPAG [Hen-Xiao-Bub'20] o (5 log g) , asymptotically
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SPAG [Hen-Xiao-Bub'20] o (5 log g) , asymptotically

e Can we achieve \/}Zf complexity dependency on mesh networks?
Accelerate SONATA algorithm!
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Proposed Approach: Accelerated SONATA

P update local cost:

X—X

7400 = 00+ 2L |

i

P execute SONATA for T rounds:
{Z"kﬂ}ie[ ~ SONATA (argmln Z £ () + G(x))

i=1

P extrapolation:
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Communication Complexity

Theorem (Star Network)

The total # communication rounds needed by the Accelerated SONATA-star algorithm
to obtain L 37 (U(xf) — U*) < € reads

(i)l

Theorem (Mesh Network)

The total # communication rounds needed by the Accelerated SONATA algorithm to
obtain L 3" (U(xf) — U*) < € reads

O ( f/’up log (1 4 Tl> log (g) log i) .




Communication Complexity

Theorem (Star Network)

The total # communication rounds needed by the Accelerated SONATA-star algorithm
to obtain L 37 (U(xf) — U*) < € reads

(i)l

Theorem (Mesh Network)

The total # communication rounds needed by the Accelerated SONATA algorithm to
obtain L 3" (U(xf) — U*) < € reads

O ( f/’up log (1 4 Tl> log (g) log i) .

First result matching the lower bound Q < B/u Iog( )) (up to log-factors)




Distributed Hinge Loss Minimization
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Figure: Hinge loss minimization, HIGGS dataset. (left panel): optimality gap versus total
number of communications; (mid panel): number of communications to reach a precision of
10~% versus (total) sample; (right panel): the mid panel on a different scale of the y-axes.
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Thank you!
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