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Distributed Optimization Problem Two Distributed Optimization Algorithms Experiments
Minimize an average of functions, each of which is In the following, compare thresgorithms
stored on differentnachine Formally, Inexact DANE .
K Core idea- solve the DANEsubproblemapproximatel * COCOA([2]) with SDCA locally
. 1y, P PP Y + InexactDANE(DANE) with SVRG locally
glelfé fw) = 1% Z k(W) Algorithm 1: INEXACTDANE(f, w", s, 7, ) e AIDE with SVRG locally
k=1 1 K . .. . 0 d .
. . Input: f(w) = & >, Fk(w), initial point w®” € R, By default for a single pass through local data.
whereK Is the number afachinesand hexactness pa’;ia&leter 0<n~<1 Y | -g P J
i for t — 1¢0 s do Algorithm comparison
Fi(w) = N > filw). for k = 1to K do in parallel « Rcvl dataset, smoothed hingss
1E Py Find an approximate solution ’U),i ~ ’zi}k .— arg minweRd g,i’u(”UJ), ® Regularlzatlorstrength{ 1/N, 1/10]\77 1/1OON }
_ _ ton t—1 A : )
Here, f:(w) usually represer# loss function incurred on endS“Ch that [[w), — || < vljw™" — ]  Datarandomly distributed across 8 nodes.
thei-th data point. SeP, denotes indices of data ot = LYK : Ok : QT |
points stored on computér . end Koo=k=1 "k N
: : return w’ JO JO | UO
Basellne algorlthm: DANE [3] w LL]O_-SD 5ID ]EJOOA?{P%‘M](SJO LL]O_IEO HI]O 2L:JO 3(50 ;On\ﬂ]o LLm_]SD 5(IJO ]EI;OD ]5IOD 2000
At iterationt , with iterate’~' , each machine solves
ot = argmingl (w) AIDE_: Accelerated Inexact DANE Node scaling
k= L8 Ik, \W); Core idea- apply Universal Catalyst [1] tlmexactDANE « Rcv], covtype realism,url datasets dgistic loss
wheret P Algorithm 1: AIDE(f, w°, A\, 7, s, v, i, €)  Randomlydistributed across+44 computers.
w) .= w :
Greou (W) k(1) Input: f(w) = L K  F,(w), Initial point 1° = w° € R%, INxacTDANE | * FIxednumber of local steps GVRG
— <VFk (’wt_l) — an(’wt_l), w> iterations s, inexactness parameter 0 < v < 1,7 > 0. Letg = A/(A + 7) S B & S e
. t—1 A 107 Oangsy £ o Mg : 0N £ o
Y t—12 while f(w"™") — f(w) < edo o, : R
5 ||lw —w : T _ s O s, £v
N =5l | | Define f*(w) i= & S0, (Fiw) + 5w — 5 g | By 0
This Is followedby aggregation to form new Iterate w’ = INEXACTDANE(f*, w'™!, 5,7, 1) wios * :
ot LK Find ¢; € (0,1) such that (7 = (1 — (;)(7q + g Arbitrary data partitioning
Koeh=1 Tk Compute y' = w' + B, (w' — w'™!) where f; = S=5=2=1 » Rcvl, covtype realsimdatasets, logistic loss
Properties end « Partitionedo 2 computers:
.. t .
A Fast convergence whép(w)  are similar enoyghretam v U Randomly (random)
(i.i.d. data distribution) o | U Based on output label (output)
A Not robust to arbitrary data distributions Communication complexity guarantees SR e SN
A Exact minimum COmpUtatiOna”y Infeasible In Algorithm J-related Fi. strongly convex Fj}, convex Fi. ?D_S 30_5_ 30_5_ o~ _
many applications InexactDANE | O (vlog(g)) O (% log (+)) O(¢log(g)) | & <y N
Our contributions AIDE | O <\/§ log (%)) O (\/§ log (%)) O (\ﬁ log (%))
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Implemented using only firgirder oracle




