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P(w) := —HW||2 Z€ wlx; } max{ () := —HAozH2—lZ€f(—

Stopping criteria given by duality gap
Good performance in practice
Default in software packages e.g. liblinear
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for 1 € b

- Aw +— Aw — oV, P(w)
end
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for 1 € b

Aw + Aw — aV,; P(w)
w +— w + Aw

end
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CoCoA
Algorithm 1: CoCoOA

Input: T > 1, scaling parameter 1 < fx < K (default: Sx :=1).

Data: {(x;, yz) , distributed over K machines

Initialize: af ]) — O for all machines k, and w0 « 0

for t=1,2,...,T
for all machines k=1,2,..., K win parallel
(A, Awy,) LOCALDUALMETHOD((XEIZ]_I),’w(t_l))

(t) (t-1) | Bk
a[k] — [ ] + Aa[ k]

end
reduce w® « w1 4 8K S Awy,
end

Procedure A: LOCALDUALMETHOD: Dual algorithm on machine &

Input: Local ap) € R™, and w € R9 consistent with other coordinate
blocks of a s.t. w = A

Data: Local {(x;,y;)}.%,

Output: Aa[k] and Aw = A[k]AOé[k]
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CoCoA

v/ <10 lines of code in Spark

v/ primal-dual framework allows for
any internal optimization methoo

v/ local updates applied immediately

v/ average over K
DIOCKS O1L &X S.L. W — AW
Data: Local {(x;,y;)}.%,
Output: Aa[k] and Aw := A[k]AOé[k]
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Convergence

Assumptions:
¢; are 1/~-smooth
LocalDualMethod makes improvement © per step

e.qg. for SDCA e = (1 ANy 1>H

B 1—|—)\nfy%

E[D(a*) — D(a™)] < (1 —(1- @)[1( - i”;my (D(a*) _ D(a<0>))

applies also to duality gap
0<o<n/K
measure of difficulty of data partition
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Convergence

At imntinne:
v’ It converges!
ep
v’ Inherits convergence rate of
locally used method
E[D(a’ (a<o>))

v/ convergence rate is linear for
smooth losses

» measure or aIrmiculty or aata parttion
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Empirical Results in Spark

Dataset Training (n) éFeatures (d) Sparsity éWorkers (K)

Cov 522911 54  2220% 4

...................................................................................................................................................................................................................

Revl 677,399 47236  0.16% 8

...................................................................................................................................................................................................................

magenet 32751 160,000 = 100% 32
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Future Work

> optimal scaling between adding &
averaging

> similar rates for local-SGD?

> additional experiments: models/datasets

> integration into Spark MLIib



T hanks!

github.com/gingsmith/cocoa
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