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overview

" Contributions

v/ equip existing optimizers
with accuracy certificates

Problem formulation
min  f(Aa) + g(a)

o CER™

min " (w) + g" (-4 w)
wERa

J convex, smooth g convex

correspondence mapping

w=w(a):=Vf(Aa) |

“Optimality conditions
' w € 0f(Aa) —A'w e dg(a),
Aa € 0f*(w) a € 0g*(—A"w)

Convex conjugate:  p*(v) := sup vlu — h(u)
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g bounded support

- g general convex? ¥

Martin Takac ¢ - Martin Jaggi °

v algorithm-independent new
primal-dual convergence rates
for a larger problem class

_existing rates = primal-dual rates

» algorithm agnostic

g strongly convex

* linear rate = linear primal-dual rate

* linear rate = linear primal-dual rate

new: SVM

* 1/Trate = V1/T primal-dual rate

examples:

+ same! using trick, see next

structured

_—

f=1L12, g separable: see SDCA

L1, elastic-n, :
group lasso, :
TV, fused L1, :

NS

hpSChltzmg trick

g (u)

» makes ¢~ globally Lipschitz
» glves duality gap defined on
entire region of interest

B easy to choose for norm-reg. problems

» problem and algorithms unaffected!

~

» can re-use all existing algorithms!

Comparlson to Nesterov Smoothlng
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» makes ¢~ strongly convex

» changes iterates

proof detalls

;. Lemma 1. Consider an optimization problem of the
. form (A). Let f be 1/3-smooth w.r.t. anorm ||| s and let g

be 1i-strongly convex with convexity parameter (1 > 0 w.r.t.
a norm ||.||4. The general convex case | = 0 is explicitly
allowed, but only if g has bounded support.

Then, for any o € dom(D) and any s € |0, 1], it holds that

D(a) — D(a”) > sG(a) (5) :
-5 (e — el — Sl A - a)]F)
where G() is the gap function defined in (4) and
u € dg" (A w(a)) (6)

ﬂgw

coordinate descent

» new primal-dual rates for CD on
[ 1, group-lasso, elastic-net, etc

» certificates

» generalize SDCA. no square root

///ustrat/ve experiments for L1

news20 Lasso mushrooms Lasso
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