Regularization Paths with Guarantees Joachim Giesen  FSU Jena, DE
Martin Jaggi ETH Zurich, CH

for Convex Semidefinite Optimization Séren Laue FSU Jena, DE

Pathwise Optimization Path-Following Idea: A Piecewise Constant Path
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Goal: Guarantee small duality gap gy (:13) < € along the entire path in t
Parameterized Convex Optimization:

Minimize a convex function f; () Idea: Keep x constant, change t as far as possible

Over a Compact Convex domain a’/’ 6 D . : ... ................................................................................... .

min f (x) At the current value t, compute an
xeD ' . : approximate solution x, of a quality

The objective is parameterized by an additional

parameter t (e.g.a regulanzaten param ster)

How far can we change the
parameter ¢ — ¢’ such that

Solution Path:

: - X s ggill geed eneugh at t' ! () < e
Maintain an optimal solution (t) along - gt ( )
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the entire path, as the parameter t changes.

- Stability of Approximate Solutions:

g

Any t’ satisfying  g¢ (%) — gi(z) <€ — 5

Mamtam an g-appr0x|mate SOIUthn, along ........................................................... WI” malntaln the g_guarantee for v
the path in t.

Measure of approximatién When the duality gap changes continuously

quality: ¢ (CIZ‘) < € in t, we have intervals of size at least Q(e) :
Mﬂww (quallt)’ wm’ e i a

easy to compute!)

. ~ Update T := t,
Approximate Solution Path: ~ and repeat

. Theorem 6. Let f; be convex and continuously differ- '3
. entiable in X, and let V f;(X) be Lipschitz continuous :
. in t with Lipschitz constant L, for all feasible X. Then :
. the e-approzimation path complexity of Problem (1) :
over the parameter range [tmin,tmax] C R 2s at most -

SDPs

with bounded trace

Nuclear-Norm Regularized Optimization

also called ,,trace norm®,

................................. bit , :
: ) :ar\lv:(r?unction sum of singular values e, . Number of [QL T tmax — tmin—| — 0 (1) .
on matrices \ j - Here: constrained variant ": intervals | v—1 S S
min ~ f(Z) + A|Z]. = min f(Z) of piecewise e -
ZeRmxn ; constant solutions

Experimental Results

Matrix completion for recommender systems
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Figure 1: The nuclear norm regularization path for the three MovieLens datasets.
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Is equivalent to:

Figure 2: The regularization path for the weighted nuclear norm ||.{|,,,c.q)-

Robust PCA
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Weighted Nuclear Norm
12

A Variant of Sparse PCA

- Approximate Path Exact Path

for BQ
||PZQH* dic;';gonal

nuc(p,q) "

E-guarantee on gap, exact solution along path

We obtain the regularization path for the :
- continuously along path

SDP-relaxation

min || Z]|, + X" [[M — Z]|,
ZeRan

Can be reduced to the classical nuclear norm!

weighted nuclear-norm classic nuclear-norm widely aPP"Fa?'e and prollalefm-speaﬁc, PLaICt'C3| :
o . : e practica only for some problems

min  f(2) : p—170-1 Our regularization path framework applies min p-e’|X|e—Tr(MX) : : :
ZeRmxn & R £ Q™) to th | crained variant Xesnxn low complexity complexity can be expo- -
st N2 lnucp.g < ¢ st ||Z]], <t © the {nuc ear norm.) constrained variant, st. Tr(X)=1, O(l1/€) nential (in the worst case) :

* if the ¢1-loss is smoothened X >0 :

— any approx. internal exact internal optimizers :

optimizer can be used are necessary

Guarantees and Algorithms translate to the weighted case



