The Zoom strategy for
accelerating and warm-starti ng
interior methods

INFORM S Annual M eeting
Pitts burgh, PA, November 5{8, 2006

M ichael Saunders and Leo Tenenblat

Dept of Management Sci & Eng IMP A

Stanford University Rio de Janeiro
Stanford, CA 94305-4026 Brazil
saunders@stanfod.edu leo@asynacom.br
First presented at ISMP 19, Rio de Janeiro, Brazil August 2006

The Zo om strateqgy { n. 1/16



Abstract

Interior methods using iterative solvers for eachseach direction
canrequire drastically increasng work per iteration as higher
accuacy is souwght.

The Zoom strategy solves r st to low accuacy, and

then solvesfor a carection to both primal and dual variables,
agan to low accuacy We\zoom in" on the carrection by
scalng it up, thus pemitting a cold start for the correction.

The samestrategy appliesto warm-starting in gereral.
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M otl vation

The problem that started it all
Image recanstruction

Nagy and Strakos 2000 Byunggyoo Kim thesis, 2002
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Image Reconstruction

min , e'x + 3krk?

st Ax+r=1 x, O

NNLS: Non-negitive least squaes , = 10 *
A IS an expensie operator 2-D DFT
65K £ 65K

PDCO usesLSQR for each dud seach direction ¢ vy:
o A | A

2 DAT DwW
Mino | Cyij

Oo0OO0OO0

I'1

The Zo om strateqgy { n. 4/16



PDCQO Solver

Matlab prima-dud intenor method

http://www.st anford.edu/grou p/SOL/soft ware.html

Nomind problem:

NP minimize A(X)

subjectto Ax=Db - x- u

A(x) convex sepaable

Reaqilarized problem:

NP(°;%)  minimize A(x) + 3k°xk? + 3krk?

subjectto Ax++x =0 - X- U
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PDCOQO search directions

3 methods for computing ¢ vy:

2 Choeskyon (ADAT + #1)¢y= ADw + #ry

o A T! A 1o

o DA DW o

2 SpaseQRon mino N Cyi L
T 1

> LSQR on same LS problem (iterative sdver)

Must use LsQr when A is an operator
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M otl vation

LSQR Iterati ons increase exponentially
with requested accuracy
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Zoom strategy . Accelerating IPMs

N

Solve to 3 digits: chea approximation to x; y; z

De ne newproblemfor carection dx; dy; dz

Zoom in (scde up carrection)

Solve to 3 digits: chea approximation to dx; dy; dz

N

N

N

Cold start for both sdves
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Results: Accelerating IPMs

LSQR iterations inside PDCO

Observed image Approx. sol. (3 digits)

382 ifns.

17273 itns.

Final sol. (6 digits) 11612 itns. True image
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Zoom strategy : Warm-starting IPM s

N

Set sdution to origina LP as cumrent approximation
De ne newproblemfor carection dx; dy; dz

Zoom in (scde up carrection)

Solve loosely chea approximation to dx; dy; dz

N

N

N

Cold start for loosesdve
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Warm-starting IPMs

LP(°;+)  minimize c'x + Zk°xk?+ Zkrk?
X r

subjectto Ax++ =0 - x- U

ReagilaizedLP ° = += 10 3
PDCO with Chdeskyon ADZAT + #|

> LPnetlib problemswith 5 randam perturbationsto A, b, or c
(cf. Benson and Shanno 2005)

> Smadler problems(< 100KB): 45 runsfor each problem
> Compae Zoom to singe sdve
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Results: Warm-starting IPMs

PDCO iterations (warm/ cdd) vs. perturbation to x; y
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Zoom theory

Regilarized LP:
RLP minimize c™x + Zk°xk2 + dTr + Zkrk2 + clx1 + clxo
subject to Ax+ tr = b Ly
Xiji X1 =" L Z1
i Xi X2=ju 1 22
X1; X2, 0

Suppose (& ¢, B1; Bo; X, B) IS an approximate sdution
Rede neproblemwith

e + dx
e + dr

= X
I 1l
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Zoom theory

RLPO minimize  cTdx + Zk°dxk? + ¢¢¢
dx;dr X 1 X
subject to  Adx + +dr = B Ly
dx j x1 = 7 21
i dXj X2 = | o )
X1; X2, O
where

[
1
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Zoom theory
Add Lagrangian tems

g (Bi Adxj xdr)  B[(Ti dx+x1)  BJ(j b+ dXx+ X2)

to objectve:

RLP%  minimize eTdx + Zk°dxk? + & dr + Zkdrk? + eldxi + eldx
dx;dr ;X 1:X 2
subject to  Adx + +dr = B : dy
dx j x1 = ~ :dz;
i dX | X2 = | & : dzo
X1; X2, O

Same form as original RLP
Prima and dud variablesare small
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Next steps

Multiple Zooms?
How muchis attributable to Zoom, to scding?

Explan outliers
(eg. Checksiz of residu#s to decideZoom scding)

Conclusions

Minar changesto exsting prima-dud algorithms
Zoom time reduced40{ 60%
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