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n recent years there has een a res rgence o interest in e act penalty metho s
eca se o their a ility to han le egenerate pro lems an
inconsistent constraint linearizations act penalty metho s have een se s ¢
cess lly to solve mathematical programs with complementarity constraints CCs
a class o pro lems that o not satis y the angasarian romovitz constraint
ali cation at any easi le point They also orm the asis o some recent active set
metho s or nonlinear programming The latter wor has given rise to a new
strategy or choosing the penalty parameter that overcomes at least or a class o
active set algorithms the i c lties that have plag e penalty metho s or many
years The new strategy penalty metho s so as to ens re alance progress
towar easi ility an optimality To select a penalty parameter that achieves this
goal one m st solve an a itional s pro lem at some iterations
enalty metho s have n ergone three stages o evelopment since their intro ¢
tion in the s They were rst seen as vehicles or solving constraine optimization
pro lems y means o nconstraine optimization techni es This approach has not
prove to e e ective e cept or special classes o applications n the secon stage
the penalty pro lem is replace y a se ence o linearly constraine s pro lems
These orm lations which are relate to the se ential a ratic programming ap
proach are m ch more e ective than the nconstraine approach t they leave open
the estion o how to choose the penalty parameter n the most recent stage o e
velopment penalty metho s a st the penalty parameter at every iteration so as to
achieve a prescri e level o linear easi ility The choice o the penalty parameter
then ceases to e a he ristic an  ecomes an integral part o the step comp tation
The goal o this paper is to isc ss the new penalty parameter p ate strategy an
its application in several algorithmic conte ts n sections an  we present the clas
sical penalty ramewor an the nconstraine an linearly constraine orm lations
The limitations o e isting penalty parameter p ate strategies are e amine in sec
tion  The new penalty strategy is presente in section in the conte t o se ential
linear a ratic programming metho s an se ential a ratic programming meth
0 s an in section we isc ss its relationship to other tr st region approaches e
change the oc sslightly in section ~ where we consi er merit nctions or line search
metho s an in partic lar a recent proposal or p ating the penalty parameter in
this conte t



e are concerne with the sol tion o nonlinear programming pro lems o the orm

minimize a
s ect to
c
where the nctions are ass me to e twice contin o sly i eren
tia le e can rephrase as the nconstraine minimization o an e act penalty

nction n this paper we are intereste only in nonsmooth e act penalty nctions
as typi e y the nction

where
ma

s is well nown or appropriate val es o the penalty parameter  critical points

o are either T points o the nonlinear program or in easi le stationary
points seee g This property is the most appealing eat re o e act penalty meth
0 S eca se choiceo may ea e ate or the entire minimization proce re

act penalty metho s are there ore less epen ent on the penalty parameter than
the a ratic penalty metho or which ase ence o s pro lems with a ivergent
series 0 penalty parameters m st e solve
n algorithmic ramewor that orms the asis or many penalty metho s pro
pose in the literat reis as ollows e present it here in the conte t o the penalty
nction

iven tolerance starting point
in an appro imate minimizer o starting at
with appro imate sol tion

Choose new penalty parameter
Choose new starting point



The minimization o the  penalty nction is i ¢ It eca se it is non
smooth e cannot apply algorithms or smooth nconstraine minimization an
general techni es or non i erentia le optimization s ch as n le metho s
are not e cient in this conte t as they o not ta e acco nt o the special nat re o
the non i erentia ilities s ares It o these o stacles this nconstraine approach
is nli ely to e via le as a general p rpose techni e or nonlinear programming
On the other han it is well n erstoo how to comp te minimization steps sing a

smooth mo el o as we isc ss ne t

rea thro gh in penalty metho s was the intro ction o algorithms that
comp te steps ase on a piecewise linear a ratic mo el o in a way that
resem les metho s The mo el is given y

where  is a symmetric matri appro imating the essian o the agrangian o the
nonlinear pro lem The mo el is not smooth  t we can orm late the
pro lem o minimizing it as a smooth a ratic programming pro lem y intro cing
arti cial varia les an as ollows

minimize - a
s ectto
¢
a tr st region constraint o the orm isa e is still a  a ratic
program e can solve sing a stan ar a ratic programming algorithm

n important a vantage o this approach is that y imposing appro imate lin
earizations o the constraints the step is oten a le to ma e alance progress to
war easi ility an optimality n act when the arti cial varia les are small

is closely relate to the se ential a ratic programming metho which
is nown to e very e ective in practice Th s the penalty approach that comp tes
steps y can e seen as a reg larize metho in which the constraints have

een rela e

lgorithms ase on this orm lation s ch as the metho o letcher
were shown to possess avora le glo al convergence properties They were imple
mente in the s an early s an altho gh they appear to have per orme



well on some tests they were never incorporate into pro ction ality so tware
e con ect re that this was mainly e to the i c lties o choosing the penalty

parameter itho t a relia le p ate proce re or it is not possi le to o tain
ni orm ro stness over a range o pro lems

The strategy or choosing an  p ating the penalty parameter  is cr cial to the
practical s ccess o the Classical enalty etho o section the initial choice is
too small many cycles o the general ramewor o tline in section may e nee e

to etermine an appropriate val € n a ition the iterates may move away rom

the sol tion in these initial cycles in which case the minimization o sho 1
e terminate early an sho 1 possi ly e reset to a previo s iterate on the
other han ise cessively large the penalty nctionmay e i c It to minimize as

emphasizing constraint easi ility too m ch may lea to small steps or the re ection
0 goo steps possi lyre iringalargen m ero iterations The i c ltiesca se
y an inappropriate val e o are ill strate in the ollowing e amples

Consi er the pro lem
min s ect to

whose sol tion is e have that

i
i

The penalty nction has a minimizer at when t is a monotonically
increasing nction when see ig re or e ample the ¢ rrent iterate
is an then almost any implementation o a penalty metho will
give a step that moves away rom the sol tion This ehavior will e repeate
pro cing increasingly poorer iterates ntil the penalty parameter is increase a ove
the threshol val e o

To attempt to overcome these i c lties several strategies have een propose
to p ate at every iteration instea o waiting or the appro imate minimization
0 to e complete One strategy is toset to e mo estly larger than
where is the ¢ rrent agrange m ltiplier estimate This choice is ase on the
theory o penalty nctions which states that in a neigh orhoo o a sol tion

can e set to e any val e larger than where  is a vector o optimal
agrange m ltipliers or Comp tational e perience see e g has shown
however that this strategy is not generally s ccess 1 eca se it may pro ce an
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ig re enalty nction or pro lem with let an right

overly large penalty parameter i an interme iate agrange m ltiplier estimate
ecomes e cessively large or an n erestimate that may lea to the i c Ities st
escri e
ven i we new an appropriate val e o at the sol tion thisval ecol e
ina e ate at the starting point or at iterates away rom the sol tion The ollowing
e ample shows that it is not possi le to prescri e in a vance a val e o the penalty
parameter that is a e ate at every iteration

Consi er the pro lem
min s ectto

The correspon ing penalty nction is

ma

The sol tion 0 is a local minimizer o provi e that owever
is none elowas an orany val eo there is a starting point
s ch that there is no ecreasing path in rom to see ig re ors ch

a starting point say in ig re a local optimization algorithm cannot e

e pecte to n y minimizing

n spite o this one co 1 consi er the strategy o setting the penalty parameter
to a very large val e say an eepingit e thro gho t the optimization pro
cess The hope is that s ch a val e may e a e ate or all pro lems an starting
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ig re enalty nction or pro lem with

points at han s we isc ssin the ne t section thisis not to e recommen e e
ca se e cessively large penalty parameters can lea to ine cient ehavior amaging
ro n o errors an ail res

The i c lties o choosing appropriate val es o in penalty metho s ca se
nonsmooth penalty metho sto allo to avor ring the early san stim late
the evelopment o lter metho s which onotre ire a penalty parameter The
new approach or p ating the penalty parameter isc sse in ection promises
however to resolve the i ¢ lties mentione a ove yre iringthat each step ma e
progress in linear easi ility that is proportional to the optimal possi le progress the
new strategy will a tomatically increase the penalty parameter in the e amples a ove
an overcome the n esira le ehavior st escri e

e now propose a set o g i elines or p ating the penalty parameter that can e
implemente in a variety o e act penalty metho s e present them rst in the
conte t o a se ential linear a ratic programming metho where they
were rst evelope an e ten them later in this section to active set metho s

metho s comp te a step in two stages irst a linear pro
gramming pro lem is solve to i entiy a wor ing set Then an e ality
constraine a ratic program is solve in which the constraints in the wor
ing set  are impose as e alities while the remaining constraints are temporarily
ignore  The total step o the algorithm is a com ination o the steps o taine in the
linear programming an e ality constraine phases



The nee or a penalty nction arises in the linear programming phase which has
the orm

minimize a
s ectto
c
where is a tr st region ra i s tr st region constraint is necessary in to

ens re that the isnot n o n e talsoenco rages that only locally active con
straints are a e to the wor ing set sis well nown the constraints
can e inconsistent One way to ens re their easi ility is to ollow a penalty approach
in which the constraints are incorporate into the mo el o ective in
the orm o an  penalty term  peci cally we re orm late the phase as the
minimization o a piecewise linear nction insi e a tr st region o ie

minimize a
s ect to
where
s in we intro ce arti cial varia les an rewrite as the e ivalent smooth
pro lem
minimize a
s ect to
¢
e
The constraints active at the sol tion o this are se to etermine a wor ing set

o e ality constraints s ect to whicha a ratic mo el o the penalty nction
is minimize to yiel the step ta en y the algorithm



The linear pro lem is always easi le tthe choice o the penalty parameter

in ences the e ality constraine phase an the selection o the total step Rather

than employing he ristics to estimate the val e o we ta e the view that the linear

program itsel provi es a goo setting or etermining the goals that the penalty term
m st achieve at every iteration The g i elines are as ollows

there is a step  that lies insi e the tr st region an satis es the
linearize constraints we sho 1 comp te s ch a step n other
wor s the penalty parameter strategy sho 1 choose large eno gh in this
case that all arti cial varia les in are zero

there is no step insi e the tr st region which satis es the constraints
choose sothat there ction in thein easi ility o the constraints
is proportional to the est possi le re ction which is e ne as

the re ction o taine with

n a ition to the two previo s re irements sho 1 e large eno gh that

the re ction in the linear mo el o the penalty nction is commens rate
with the re ction in the linear mo el o the constraint nction e ne
as
more precise escription o these g i elines is as ollows et enote
the sol tion o the linear program or a given val e an a given tr st region
rais Iso enote y the sol tion o with y which
we mean that the term in has een set to zero e can also view
as the minimizer o s ect to the tr st region
The rst g i eline as s that i then the penalty parameter

chosen at the ¢ rrent iteration sho 1 e large eno ghs ch that
The secon re irement stip lates that when the linearize constraints are not
easi le sho 1 ens re that

where is a prescri e parameter

eyon these two con itions we sho 1 choose the penalty parameter to promote
acceptance o the step The val e o the penalty parameter has two e ects on the
algorithm it a ects the choice o the step an it in ences the o s that the step e
accepte  eca se it re ces the merit nction This is in contrast to metho s that



comp te steps witho tregar to a penalty nction or which a merit nction param
eter only a ects step acceptance The rst two con itions escri e a ove ens re the
selecte step ma es s cient progress on easi ility an optimality owever when

st arely satis es these two con itions then may optimize y a
very slight margin Then eca se o nonlinearity in the o ective an constraints
the step co 1 ca se the penalty nction to increase an th s e

re ecte  To prevent this n esira le ehavior a ter comp ting a trial val e 0
the penalty parameter so that the rst two re irements are satis e we increase it
rther i necessary to ens re that

where e note that a con ition similar to has een se in a variety
0 tr st region metho s that comp te steps witho t re erence to
a penalty nction n these metho s is replace  y a a ratic mo el o the

agrangian an a nonsmooth penalty nctionis se to etermine the accepta ility
o the step an the new val e o the tr st regionra i s
e s mmarize the isc ssion y provi ing a concrete strategy that implements
the g i elines escri e a ove

nitial ata an the parameters an
olve with to get
is linearly easi le ie set an

procee to step  Case

Ise solve with to get
is linearly easi le choose some s ch that
an procee to step Case

Ise choose some s ch that is satis e Case

satis es set else choose to satis y

n earlier version o this penalty p ate strategy orme part o the
algorithm escri e in more general penalty metho escri e in  is shown
in that paper to e glo ally convergent sing a con ition o the orm



in place o

The algorithm with the penalty p ate strategy given y lgorithm
has een incorporate in the SO tware pac age n er the option
ctive t initializes at the eginning o the algorithm an sets
in an in s alrea y mentione instea o sing a
very large penalty val e or comp ting this val eis etermine
in irectly y setting in the linear o ective The implementation o
Case is achieve y increasing y a actor o an re solving the ntil
linear easi ility is achieve an is satis e Case isimplemente in a similar
manner ntil the con itions an are satis e
N merical tests with ctive in icate that lgorithm iss stantially

more e cient an ro st than classical strategies that se a more static penalty
p ate strategy Itho gh Igorithm calls or potentially many e tra linear
programs to e solve in selecting the penalty parameter the cost o these e tra
s has prove to e airly small in practice or two reasons irst we have notice
that the strategy escri e in Igorithm typically n sana e ateval eo the
penalty parameter ic ly a ter which it sta lizes res lting in a small n m er o
e tra san are ction in the overall n m er o o ter iterations compare with
other he ristical techni es or mo 1iying the penalty parameter econ ly when
sing a simple metho the e tra s with varying val es o which nee to e
solve are typically solve very ic ly sing warm starts n o r tests on a large set
o test pro lems we o n that the n m er o simple iterations se in solving the
e tra s was less than three percent o the totaln m er o simple iterations se

in comp ting the steps act ally ta en

variant o this algorithm wo 1 treat the linear easi le an in easi le cases
e ally nstea o insisting that whenever is linearly
easi le one can accept any trial val es o that satis y e e pect this

approach to e e ective in practice t to ens re a ast rate o convergence the
parameter m st vary an as the iterates approach a sol tion it m st converge to

et s e amine the ehavior o the penalty p ate strategy o lgorithm on the
two e amples given in section an on a linear programming pro lem highlighte vy
letcher

ppose that an let s enote the ¢ rrent tr st region
rais y or this val e o the arti cial varia le is not zero an the step
generate y wo | move away rom the sol tion or we see that



ig re enalty nction or pro lem ater a stment o penalty parameter

i - then the arti cial varia le will e set to zero an the step will e
easi le Igorithm wo 1 then increase  ntil is riven to zero that is it will
choose On the other han i - then y setting the arti cial
varia le isnot riven tozero  tta esthe val e - lgorithm  will choose

to satis y which in this case re ires or any n either

case the algorithm will per orm as esire

t an iterate we have that ma an
min The linearize mo el o the penalty nction is given
y ma we want to ma e any progress
on easi ility we m st have an this can only occ ri
is chosen that large then min an is
satis e we also impose then we m st have Now i is
chosen to have s ch a large val e then it is still the case that is nomne
elow t on the interval see ig re where we se the val e
which is s ciently large when y increasing we have enlarge

the asin o attraction o the sol tion to incl e the c rrent iterate th s a mini
mization metho on sho 1 e e pecte to move towar the sol tion
in icating that isa se 1 penalty nction

The pro lem rom the Netli collection was se y letcher
to ill strate the i c lties o esigning a ro st penalty metho or the
penalty nction to have a minimizer at the sol tion o this linear program  m st

e at least as large as ro ghly



Consi er a penalty metho that comp tes a step y minimizing ie vy
solving e want to eep the penalty parameter as small as possi le to avoi
ill con itioning an the esire threshol val eo is n nown to the algo
rithm at the o tset e e pect thati we choose a val e o  less than the threshol
then the minimization o the penalty nction will terminate witho t riving the con
straints to zero an we will e alerte to increase the penalty parameter  owever

letcher points o t that i  is slightly less than the nction e
comes n o n e There ore a penalty metho which oes not ynamically p ate
the penalty parameter ase on progress in linear easi ility will generate a se ence
o iterates that moves away rom the easi le region e con rme this ehavior
e perimentally

e applie the e act penalty metho implemente in ctive which ses
lgorithm to select the penalty parameter Choosing setting the initial
tr st region ra i s to a very large n m er an t rning o the scaling
eat re o we 0 serve that the algorithm imme iately increases the penalty
parameter to which is s cient to achieve easi ility an solves the pro lem in
one iteration This is e pecte eca se or a large initial tr st region the con
straints are consistent an  lgorithm orces the penalty parameter
large eno gh to achieve easi ility s ch that the sol tion o correspon s to the
sol tion o the original e ne y
e repeate the e periment with chosen a tomatically y which
ass mes that the pro lem is a general nonlinear program This initial is small
eno ghs ch that the algorithm can not achieve linear easi ility in one step  ltho gh
is a linear program this in ormation is not given to ctive which
solves a se ence o penalty pro lems o the orm a sting an as it
progresses The pro lem was solve in iterations with a nal val e o the penalty
parameter achieve at iteration o There ore the algorithm ehave as e
pecte  oth with large an small initial tr st regions

econcl ethiss section with someremar sa o tthee ecto e cessively large
penalty parameters s note previo sly one possi le penalty parameter strategy is
to choose a very large an e val eo or all pro lems The hope is that i
a scale invariant Newton type metho is se to generate steps the ill con itioning
intro ce 7y alarge penalty parameter may not e etrimental

e e perimente with r nning ctive sing an initial penalty param
eter val e o an o serve a egra ation o per ormance The n m er o
pro lems rom as set o the CUT r test set solve s ccess lly went rom
oto to hen we teste an initial val e o then m er o pro
lems s ccess lly solve roppe to only any o the ail res ca se y large
val eso seeme to occ r eca se near the easi le region there are o ten small



increases in in easi ility e to nonlinearities in constraints or ro n o error in even
linear constraints  eca se o the large val e o these increases ominate the
o ective nction improvement an orce the metho to ta e very small steps an

sometimes completely prevente  rther progress e concl e that theris so sing
e cessively large penalty parameters are real in ee an that an a aptive strategy
s ch as the one escri e a oveis val a le in practice

The p ate strategy isc sse a ove can e applie with little change to a penalty

metho with tr st regions s ch as the algorithm propose y letcher
1l that is nee e is to replace the linear mo el y a a ratic mo el
as we now e plain
ppose that the step o an algorithm is given y
minimize - a
s ect to
c
e
This s pro lem is i entical to e cept or the presence o the a ratic term
- in t this term oes not alter in any way the goalso o r p ating
strategy nstea o we now consi er the piecewise a ratic mo el
ro lem is a smooth orm lation o the pro lem o minimizing s ect
to
The rsttwog 1 elinesare nchange we let enote the sol tion o
then con ition is impose with replace y The thir g i eline now

states that sho 1 e large eno gh that the re ction in the a ratic mo el
o the penalty nction is commens rate with the re ction in the linear mo el o the
constraint nction e then replace y



or some
concrete implementation o the penalty p ate g i elines is given y lgo

rithm with the ollowing changes nstea o solving the we solve
the a ratic program Thro gho t Ilgorithm we ma e the replacement
an con ition is replace y
lgorithm calls or a itional solves o the a ratic program to eter
mine an appropriate val eo These e tra solves are potentially more e pensive than
the solves  t warm starting may still e e ective e have not e perimente
with a penalty approach an there ore cannot eval ate the comp tational tra e

o s o the penalty p ate strategy in that conte t
t is an open  estion how to e ten these penalty p ateg i elines to line search

penalty metho s  nother challenging estion is how to a apt them to the case
when the s pro lem is solve  y an interior metho
lgorithm provi es a strategy or alancing progress on optimality an on easi
ility in an e act penalty metho  n tr st region metho s that comp te steps

witho t regar to a penalty nction there is also a nee to alance these two goals
an some o the propose metho s or oing thisare ite analogo s to the proce re
escri e in the previo s section
Consi er a pro lem with e ality constraints only Tr st region metho s
aim to comp te a step  y solving the s pro lem

minimize - a
s ect to
c
s note earlier however the constraints can e incompati le an
one way to resolve this is to rela the linear constraints The estion o
how m ch to rela them is elicate an is analogo s to the estion o what val e
to give a penalty parameter n m er o propose metho s a opt strategies that
li e Igorithm procee y wor ing on minimizing a meas re o easi ility alone
oth yr an Omoo n an  owell an an solve a pro lem o the
orm
minimize a

S ect to



where The res lting step is s ally re erre to as the step yr

an Omo o n s ggest the val e in an comp te a total step y
solving with replace  y the con ition
This is very similar to solving the s pro lem with instep o Igorithm
Th s the normal step an hence the total step  provi es the est possi le
ecrease in the linearize constraints within the shortene tr st region
owell an an replace with
where  is the optimal val e o or some val e o This has the
avor o con ition Celis  ennis an Tapia also impose a constraint o
the orm t e ne astheval e where is a Ca chy
steepest escent step or pro lem n this respect it is i erent rom the

approaches consi ere earlier in the paper which aim or at least a raction o the
optimal linear ecrease whereas Celis ennis an Tapia are satis e with a more

mo est ecrease itionally re escri es a tr st region metho that is
similar to these
The approaches o  owell an an an o Celis ennis an Tapia allow more

e i ility in re cing the o ective nction while the yr Omo o n approach
involves a s pro lem that is easier to solve The yr Omo o n techni e is at

the core o the iterative interior point option o Il o these approaches
share the property o re iring somewhat less than the level o linearize easi ility
that is attaina le within the ¢ rrent tr st region Th sthe o the single

single steepest escent step o Celis ennis an Tapia an the o con ition
se in lgorithm all play similar roles

The main goal o this paper has een to escri e g i elines or ynamically p ating
the penalty parameter in penalty metho s or constraine optimization nother
conte t in which penalty p ate strategies are important is in merit nctions se
in other line search an tr st region metho s or constraine optimization The role
o the merit nction is to etermine i a step is accepta le an in the case o tr st
region metho s to eci ei the tr st regionra i sshol ea ste tis worth
investigating in this conte t also how to choose the penalty parameter an how this
relates to o r previo s isc ssion on penalty metho s

e have arg e in the paragraph that contains con ition that it is reason
a le to select the penalty parameter so the ecrease in the mo el that pro ce



the step is proportional to the pro ¢t o an the ecrease in the linearize con

straints or an e act penalty metho this re irement was e presse as con ition
or an penalty metho an as or an ase penalty metho

n a merit nction ase metho which minimizes a a ratic mo els ect

to linearize constraints the con ition is also appropriate an we restate it

here

where enotes a a ratic mo el o the merit nction an

everal tr st region algorithms impose a con ition li e
on the merit nction parameter ome o these metho s omit the actor rom
the right si e o owever e periments in icate that when is large step
acceptance is more li ely when isincl e O r e perience with the tr st region
algorithm implemente in is that this strategy is e ective in practice

ine search metho s however have generally ha less s ccess sing nonsmooth
merit nctions everal a thors most recently achter report that  an
merit nctions inter ere n ly with goo Newton steps even i a mechanism to
overcome the aratos e ect is employe  The perception is that it is i c¢ It to

n r les or selecting the penalty parameter that are e ective over a wi e range o

pro lems s a res It nonsmooth merit nctions have een iscar e in avor o
smooth merit nctions s ch as a gmente agrangians or Iters

t sho I e note that historically line search metho s have not en orce a con

ition li e t rather have typically re ire that the penalty parameter e
chosen to ens re the comp te step is a escent irection or the merit nction
Recently however  altz et al have reporte goo comp tational res Its or
a nonsmooth merit nction in which the penalty parameter is selecte y a con

ition o the orm Their strategy is escri e in in the conte t o line
search interior metho s t or simplicity we isc ssit here or e ality constraine
optimization

Consi er a merit nction o the orm

where is a vector norm ppose that a search irection is o taine rom the
Newton T system

where isthe agrangian o the nonlinear program an is an appro imation
to that is positive e nite on the n 1l space o t ollows rom
that the step satis es



ie  hasachieve the est possi le ecrease in linear easi ility The goal o the line
search is to n a steplength s ch that is s ciently smaller than

otivate y n merical e perience with the tr st region algorithm implemente

in altz et al e perimente with a con ition o the orm
in a line search interior approach ollowing 1 alla i they e ne the a ratic
mo el as
with

i

otherwise
Note that i ers rom only in the parameter The new penalty pa
rameter is re ire to satisy con ition which y can e written
as
we remove the epen ence on t ollows rom that this con ition implies
The p ater le or the penalty parameter is as ollows enotes the penalty

parameter rom the previo s iteration we e ne the new parameter y

i

otherwise

The role o the term in is to ens re that the irection comp te 'y
is a escent irection or tisnot i c It to show seeeg p that
the irectional erivative o in the irection is given y

satis es we have

an there ore is a escent irection or the merit nction This ine ality is
however not always vali i an

The n merical tests reporte in in icate that the strategy

is e ective in practice achter ma e a controlle comparison with a lter line



search metho an o n that the merit nction strategy st escri e appears to
e as e ective as a lter approach in its a ility to accept goo steps O r e perience

with also in icates that the strategy is signi cantly
more e ective than choosing simply to ens re that hol s The latter con ition
implies

y comparing an we see that when the new strategy selects

a larger penalty parameter placing more weight on the re ction o the constraints
s aconse ence i thestep  ecreases the constraints t increases the o ective
it has etter chances o eing accepte y the merit nction

The penalty p ate strategy presente in this paper is signi cantly 1 erent rom
most o the approaches escri e in the literat re t ta es the view that choosing an
appropriate val e o is not a simple tas an re ires in some cases the sol tion
o as pro lem ort nately in several algorithmic conte ts thiss pro lem a s
little comp tational cost to the iteration

e concl e y mentioning a proce re propose |y ertse as p that

contains some o the elements o the strategy escri e in ection ertse as consi
ers a line search metho an states that it is esira le to increase at each iteration
i necessary to o tain an a e ate val e o the constraints The rst step in this
proce re is trying to solve the a ratic program with all arti cial varia les
set to zero  this pro lem has a easi le sol tion say then it hasa ni e
sol tion an a ni e set o m ltipliers ass ming  is positive e nite Then
or all the sol tion o the penalty pro lem is an conse ently
n this case ertse as a vocates that the penalty parameter e

p ate yther le

ma
with The sol tion is there ore a se 1 escent irection or the penalty
nction which is then se as a merit nction in the line search along
The case when the a ratic program is not easi le is not a e ately a
resse y ertse as who s ggests to simply set an comp te the step
thro gh ch a strategy can lea to the i c ltiesill strate in the e amples

o ection  Nevertheless this proposal is interesting eca se it is the only proce
re we are aware o other than the one isc sse here that see s to etermine to
achieve a certain egree o easi ility in the linearize constraints
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