FORTRAN SUBROUTINES FOR COMPUTING APPROXIMA TE SOLUTIONS
OF FEEDBACK SET PROBLEMS USING GRASP
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ABSTRACT. WedescribeFORTRAN subroutinegor approximatelysolvingthefeedback
vertex and arc set problemson directedgraphsusing a Greedy RandomizedAdaptive

SearchProcedurd GRASP).The algorithmsare describedn detail. Implementatiorand

usageof the packages outlinedand computationakxperimentsare reportedillustrating

solutionquality asa function of runningtime. The sourcecodecanbe downloadedfrom

the URL http://www.research.att.com/"mgcr/src/gfsp.tar.gz

1. INTRODUCTION

Let G = (V,E) beagraphwith vertex setV andarcsetE. A pathP in G connecting
vertex uto vertex visasequencef arcsey, - - - ,& in E, suchthate = (vj, Viy1),i=1,--- ,r
with vy =uandv, ;1 =v. A cycleCin GisapathC = (vy,--- ,v), withv; = v;. A feedbak
vertex (arc) setof G is a subsef vertices(arcs)SC V ( SC E) suchthateachcycle in
G containsat leastonevertex (arc)in S. Let w be a functionthat assignsa nonngjative
weightto eachvertex (arc) of G. Thentheweightof afeedbackvertex (arc)setis thesum
of theweightsof its vertices(arcs),anda minimumfeedbak verte (arc) setof aweighted
graph(G,w)is afeedbackvertex (arc) setof G of minimumweight.

Thiskind of NP-hardproblemis alsoknown asthehitting cycleproblem sinceonemust
hit every cyclein C. In additionto the minimumfeedba& vertex (arc) setproblem it also
generalizes numberof problems the subseiminimumfeedbak vertex (arc) setproblem
andthegraphbipartizationproblem in which onemustremove a minimum-weightsetof
verticessothattheremaininggraphis bipartite.

A generalNP-hardnesgroof for all feedbak setproblemsrestrictedto planargraphs
hasbeengivenin [12]. Theseresultsapplyto the planarbipartizationproblem,the planar
(directed,undirectedor subsetfeedbackvertex setproblems alreadyprovedto be NP-
hard[7, 6]. Furthermorejt is NP-completefor planargraphswith no in-degreeor out-
degreeexceedingthree[7], generalgraphswith no in-degreeor out-degreeexceedingwo
[7], andarc-directedyraphg7].

Thefeedbackvertex (arc) setproblemhasfoundapplicationsn mary fields,including
deadlockprevention[11], programverification[10], and Bayesianinference[1]. There-
fore, it is naturalthatin the pastfew yearstherehave beenintensve efforts on approxima-
tion algorithmsfor thesekindsof problems A recentsuney of feedbacksetproblemscan
befoundin FestaPardalosandResend¢5].

Although the approximationalgorithmsguaranteea solution of a certainquality, for
mary practicalrealworld casesheuristicmethodsanleadto bettersolutionsin areason-
ableamountof CPUtime. Onesuchheuristicis the greedyrandomizedadaptie search
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proceduregfvs( V,Emaxitr, S)
1 S$=0,V°=V;E’=E;
2 dok=1,... maxitr —

3 V=VSE=EY

4  a=UNIF[0,1];

5 ConstructGreedyRand  omized Sol uti on(V,E,q,S);
6 LocalSearch (V,E,S);

7 if |9 <|S)—

8 S =S5

9 fi;

10 od;

end GRASP

FIGURE 1. A GRASPalgorithmfor feedbackvertex set

procedurg(GRASP)introducedby Feoand Resendd4, 3] andusedby Pardalos,Qian,
andResend¢9] to find approximatesolutionsof largeinstance®f thefeedbacksertex set
problem.

GRASP]J3] is aniterative samplingmethodfor finding approximatesolutionsto com-
binatorialoptimizationproblems.GRASPiterationsarerepeatedeachiterationfinding an
approximatesolutionto the problem. The bestsolutionfound, over all GRASPiterations,
is returnedby the methodasthe GRASPsolution. EachGRASPIterationis madeup of
two phasesa constructiorphaseanda local searctphasealsoknown asalocalimprove-
mentphase.During the constructionphasea feasiblesolutionis iteratively constructed.
Oneelementatatimeis randomlychoserfrom a RestrictedCandidatelist (RCL), whose
elementsaresortedaccordingto somegreedycriterion,andis addedo the solutionbegin
built. Therandomizatiorusedin thealgorithmmalesit unlikely thatthe greedychoiceis
always selectedduring construction.Therefore the constructionphasesolutionis rarely
the greedysolution. In the secondphasethe neighborhoof the constructedolutionis
searchedor animprovedsolution.

In thispaperwedescribeyfvs andgfas , two setsof FORTRAN subroutineshatapply
GRASPto find approximatesolutionsof the feedbackvertex setandthe feedbaclkarc set
problem,respectiely. The paperis organizedasfollows. The algorithmsimplementedn
gfvs andgfas aredescribedn Section2.1andin Section2.2,respectiely. In Section3,
we describethe designand implementatiorof gfvs andgfas , two setsof FORTRAN
subroutineglistributedwith thepackagesComputationalestingis presenteéh Sectiorb.

2. THE ALGORITHMS

In this sectionwe describehegreedyrandomizeddaptie searchproceduresor feed-
backvertex setandfeedbaclkarcsetproblems.

2.1. A GRASP procedurefor the feedbackvertex setproblem. The GRASPalgorithm
for the feedbackvertex setproblemimplementedn gfvs is the procedureproposedby
PardalosQian,andResend¢9]. The pseudo-codéor gfvs is shovnin Figurel.

As sketchedn Sectionl, GRASPis a multi-startmethodcharacterizetyy two phases:
a constructiorphaseanda local searchphase.The mainloop of the GRASPconsistsof
lines 2—10. A solutionis generatedn line 5 with a local searchtaking placein line 6,
while the bestsolutionfound is updatedn lines 7-9. During both the constructionand



FORTRAN SUBROUTINES FOR FEEDBACK SET PROBLEMS 3

procedureinOout0 (V,E,S)

1 forveV —

if (Jin(v)| =0or |out(v)|=0)—
S=Su{v};
V =V\{v};
E=E\{(xy)eE|x=Vvory=v}

OO, WN

fi;
7 rof;
endinOout0 ;

FIGURE 2. SolutionpreservingeductioninOout0

procedureinl (V,E,out)
1 forveV —
if (Jin(v)|=1)—
for (u,v) e E —
V=V\{v}
E=EU{(uw) eE|weout(v)}\{(v,w) € E|weou(v)};
out(u) = out(u) Uout(v);
rof;

O~NO O, WN

fi;
9 rof;
endinl ;

FIGURE 3. Solutionpreservingeductioninl

procedureoutl (V,E,in)

1 forveV—

2 if (jout(v)|=1)—

3 for (vu) cE —

4 V=V\{v}

5 E=EU{(wv)eE|wein(v)}\{(wVv) eE|wein(v)};
6 in(v) = in(v) Uin(u);
7 rof;

8 fi;

9 rof;

endoutl ;

FIGURE 4. Solutionpreservingeductionoutl

thelocal searchphasehe GRASPusessolutionpreservingeductiontechniquesin these
proceduresyerticesandarcsareremoved from G in sucha way thatthe reducedgraph
andoriginal graphhave the samefeedbackvertex set. Four solutionpreservingeductions
areused. Let Sbe a feedbackvertex (arc) setof G andfor eachvertex i €V let define
in(i)={j | (j,i) e E}andout(i) = {j | (i, ) € E}, thenthesolutionpreservingeductions
areshowvn in Figures2—5.
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procedureloop (V,E,S)

1 for(vv)€E—

2 S=Su{v};

3 V =V\{v};

4 E=E\{(vu)€E or (uv) e E};
5 rof;

endloop ;

FIGURE 5. Solutionpreservingeductionoop

procedure ReducelnstanceSize  (V,E,S)
1 inOoutd (V,E,S);

2 inl (V,E);

3 outl (V,E);

4 loop (V,E,S);

5 for (atleastonereductionsucceeds)-
6 indoutd  (V,E,S);

7
8

inl (V,E);

outl (V,E);
9 loop (V,E,S);
10 rof;

end ReducelnstanceSize

FIGURE 6. Solutionpreservingeductions

procedureConstructGreedyRand omized Sol uti on( V,E,a,9
1 S=0;

2 ReducelnstanceSize (V,E,S);

3 dok=1,---,n—

4 MakeRCl(a);
5 s= Selectindex ();
6 S=Su{s};
7 UpdateGraph (V,E);

8 ReducelnstanceSize  (V,E,S);
9 od;
end ConstructGreedyRando miz edSolu ti on;

FIGURE 7. GRASPconstructiorphasegyseudo-code

The above reductionsare implementedn the procedureReducelnstanceSize , out-
lined in Figure6. For detailedanalysisof thesereductionproceduresseealsolLevy and
Lowe[8].

To describehe constructiorphasepneneedgo provide anadaptve greedyfunction,a
constructiommechanisnfor theRCL, anda probabilisticselectionprocedure Thesethree
componentdorm an iterative procedurethat constructsa solution, one vertex at a time,
biasedby the adaptve greedyfunction. During the constructiorphasea feasiblesolution
is iteratively constructed.One elementat a time is randomlychosenfrom a Restricted
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procedure LocalSearch (V,E,S)

1 flag =1,

2 while (flag ) —

3 flag =0;

4 fori=1,...,]§ —

5 V' =VU{S\{s}};

6 E'=EU{(vw)eE|vorwe {S\{s}};
7 ReducelnstanceSize (V',E’,S);
8 if (V'=0)—

9 S=S\{s};

10 flag =1;

11 break;

12 fi;

13 rof;

14 elihw;

endLocalSearch ;

FIGURE 8. GRASPIlocalsearchphasegyseudo-code

Candidatelist (RCL), whoseelementsaresortedaccordingto somegreedycriterion,and
is addedto the feedbackvertex setbeingbuilt and removed from the graphwith all its
incidentarcs. Sincethe computedsolution,in general,may not be locally optimal with
respecto the adoptecheighborhoodlefinition, the local searchphasetriesto improveit.
Thesewo phasesreiteratedandthebestsolutionfoundis keptasanapproximatiorof the
optimal solution. Figure 7 shaws the pseudo-codéor the constructiorphaseof GRASP
The mainloop in lines 3-9is repeatecat mostn times,asat mostn = |V| verticescan
be selectedo beinsertedin the cutsetS. A restrictedcandidatdist (RCL) is computed
in line 4 throughthe procedureMakeRCL Following PardalosQian,andResend49], the
greedyfunctionusedin theconstructiomprocedurds

G(v) = [in(v)| - |out(v)],
thatfavorsthebalanceébetweerthein- andout-degreesof nodev. Let
G=minG(v) and G= maxG(v),
vev vev

andlet a (0 < a < 1) be areal numberchosenat random(in gfvs ) usingthe uniform
distribution. Thenarestrictedcandidatdist for this problemis the setof vertices

RCL={veV|G(V)>G+a-(G-G)}.

Thevertex selectionin theline 5 of the GRASPconstructiorphasds randomyestricted
to verticesbelongingto the RCL. In line 6 the feedbackvertex setis updatedto include
theselectedrertex s, whichis removedfrom the graphtogethemith all its incidentarcsin
line 7. Thesolutionpreservingeductionsareappliedon thegraphin line 8.

Oncea cutsetSis generatedy the constructionprocedure|ocal searcheliminatesits
redundanelementsresultingin a minimal cutset. The pseudo-codef the local search
heuristicis presentedn Figure8, wheres is thei-th elemenif S.

For ary givencutsetthelocal searctheuristiccheckswhethereachvertex of the cutset
is redundantThisis done,in lines2—-10,by excludingeachvertex 5 from Sandapplying



6 P. FESTA, P. M. PARDALOS, AND M. G. C. RESENDE

procedurefas2fvs (G = (V,E),G' = (V',E))
1 V =E;

2 for eacharcg = (vi,vj) €E—

3 if (thereexistsej = (vj,w) €E) —

4 E'=E'U{(e,g)};

5 fi;

6 rof;

endfas2fvs ;

FIGURE 9. Procedurdo reduceafeedbackarcsetprobleminto afeed-
backvertex setproblem

TABLE 1. Thedistribution

malefile | Makefile
drivers| driver-gfvs.f driver-gfas.f
subroutines gfvs.f gfas.f
sampleinput | sample.dat
sampleoutput | sample-gfvs.out sample-gfas.out
instructions| READ.ME

thereductionprocedureso theresultinggraph.If in agiveniteration,noreductionheuris-
tic canbe successfullyapplied,thenthe reducedgraphis cyclic ands is not redundant.
Otherwise,the heuristicwill returnan emptyreducedgraph,indicatingthatvertex s is

redundanandcanbedroppedrom thecurrentcutset.

2.2. A GRASP procedure for solving the feedback arc set problem. Feedbackver-

tex and feedbackarc set problemsare reducibleto eachother In all reductionsthere
is a one-to-onecorrespondenckeetweerfeasiblesolutionsandtheir correspondingosts.
Therefore anapproximatesolutionto one problemcanbetranslatednto anapproximate
solutionof the correspondingranslatecoroblem. To solve feedbackarc setproblems an
O(|E|) time proceduredueto Even, Naor, Schieberand Sudan[2], is appliedto trans-
late the instanceof the feedbackarc set probleminto an equivalentfeedbackvertex set
problemwhichcanbesolvedby gfvs .

Given a graphG = (V,E) on which a feedbackarc set problemis defined,gfvs is
appliedto thegraphG’ = (V’,E’) definedby theprocedurdas2fvs  describedn Figure9.
For eacharcin G thereis a correspondingrertex in G'. For eachpair of arcsin G for
which the headof thefirst arcis thetail of the secondthereis anarcin G’ whosetail is
thevertex correspondingo thefirst arcin G andwhoseheadis the vertex corresponding
to thesecondarc.

3. DESIGN AND IMPLEMENTATION OF THE SUBROUTINES

We followed several designguidelinesin the implementatiorof gfvs andgfas . The
codesarewritten in ANSI standardFORTRAN 77 andareintendedto run without mod-
ification on UNIX platforms(it shouldrun on otherenvironmentswithout modification).
Thereareno commonblocksin the codesandall arraysandvariablesarepasse@sparam-
eters.

Thedistribution consistf ninefiles which arelistedin Tablel.
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10 22
110 1 9 7 1 1 5 1 2 2 8 7 2 2 4
2 3 310 3 6 3 5 8 4 4 5 5 6 6 8
6 7 7 9 8 7 10 8 9 8 9 10
FIGURE 10. Inputfile of feedbacksetinstance.
GRASPfor Feedback Set Problem-------------- GRASPfor Feedback Set Problem--------------
itr = 1 cutset size = 2 itr = 1 cutset size = 4 wx
itr = 2 cutset size = 3
Execution terminated ~ with no error.
Execution terminated ~ with no error.
GRASPsolution-----------
GRASPsolution------------
size of feedback vertex cutset: 2
size of feedback arc cutset: 3
iteration best cutset found: 1
iteration best cutset found: 2
seed at start of best iteration: 2065020212
seed at start of best iteration: 1347579962

smallest ~ vertex cutset:
smallest arc cutset:

vertex: 6

vertex: 8 arc: 5 6
arc: 8 7
arc: 2 3

Stop - Program terminated.

Stop - Program terminated.

FIGURE 11. Sampleoutputofdriver _gfvs.f anddriver _gfas.f for
sampleinstance

4. USAGE OF THE SUBROUTINES

The subroutinesn files gfvs.f  andgfas.f computean approximatesolutionof the
feedbackvertex andarc setproblems respectiely. The userinterfacewith themis sub-
routinegmpsg, which mustbe calledfrom a driver program. In additionto a numberof
auxiliary arrays thedriver passeshefollowing representatioof theinput graph:

n: Numberof nodesn graph,
m: Numberof arcsin graph,
vixl: Integerarraywherevix1(i) istail of arci,
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vix2: Integerarraywherevtx2(i)  is headof arci ,
thefollowing arraydimensions:

maxv: Dimensionof numberof nodesdeclaredn thedrivers,
maxe: Dimensionof numberof arcsdeclaredn thedrivers.

Thesamplariverprogramdor gfvs andgfas includedin thedistribution(driver-gfvs.f
anddriver-gfas.f , respectiely) aresetfor problemsof dimensionV| < 200nodesand
|E| < 2000arcs. Theinput/outputparametershatdefineFortraninput/outputdevicesare
setto the standardraluesin = 5 andiout = 6. Theseparametergsanbe setby the user
for problemsof differentdimensionor if analternaténput or outputdeviceis required.

All variablesandarraysneededy subroutinegfvs andgfas aredefinedin the main
programdn files driver-gfvs.f anddriver-gfas.f , respectrely. Subroutineseadp
andoutsol , alsoprovidedin the driversareexamplesof codethatcanbe usedfor input
andoutput,respectiely.

Five parametershat control the executionof the algorithmneedto be setbeforethe
optimizationmoduleis called:alpha , therestrictedcandidatdist parametewhosevalue
is eitherbetween0 and 1, inclusively, or canbe setto a negative valueto indicatethat
eachGRASPIterationusesadifferentrandomlygeneratedipha value;look4 , astopping
parametethatforcesGRASPto stopif acutsetof sizeatleastiookd is found,is aninteger
thatmustsatisfyO < 1look4 < |V| for thefeedbackvertex setproblemor 0 < look4 < |E|
for the feedbackarc setproblem; maxitr , the maximumnumberof GRASPiterations,
is aninteger suchthatmaxitr > O; prityp , the outputoption parameteris an integer
thatis setto O (silentrun, gfvs andgfas do notwrite arnything), 1 (gfvs andgfas print
out solutionimprovements),or 2 (gfvs andgfas print out the solutionfound in each
GRASPiteration);andseed, the pseudaandomnumbergeneratoiseedanintegersuch
that1 < seed < 231 — 1. The default settingsfor alpha , look4 , maxitr , prttyp , and
seed are,respectiely, —1,0,1024,1,and270001.

Thedriver programscall readp , which readstheinput dataandreturnsanerrorcondi-
tion errcnd . If errcnd = 0 is returnedby readp , thenthe driverscall the optimization
subroutinesvhich attemptto find a small cutsetof the input graph.Subroutinegfvs and
gfas returnerrorconditionerrcnd indicatingthe statusof the optimization.Error condi-
tionerrcnd canhave thefollowing values:
errcnd = 1if a|V| > maxv;
errcnd = 2if a|E| > maxe;
errcnd = 3if aninputnodeis lessthanl or greaterthan|V|;
errcnd = 4if 1ook4 < 0 or Look4 > |V| for thefeedbaclkvertex setproblem:;
errcnd = 4if 1ook4 < 0 or Look4 > |E| for thefeedbaclkarcsetproblem;
errcnd = 5if maxitr < 1;
errcnd = 6if prttyp #0,1,2;
errcnd =7 if seed < 1 0or seed > 2147483647.

As an example,consideran instancewith 10 verticesand 22 arcswhoseinput file is
shawvn in Figure10. Runningthe driver programsdriver _gfvs.f  anddriver _gfas.f
usingthedefault settingghisinstanceproducegheoutputsshovn in The outputslist each
iterationfor which animproving solutionwasfoundanddescribehe bestsolutionsfound
by listing the cutsets.

5. COMPUTATIONAL RESULTS

In thissectionweillustratetheeffectivenes®f thesubroutine®y runningthefeedback
setprocedure®n a subsetf thetestproblemsusedin [9]. The experimentwaslimited
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TABLE 2. Cutsetelementsin incumbentsolution as a function of
GRASPiteration:FVS problem

GRASPIteration
nodes arcs 2 8 32 128 512 2048
50 100 3 3 3 3 3 3

50 150 10 9 9 9 9 9
50 200 19 17 15 14 14 13
50 250 21 21 19 19 17 17
50 300 28 24 23 21 20 20
50 500 30 29 29 28 28 28
50 600 37 36 36 36 33 33
50 700 39 38 38 37 33 33
50 800 40 40 38 38 38 37
50 900 42 41 40 39 38 38
100 200 10 10 9 9 9 9
100 300 24 23 21 20 19 18
100 400 36 29 29 28 26 26
100 500 43 41 41 41 40 38
100 600 53 49 48 47 45 45
100 1000 | 57 57 56 56 55 55
100 1100 | 72 71 71 66 66 66
100 1200 | 75 73 72 71 68 68
100 1300 | 76 75 73 72 72 71
100 1400 | 79 78 75 74 73 71
500 1000 | 45 43 42 40 39 37
500 1500 | 124 119 114 107 106 105
500 2000 | 180 180 180 174 166 166
500 2500 |234 229 229 221 221 220
500 3000 |276 273 266 259 258 257
500 5000 | 370 356 354 350 341 341
500 5500 | 378 374 360 360 360 357
500 6000 |383 383 377 376 372 371
500 6500 391 388 381 381 379 369
500 7000 | 408 394 388 383 383 383
1000 3000 | 244 237 233 233 230 224
1000 3500 | 319 307 301 296 290 290
1000 4000 | 357 354 354 348 340 340
1000 4500 | 428 407 407 407 405 400
1000 5000 | 469 469 456 456 456 450
1000 10000| 733 726 714 714 712 712
1000 15000| 817 804 804 803 803 798
1000 20000| 860 853 849 847 841 841
1000 25000| 889 881 881 877 872 868
1000 30000| 912 897 897 892 892 892




10 P. FESTA, P. M. PARDALOS, AND M. G. C. RESENDE

TABLE 3. Cutsetelementsin incumbentsolution as a function of
GRASPIteration: FAS problem

feedbaclarcset| feedbackvertex set GRASPiIteration

nodes arcs nodes arcs 2 8 32 128 512 2048
50 100 100 202 6 6 6 6 6 6
50 150 150 462 36 25 25 23 21 21
50 200 200 836 69 68 68 62 61 57
50 250 250 1224 105 100 90 90 90 82
50 300 300 1729 141 138 129 128 128 121
50 500 500 5024 366 355 344 343 332 321
50 600 600 7206 459 445 440 434 430 426
50 700 700 9782 562 540 536 531 517 517
50 800 800 12771 656 654 629 629 621 621
50 900 900 16109 751 739 735 734 726 714
100 200 200 397 16 16 15 14 14 14
100 300 300 908 73 63 63 56 54 49
100 300 400 1564 128 123 119 112 105 98
100 400 500 2419 209 208 204 199 194 184
100 500 600 3641 317 305 291 291 290 278
100 1000 1000 9997 710 710 702 702 696 678
100 1100 1100 12133 816 797 797 797 785 773
100 1200 1200 14482 923 901 899 892 879 878
100 1300 1300 16822 1017 994 992 992 972 972
100 1400 1400 19609 1127 1097 1093 1093 1073 1073
500 1000 1000 2034 90 87 79 79 75 73
500 1500 1500 4570 365 347 340 326 325 311
500 2000 2000 7999 725 704 704 690 690 684
500 2500 2500 12446 1180 1175 1133 1127 1114 1114
500 3000 3000 18034 1637 1637 1631 1595 1595 1590
1000 3000 3000 9233 686 686 686 686 677 677
1000 3500 3500 12254 1061 1047 1026 1021 1012 1007
1000 4000 4000 15997 1451 1399 1369 1369 1362 1362
1000 4500 4500 19945 1842 1784 1784 1779 1759 1759
1000 5000 5000 24739 2347 2273 2273 2238 2238 2238

to half of the test problemshaving at least50 and at most 1000 verticeswith at most
30000arcs(atotal of 40instances)The GRASPproceduregfvs andgfas wereapplied
to eachinput graphto find approximatesolutionsto the feedbackvertex set(FVS) and
feedbaclarcset(FAS) problemsrespectrely. Thedefaultparametesettingsvereused as
definedn thedriverfiles of thedistribution,i.e. alpha = —1,look4 = O,maxitr = 2048,
prttyp=1,andseed = 270001.

The experimentswere doneon a Silicon GraphicsChallengecomputerwith 20 196
MHz MIPS R10000processor@and 6.1 Gb of main memory The codewas compiled
onthe SGI Fortrancompilerf77 usingtheflags-O3 -r4 -64 -static . Processewere
limited to a singleprocessarCPUtimesin secondsverecomputedy calling the system
routineetime()
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FIGURE 13. FVS:denseandsparsel00-nodegraphs

backvertex cutsetof theincumbensolutionasafunctionof GRASPiterations.In addition
to thesizeof theinputgraph,Table3 alsolists the sizeof thetransformedeedbackvertex
setproblemthatis solvedto solwve the feedbaclkarc setproblem.Theincumbentsolutions

atiterationsz, 8, 32,128,512,and2048arelisted. Figures12—-18shaw all incumbentsas

afunctionof executiontime (in seconds).
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