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ABSTRACT. WeproposeaGreedyRandomizedAdaptiveSearchProcedure(GRASP)for
solvingcontinuousglobaloptimizationproblemssubjectto box constraints.Themethod
wastestedon benchmarkfunctionsandthecomputationalresultsshow thatour approach
was able to �nd in a few secondsoptimal solutionsfor all testedfunctionsdespitenot
usingany gradientinformationaboutthefunctionbeingtested.Most metaheuristcsfound
in the literaturehave not beencapableof �nding optimalsolutionsto thesamecollection
of functions.

1. INTRODUCTION

In this paper, we considerthe global optimizationproblem: Find a point x� suchthat
f (x� ) � f (x) for all x 2 X, whereX is a convex setde�ned by box constraintsin Rn. For
instance,minimize f (x1;x2) = 100(x2 � x2

1)2+ (1� x1)2 suchthat� 2 � xi � 2 for i = 1;2.
Many optimizationmethodshave beenproposedto tacklecontinuousglobaloptimiza-

tion problemswith box constraints. Someof thesemethodsuseinformation aboutthe
functionbeingexamined,e.g. theHessianmatrix or gradientvector. For somefunctions,
however, this type of informationcanbe dif�cult to obtain. In this paper, we pursuea
heuristicapproachto globaloptimization.

Even thoughseveral heuristicshave beendesignedandimplementedfor the problem
discussedin this paper(seee.g. [1, 15, 16, 17]), we feel that thereis room for yet an-
otheronebecausetheseheuristicswerenot capableof �nding optimalsolutionsto several
functionsin standardbenchmarksfor continuousglobal optimizationproblemswith box
constraints.

In this paper, we proposea GreedyRandomizedAdaptive SearchProcedure(GRASP)
for this typeof globaloptimizationproblem.GRASP[3, 2, 13] is ametaheuristicthathas,
until now, beenappliedmainly to �nd good-qualitysolutionsto discretecombinatorial
optimizationproblems[4]. It is a multi-startprocedurewhich, in eachiteration,generates
a feasiblesolution using a randomizedgreedyconstructionprocedureand then applies
local searchstartingat this solutionto producea locally optimalsolution.

In Section2, we brie�y describewhata GRASPis andin Section3, we show how to
adaptGRASPfor nonlinearoptimizationproblems.In Section4, computationalresultsare
reportedandanalyzed.Final remarksaregivenin Section5.
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Input : Probleminstance
Output: Feasiblesolution,if oneexists
InputInstance () ;
Initialize BestSolution ;
while stoppingconditionis notmetdo

ConstructGreedyRandomizedSolution (Solution );
Solution  LocalSearch (Solution );
if Solution is betterthanBestSolution then

BestSolution  Solution ;
end

end
return BestSolution ;

Algorithm 1: A genericGRASPpseudo-codefor optimizationproblems.

2. GRASP

GRASPis aniterative process,with eachGRASPiterationconsistingof two phases,a
constructionphaseanda local searchphase.Thebestsolutionis keptasthe�nal solution.
A genericGRASPpseudo-codeis shown in Algorithm 1. In thatalgorithm,theproblem
instanceis read,andthena while loop is executeduntil a stoppingconditionis satis�ed.
This conditioncould be, for example,the maximumnumberof iterations,the maximum
allowedCPUtime,or themaximumnumberof iterationsbetweentwo improvements.

In Algorithm 2, a typical constructionphaseis described. In this phase,a feasible
solution is constructed,one elementat a time. At eachiteration,an elementis chosen
basedonagreedyfunction.To thisend,acandidatelist of elementsis keptandthegreedy
functionis usedto decidewhichelementis chosento beaddedto thepartial(yetinfeasible)
solution.Theprobabilisticaspectof a GRASPis expressedby randomlyselectingoneof
the bestcandidates(not necessarilythe bestone) in the candidatelist. The list of best
candidatesis called the RestrictedCandidateList of simply RCL. For the local search
phase,any local searchstrategy canbeused(seeAlgorithm 3).

Input : ProblemInstance
Output: Feasiblesolution,if oneexists
Solution  /0;
while solutionconstructionnotdonedo

RCL MakeRCL() ;
s  SelectElementAtRandom(RCL);
Solution  Solution [ f sg;
AdaptGreedyFunction (s);

end
return Solution ;

Algorithm 2: ConstructGreedyRandomizedSolution procedure.
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Input : SolutionS, NeighborhoodN(S)
Output: SolutionS�

S�  S;
while S� is not locally optimaldo

GenerateasolutionS2 N(S� );
if Sis betterthanS� then

S�  S;
end

end
return S� ;

Algorithm 3: LocalSearch procedure.

3. GRASP FOR NONLINEAR OPTIMIZATION PROBLEMS

In this section,we describehow to de�ne the constructionandlocal searchphasesof
a GRASPfor solving nonlinearoptimizationproblemssubjectto box constraints. It is
assumedthataminimizationproblemis de�ned asfollows:

min f (x)

subjectto
l i � xi � ui ; 8 i = 1;2; : : : ;n;

wheref (x) : Rn ! R, andl i andui arelowerandupperboundsfor thevaluesof thevariable
xi , respectively.

Sincethemaincontribution of this paperis algorithmic,we describeall algorithmsin
detail.Algorithm4 describesourmethod.Theinputis afunctionnamegivenin thecolumn
namein Tables1 and2. In thefollowing paragraphsweexplainthestepsin thatalgorithm.

Given the function name(FuncName), vectorsl andu areinitialized accordingto the
lastcolumnin Tables1 and2. Theinitial solution(y) is constructedasy[i] = (l [i] + u[i])=2
for i = 1;2; : : : ;n.

The local searchprocedureis appliedonly for problemswith at most4 variables.The
reasonfor this is explainedin thecomputationalresultssection.

ParameterMaxNumIterNoImprovcontrolsthegrid density(h). TheGRASPstartswith
a givenvaluefor h andwhenthenumberof iterationswith no improvementachievesthe
valueMaxNumIterNoImprov, thenthevalueof h is reducedto its half, andtheprocessis
restarted.This worksasanintensi�cation,forcing theGRASPto searchfor solutionsin a
smallerregionof thesolutionspace.Thoughsimple,thisschemewasimportantto enhance
the performanceof the method.We notethat mostmethodsfor continuousoptimization
that usethe arti�ce of discretizingthe solution space,usea �x ed value for h (usually
h = 0:01). In theGRASP, we startwith h = 1, andthenwhennecessary, thevalueof h is
reduced.With this, we canlook for solutionsin a moresparsegrid in thebeginningand
thenmake thegrid denserwhenwehave foundagoodsolution.

Algorithms5, 6, 7, and8 describein detailtheproceduresusedin theGRASP.
The constructionphase(Algorithm 5) works asfollows. Given a solutionvector, y =

(y[1];y[2]; : : : ;y[n]), a line searchis performedatcoordinatei, i = 1;2; : : : ;n, with then� 1
othercoordinatevalues�x ed.Then,thevaluefor coordinatei thatminimizesthefunction
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is kept (seez[i] in Algorithm 5). After performingthe line searchfor eachcoordinateof
y, we selectat randoma coordinatethathasfunctionvalue(seeg[i] in thealgorithm)less
thanor equalto min+ a � (max� min), wheremin andmaxare,respectively, theminimum
and maximumvaluesachieved by the function when executingthe line searchat each
coordinateof y, anda is auserde�ned parameter(0 � a � 1).

The reasonwe choosea coordinateusing the above strategy is to guaranteethe ran-
domnessin theconstructionphase.Then,thesolutionvectory is updatedandthechosen
coordinateis eliminatedfrom consideration.

Algorithm 7 shows theline search.Thevariableindex in thatalgorithmrepresentsthe
coordinatebeingexamined,andthe variablexi best keepstrack of the bestvaluefor that
coordinate.Algorithm 6 checksif a givenvectorx 2 Rn satis�estheboxconstraints.

In thelocal searchphase(Algorithm 8), asetof directionsis examined.Sincethefunc-
tionsin ourproblemcanbeverycomplicated,it maynotbepossibleto ef�ciently compute
thegradientof thosefunctions.So,weneedageneralwayto createsearchdirectionsgiven
apoint in Rn.

We usean simple way to generatea set of directions. It dependson the numberof
variablesin the problem. This setof directionsis indicatedby D(x) in the local search
procedure.If thenumberof variables(n)

� is 1, thenD(x) = f (� 1); (1)g;
� is 2, thenD(x) = f (1;0);(0;1);(� 1;0);(0; � 1);(1;1);(� 1;1);(1; � 1);(� 1; � 1)g;
� is 3, then D(x) = f (1;0;0); (0;1;0); (0;0;1); (� 1;0;0); (0; � 1;0); (0;0; � 1);

(1;1;0); (1;0;1); (0;1;1); (� 1;1;0); (� 1;0;1); (1; � 1;0); (0; � 1;1); (1;0; � 1);
(0;1; � 1); (1;1;1); (� 1;1;1); (1; � 1;1); (1;1; � 1); (1; � 1; � 1); (� 1; � 1; � 1);
(0; � 1; � 1); (� 1;0; � 1); (� 1; � 1;0); (� 1; � 1;1); (� 1;1; � 1)g.

We notethat thenumberof directionsconstructedin this way is givenby 3n � 1. So, for
n = 4, D(x) wouldhave80directions.

TheEvaluateFunction (x;FuncName) procedurereceivesasparametersa vectorx 2
Rn andtheFuncName, andreturnsthecorrespondingfunctionvalueat pointx.

4. COMPUTATIONAL EXPERIMENTS

In this section,we presentthecomputationalexperimentscarriedout with theGRASP
describedin Section3. First, we de�ne thebenchmarkfunctionsusedin the tests.Then,
in Subsection4.2,theresultsobtainedby theGRASParediscussed.
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Input : FuncName;MaxNumIterNoImprov
Output: Feasiblesolution(BestSolution )
Initialization (FuncName;n; l ;u);
for i  1 to n do

y[i]  (l [i] + u[i])=2;
end
h  1;
SolValue  + ¥ ;
BestSolValue  + ¥ ;
for iter = 1 to MaxIter do

ConstructGreedyRandomizedSolution (x;FuncName;n;h; l ;u;seed;a);
if n � 4 then

LocalSearch (x;xlocalopt ;n;FuncName; l ;u;h);
SolValue  EvaluateFunction (xlocalopt ;FuncName);

else
SolValue  EvaluateFunction (x;FuncName);

end
if SolValue < BestSolValue then

BestSolution  xlocalopt ;
x  xlocalopt ;
BestSolValue  SolValue ;
NumIterNoImprov  0;

else
NumIterNoImprov  NumIterNoImprov+ 1;

end
if NumIterNoImprov � MaxNumIterNoImprovthen

/* makesgrid moredense*/;
h  h=2;
NumIterNoImprov  0;

end
end
return BestSolution ;

Algorithm 4: GRASPfor nonlinearprogramming.

4.1. Instancesand test envir onment. To testtheGRASP, we usefunctionsthatappear
in [7, 8, 9,10,14,16]. Thesefunctionsarebenchmarkscommonlyusedto evaluateuncon-
strainedoptimizationmethods.Tables1 and2 list thetestfunctions.

All testswererun in doubleprecisionon a Pentium4 CPU with clock speedof 2.80
GHz and512MB of RAM, underMS Windows XP. All algorithmswereimplementedin
theC++ programminglanguageandcompiledwith GNU g++. CPUtimeswerecomputed
usingthefunctiongetusage(RUSAGE SELF) .

Thealgorithmusedfor random-numbergenerationis an implementationof themulti-
plicativelinearcongruentialgenerator[12], with parameters16807(multiplier) and231� 1
(primenumber).

For functionswith morethan4 variables,namelyF25throughF31,themaximumnum-
ber of iterationsMaxIter in Algorithm 4) was set to 10. For all other functions, this
parameterwassetto 200.ParameterMaxNumIterNoImprovin Algorithm 4 wassetto 20.
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Input : x;FuncName;n;h; l ;u;a
Output: New solutionx
for i = 1 to n do

y[i]  x[i];
end
S f 1;2; : : : ;ng;
while S6= /0 do

min  + ¥ ;
max � ¥ ;
for eachi 2 Sdo

g[i]  Minimize (y;h; i;n;FuncName; l ;u;xi best );
z[i]  xi best ;
if min > g[i] then

min  g[i];
end
if max< g[i] then

max g[i];
end

end
RCL /0;
for eachi 2 Sdo

if g[i] � min+ a � (max� min) then
RCL RCL[ f ig;

end
end
j  RandomlySelectElement(RCL);
x[ j]  z[ j];
y[ j]  z[ j];
S Snf jg;

end
return x ;

Algorithm 5: ProcedureConstructGreedyRandomizedSolution constructsa
greedyrandomizedsolution.

Input : x; l ;u;n
Output: feas (true or false )
feas  true ;
i  1;
while i � n and feas = true do

if x[i] < l [i] or x[i] > u[i] then
feas  false ;

end
i  i + 1;

end
return feas ;

Algorithm 6: ProcedureFeasible checksif boxconstraintsaresatis�edby x.
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Input : y;h; index ;n;FuncName; l ;u
Output: minimizerxi best
for i  1 to n do

t[i]  y[i];
end
t[index ]  l [index ];
min  + ¥ ;
while t[index ] � u[index ] do

value  EvaluateFunction (t;FuncName);
if min > value then

min  value ;
xi best  t[index ];

end
t[index ]  t[index ]+ h;

end

Algorithm 7: Minimize.

Input : x;xlocalopt ;n;FuncName; l ;u;h
Output: Localoptimalxlocalopt
GenerateD(x);
D0(x)  D(x);
xlocalopt  x;
xlocaloptValue  EvaluateFunction (x;FuncName);
repeat

Improved  false ;
while D(xlocalopt ) 6= /0 and Improved = false do

selectdirectiond 2 D(xlocalopt );
D  Dnf dg;
xprime  xlocalopt + h� d;
xprimeValue  EvaluateFunction (xprime ;FuncName);
if Feasible (xprime ; l ;u;n) = true and
xprimeValue < xlocaloptValue then

xlocalopt  xprime ;
xlocaloptValue  xprimeValue ;
Improved  true ;
D(xlocalopt )  D0(x);

end
end

until Improved = false ;

Algorithm 8: LocalSearch.

4.2. Experimental Analysis. In our implementation,the GRASPusesthe local search
procedureonly for functionswith at most4 variables.Thereasonfor this is thatfor func-
tionswith morethan4 variables,thelocalsearchbecomestootimeconsuming.Therefore,
whenthe GRASPis usedfor solving problemswith morethan4 variables,it usesonly
theconstructionprocedure.We emphasisthat just theconstructionprocedurewasableto
�nd optimal solutionsfor all functionstestedin this paper. It is by itself a methodfor
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TABLE 1. Benchmarkfunctions.FunctionsF1 throughF19weretested
in [16] andarebenchmarkfor testingnonlinearunconstrainedoptimiza-
tion methods.F20 andF21 appearin [7]. F22 andF23 arefrom [14].
Datafor F4andF5aregivenin Table4.1.

Name Function Domain
F1 [1+ (x1 + x2+) 2(19� 14x1 + 3x2

1 � 14x2 + 6x1x2 + 3x2
2)]: � 2 � xi � 2

[30+ (2x1 � 3x2)2(18� 32x1 + 12x2
1 + 48x2 � 36x1x2 + 27x2

2)]

F2 (x2
1 + x2 � 11)2 + (x1 + x2

2 � 7)2 � 6 � xi � 6

F3 100(x2 � x2
1)2 + (1� x1)2 � 2 � xi � 2

F4 � å 5
i= 1[(x� ai )T (x� ai ) + ci ]� 1 0 � xi � 10

F5 � å 10
i= 1[(x� ai )T (x� ai ) + ci ]� 1 0 � xi � 10

F6 (x1 + 10x2)2 + 5(x3 � x4)2 + (x2 � 2x3)4 + 10(x1 � x4)4 � 3 � xi � 3

F7 (4� 2:1x2
1 + x4

1=3)x2
1 + x1x2 + (� 4+ 4x2

2)x2
2 � 3 � x1 � 3,� 2 � x2 � 2

F8 f å 5
i= 1 i cos[(i + 1)x1 + i]g:f å 5

i= 1 i cos[(i + 1)x2 + i]g � 10� xi � 10

F9 1
2 å 2

i= 1(x4
i � 16x2

i + 5xi) � 20� xi � 20

F10 1
2 å 3

i= 1(x4
i � 16x2

i + 5xi) � 20� xi � 20

F11 1
2 å 4

i= 1(x4
i � 16x2

i + 5xi) � 20� xi � 20

F12 0:5x2
1 + 0:5[1� cos(2x1)] + x2

2 � 5 � xi � 5

F13 10x2
1 + x2

2 � (x2
1 + x2

2)2 + 10� 1(x2
1 + x2

2)4 � 5 � xi � 5

F14 102x2
1 + x2

2 � (x2
1 + x2

2)2 + 10� 2(x2
1 + x2

2)4 � 5 � xi � 5

F15 103x2
1 + x2

2 � (x2
1 + x2

2)2 + 10� 3(x2
1 + x2

2)4 � 20 � xi � 20

F16 104x2
1 + x2

2 � (x2
1 + x2

2)2 + 10� 4(x2
1 + x2

2)4 � 20 � xi � 20

F17 x2
1 + x2

2 � cos(18x1) � cos(18x2) � 5 � xi � 5

F18 [x2 � (5:1x2
1)=(4p2) + 5x1=p � 6]2 + 10[1� 1=(8p)] cos(x1) + 10 � 20� xi � 20

F19 �f å 5
i= 1sin[(i + 1)x1 + i]g � 20� x1 � 20

F20 eu2
+ [sin(4x1 � 3x2)]4 + 0:5(2x1 + x2 � 10)2, u = 0:5(x2

1 + x2
2 � 25) 0 � xi � 6

F21 x6
1 � 15x4

1 + 27x2
1 + 250 � 5 � x1 � 5

F22 100(x2 � x2
1)2 + (1� x1)2 + 90(x4 � x2

3)2 + (1� x3)2+ � 3 � xi � 3
10:1[(x2 � 1)2 + (x4 � 1)2] + 19:8(x2 � 1)(x4 � 1)

F23 [1:5� x1(1� x2)]2 + [2:25� x1(1� x2
2)]2 + [2:625� x1(1� x3

2)]2 0 � xi � 5
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TABLE 2. Continuedbenchmarkfunctions. F24 throughF28arefrom
[9]. Note that F25,F26,F27 andF28 arethe samequadraticfunction,
but with differentnumberof variables.F29throughF31appearin [10].
F32is from [8].

Name Function Domain
F24 å 10

i= 1(e� 0:2i + 2e� 0:4i � x1e� 0:2x2i � x3e� 0:2x4i )2 0 � xi � 4

F25 å 10
i= 1

x2
i

2i� 1 + å 10
i= 2

xixi� 1
2i � 20 � xi � 7

F26 å 20
i= 1

x2
i

2i� 1 + å 20
i= 2

xixi� 1
2i � 20 � xi � 7

F27 å 30
i= 1

x2
i

2i� 1 + å 30
i= 2

xixi� 1
2i � 20 � xi � 7

F28 å 40
i= 1

x2
i

2i� 1 + å 40
i= 2

xixi� 1
2i � 20 � xi � 7

F29 å 10
i= 1 x2

i � 10 � xi � 7

F30 å 10
i= 1bx2

i + 0:5c2 � 10 � xi � 7

F31 � 20exp(� 0:2
q

1
10 å 10

i= 1 x2
i ) � exp( 1

10 å 10
i= 1cos(2pxi )) + 20+ e � 10� xi � 20

F32 sin(x1) + sin(10x1=3) + log10(x1) � 0:84x1 0:1 � x1 � 6

TABLE 3. Datafor functionsF4andF5.

i ai ci i ai ci

1 4 4 4 4 0.1 6 2 9 2 9 0.6
2 1 1 1 1 0.2 7 5 5 3 3 0.3
3 8 8 8 8 0.2 8 8 1 8 1 0.7
4 6 6 6 6 0.4 9 6 2 6 2 0.5
5 3 7 3 7 0.4 10 7 3.6 7 3.6 0.5

�nding nearoptimalsolutionsfor continuousoptimizationproblemswith box constraints.
However, for someproblems,theinclusionof local search,in additionto theconstruction,
reducedtheCPUtime to �nd solutions.

Table4.2 shows the resultsfor the GRASP. In this table, the �rst columnshows the
functionname,thesecondandthird columnsgive thesolutionvaluefor thesolutionfound
by GRASP, andtheCPUtime (in seconds)to �nd thatsolution,thefourth columnshows
the global optimumvalueasreportedin the literature,andthe last columngivesthe ab-
solutevalueof thedifferencebetweenthevaluesin thesecondandfourth columns.Note
thatthesmallerthevalueappearingin thelastcolumnthebetterthesolutionfoundby our
method.

Table4.2shows thesolutionvectorsfoundby GRASP.
As seenin Table4.2, thesolutionsfoundby GRASPareoptimalor near-optimal. We

remarkthatincreasingthevalueof theparameterMaxIter (maximumnumberof iterations
in Algorithm 4) generallyimprovesthesolutionfound.
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TABLE 4. In the columnCPU time, zeromeansthat the GRASPexe-
cutedin lessthan1 second.

Solution GlobalOptimum AbsoluteDistance
Name Value CPUtime Value Value
F1 3.0 0 3.0 0.0
F2 0.0 0 0.0 0.0
F3 0.0 0 0.0 0.0
F4 -10.1531958 3 -10.1531957 0.0000001
F5 -10.5362837 5 -10.5362836 0.0000001
F6 0.0 0 0.0 0.0
F7 -1.0316280 0 -1.031628 0.0
F8 -186.7295368 1 -186.7309 0.0013632
F9 -78.3323112 1 -78.332331 0.0000219
F10 -117.4984669 3 -117.4984 0.0000669
F11 -156.6646225 6 -156.66466 0.0000375
F12 0.0 0 0.0 0.0
F13 -0.4074610 0 -0.407461 0.0
F14 -18.0586860 0 -18.058697 0.000011
F15 -227.7656948 2 -227.765747 0.0000522
F16 -2429.4146131 2 -2429.414749 0.0001359
F17 -2.0 0 -2.0 0.0
F18 0.3978919 1 0.397887 0.0000049
F19 -3.3728854 1 -3.372897 0.0000116
F20 1.0 0 1.0 0.0
F21 7.0 0 7.0 0.0
F22 0.0 1 0.0 0.0
F23 0.0 0 0.0 0.0
F24 0.0 0 0.0 0.0
F25 0.0 0 0.0 0.0
F26 0.0 1 0.0 0.0
F27 0.0 4 0.0 0.0
F28 0.0 11 0.0 0.0
F29 0.0 0 0.0 0.0
F30 0.0 0 0.0 0.0
F31 0.0 0 0.0 0.0
F32 -5.5344323 0 -5.534 0.0004323

Weobservedfrom theexperimentsthattheGRASPneededat mosttwoiterationsto �nd
optimalsolutionsfor problemswith quadraticfunctions,namelyF25throughF30.Figures
1, 2, and3 show theprogressof theGRASPfor thefunctionsthattookat least2 iterations
to convergeto thevalueson thesecondcolumnof Table4.2.
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TABLE 5. Solutionvectorsfoundby GRASP.

Name SolutionVector
F1 (0,-1)
F2 (3,2)
F3 (1,1)
F4 (4,4,4,4)
F5 (4,4,4,4)
F6 (0,0,0,0)
F7 (0.089843,-0.712890)
F8 (5.482421,4.857421)
F9 (-2.90429,-2.90429)
F10 (-2.90429,-2.90429,-2.90429)
F11 (-2.90429,-2.90429,-2.90428,-2.90429)
F12 (0,0)
F13 (0,-1.386718)
F14 (0,-2.609375)
F15 (0,-4.701171)
F16 (0,-8.394531)
F17 (0,0)
F18 (3.140625,2.275390)
F19 (18.412109)
F20 (3,4)
F21 (-3)
F22 (1,1,1,1)
F23 (3,0.5)
F24 (1,1,2,2)
F25 (0,0,: : :,0)
F26 (0,0,: : :,0)
F27 (0,0,: : :,0)
F28 (0,0,: : :,0)
F29 (0,0,: : :,0)
F30 (0,0,: : :,0)
F31 (0,0,: : :,0)
F32 (5.209375)
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FIGURE 2. GRASPprogressfor functionsF14,F15,F16,F18,F19andF22.
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FIGURE 3. GRASPprogressfor functionsF23,F25,F26,F27,F28andF32.
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5. FINAL REMARKS

In thispaper, wedescribedanew approachfor continuousglobaloptimizationproblems
subjectto box constraints.Themethoddoesnot useany particularinformationaboutthe
objective functionandis verysimpleto implement.

Thecomputationalexperimentsshowedthatthemethodis quitepromisingsinceit was
capableof �nding optimalor near-optimalsolutionsfor all testedfunctions.Othermethods
donothavesimilarbehavior on thesamecollectionof functions.
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