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Experimental Analysis of Algorithms for Bilateral-Contract
Clearing MechanismsArising in DeregulatedPower Industry

CHRIS BARRETT* DouG Cookf VANCE FABER! GREGORY Hicks}
ACHLA MARATHE* MADHAV MARATHE* ARAVIND SRINIVASANY

YORAM J. SUSSMANN!/ HEIDI THORNQUIST**

Abstract: We considelthebilateralcontractsatishctionproblemarisingfrom electricalpower networks
dueto the proposeddergyulation of the electric utility industryin the USA. Given a network G anda set
(or multiset) of pairs of vertices(contracts)with associatedlemandfunctionsthat reflectthe amountof
flow which needsto be sentbetweenthe pairs of vertices,the goal is to find the maximum number of
simultaneouslysatisfiablecontracts. Four differentalgorithmsfor bilateral contractsatisfction problems
areconsidered(i) SMALLEST-FIRST HEURISTIC (ii) LARGEST-FIRST HEURISTIC (iii) RANDOM-ORDER
HEeURISTIC and(iv) ILP-RANDOMIZED ROUNDING: anintegerlinear programmingoasedapproximation
algorithmwith proven performanceguaranteen restrictedcases.The main focus of the paperis to study
how the heuristicsperformedin fairly realisticsettings.For this purposewe usedan approximateelectrical
power network from Colorado.

From our preliminaryanalysis,it appearghatalthoughthe first threeheuristicalgorithmsdo not have
aworst-caseuaranteethey outperformthe theoreticallybetterl L P-RANDOMIZED ROUNDING algorithm.
We alsotestedthealgorithmon four typesof scenarioghatarelikely to occurin aderayulatedmarketplace.
Theempiricalresultsshawv thatthenetworksthatareadequatén regulatedmarketplacemightnotbeadequate
for satisfyingall the bilateralcontractsin a dergyulatedindustry Our studiesindicatethat simpleclearing
mechanismghatarecurrentlyin usein mary of thepower marketsarecomputationallyfastandnearoptimal
in theiruseof network capacity;also,alinearprogrammingupperboundon thequality of ary solution,turns
outto beavery goodboundin practice.
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1 Intr oduction

TheU.S.electricutility industryis undegoing major structuralchangesn aneffort to make it morecompet-
itive. The steptoward dereyulationof the electricindustrywassupposedo help customersvoid unusually
high bills. Underdereayulation,the utilities hadto give up theirmonopoliessell mary of their plantsandbuy
electricity from a state-sanctionedholesalemarket. Sincethe wholesalemarket wasbig andtransparent
enoughto offer low andcompetitize pricesit wasexpectedhatdergulationwould bring the pricedown sig-
nificantly [WSJ,Wi97a EPR97,Web, FED97, We9§. Onemajorconsequencef the dergyulationwill be
to decouplehecontrollersof the network from the power producersmakingit difficult to regulatethelevels
of power on the network; consumersaswell asproducerswill eventuallybe ableto negotiatepricesto buy
andsell electricity See[Wi97a Wi97b, Wi974d. In practice dergyulationis complicatedby thefactsthatall
power companiewill have to sharethe samepower network in the shortterm, with the network’s capacity
beingjust aboutsufiicient to meetthe currentdemand.To overcometheseproblemsmostU.S. stateshave
setupanlSO (independensystemoperator):anon-profitgoverningbodyto arbitratethe useof the network.
The basicquestiongacing ISOsare how to decidewhich contractsto dery (dueto capacityconstraints),
andwho s to bearthe costsaccruedvhencontractsaredenied.Several criteria/policieshave beenproposed
and/orarebeinglegislatedby the statesaspossibleguidelinesfor the ISO to selecta maximum-sizedgubset
of contractsthat canbe clearedsimultaneoushfWi97b]. Theseinclude: (a) Minimum Flow Denied: The
ISO selectghesubsebf contractdhatdeniesheleastamountof proposegower flow. This proposafavors
clearingbiggercontractdirst. (b) First-in First-out: The contractthatcomedirst getsclearedirst; thisis the
leastdiscriminatingto the contractors.(c) Maximum Consumerssened: This clearsthe smallestcontracts
first andfavorsthe smallbuyerswhoseinterestsormallytendto go unheard.

Therearethreeimportantissuesn decidingpoliciesthatentailspecificmechanism$or selectingasubset
of contracts:(i) fairnessof a givenpolicy to producersandconsumersfii) the computationacompleity of
implementinga policy, and (iii) how sounda given policy is from an economicstandpoint.(For instance,
doesthepolicy promotethe optimalclearingprice, the optimaluseof network resourcesgtc.)

Here we focus on evaluatingthe efficacy of a given policy with regardto its computationakesource
requirementand network resourceutilization. It is intuitively clearthat (i) the underlyingnetwork, (ii) its
capacityandtopologyand (iii) the spatiallocationsof the bilateral contractson the network, will play an
importantrole in determiningthe efficacy of thesepolicies. We do not discussherethe fairnessaspects
and extensie detailsof the economicaspectf thesepolicies: theseare importanttopics and subjectsof
a companionpaper The work reportedherewasdoneas part of two interrelatedprojectsat Los Alamos.
Thefirst projectis to develop a mathematicahndcomputationatheoryof simulationsbasedon Sequential
Dynamical Systems(SDSs). The secondaims at developinga comprehense coupledsimulatiort of the
deregulated electricalpower industry [DD+98]. Seehtt p: //t sasa. | anl . gov for additionaldetails
regardingtheseandothersocio-technicasimulationprojectsat Los Alamos. To achieve this goal,we carry
out the first experimentalanalysisof several algorithmsfor simultaneouslyclearinga maximalnumberof
bilateralcontracts.The algorithmswerechoseraccordingto: (a) provable performance(b) ability to sene
asa proxy for someof the above-statedooliciesand(c) computationatequirement.

Thealgorithmsstudiedareasfollows; see§ 3 for their specification.The ILP-RANDOMIZED ROUND-
ING algorithmhasa provable performanceguaranteeindercertainconditions. The computationatesource
requirementvasquite high, but the approachalsoprovidesuswith anupperboundon ary optimalsolution
andproved usefulin comparingthe performanceof the algorithms. The LARGEST-FIRST HEURISTIC is a
proxy for the MinimumFlow Deniedpolicy. The SMALLEST-FIRST HEURISTIC senesasa proxy for the
MaximumContractsServedolicy. TheRANDOM-ORDER HEURISTIC ordersthecontractin arandomorder
andtriesto clearthe contractsin the randomorder This algorithmwaschosenasa proxy for the First-in

1This coupledsimulationhasa market componenanda physicalnetwork component.



First-outpolicy. Sucha policy is probablythe mostnaturalclearingmechanisnmandis currentlyin placeat
mary exchangesncluding California.

We useda coarserepresentatiorof the Coloradoelectricalpower network (see§ 5), to qualitatively
comparethe four algorithmsdiscussedbore in fairly realisticsettings. The realisticnetworks differ from
randomnetworksandstructurechetworksin thefollowing ways: (i) Realisticnetworkstypically have avery
low averagedegree. In fact, in our casethe averagedegreeof the network is no morethan3. The same
is true for the westernstatesinterconnectand the Texasinterconnect.(ii) Realisticnetworks are not very
uniform. Onetypically seesoneor two large clusters(dowvntown andneighboringareasyandsmall clusters
spreadout throughout.(iii) For mostempiricalstudieswith randomnetworks, the edgeweightsarechosen
independentlyand uniformly at randomfrom a given intenval. However, realistic networks typically have
very specifickinds of capacitiesincethey wereconstructedvith particulardesigngoal.

Testsand Results: Fromour preliminaryanalysisjt appearshatalthoughthe simpleheuristicalgorithmsdo

not have worst-casegyuaranteeshey outperformthetheoreticallybetterrandomizedoundingalgorithm.We

testedthe algorithmson four carefully choserscenarios Eachscenariovasdesignedo testthe algorithms
andtheresultingsolutionsin aderayulatedsetting. Theempiricalresultsshav thatnetworksthatarecapable
of satisfyingall demandin a regulatedmarketplacecan often be inadequatdor satisfyingall (or even a

acceptabldraction) of the bilateral contractsin a dergyulatedmarket. Our resultsalso confirm intuitive

obsenrations:e.g.,the numberof contractssatisfiedcrucially depend®nthe scenaricandthealgorithm.

Significance: As far aswe areaware, this is thefirst studyto investigatethe efficacy of variouspoliciesfor

contractsatishctionin a dereyulatedpower industry Sinceit wasdonein fairly realisticsettings the qual-
itative resultsobtainedherehave implicationsfor policy makers,especiallywhenwe arewitnessingpower
shortagedn California. Ouranalysisshavs thata sudderreductionin generatingapacity(scenaridl, which

canbe causedvy generatorgjoing off-line dueto plannedor unplannednaintenancechedules)unantici-
patedincreaseén demandscenari®), andinadequatéransmissiorcapacity(scenaridd), all have significant
impactin limiting the numberof contractscleared. For a statelike California, whereall the threescenar
ios are occurringsimultaneouslyit is naturalto expectunsatisfiedcustomers.To comparethe algorithms
in a quantitatve and (semi-)rigorouswvay, we emplgy statisticaltools andexperimentaldesigns.Although
mary of the basictools arestandardn statistics the useof formal statisticalmethodsin experimentalalgo-
rithmics for analyzing/comparinghe performanceof heuristicshasnot beeninvestigatedo the bestof our
knowledge.We believe thatsuchstatisticalmethodsshouldbeinvestigatedurtherby the experimentahlgo-
rithmics communityfor deriving morequantitatve conclusionsvhentheoreticalproofsarehardor notvery
insightful. Our resultscanalsobe appliedin othersettings suchasbandwidth-tradingn the Internet. See,
e.g.,[BW]. Finally, to ourknowledge,previousresearcherbave not consideredhe effect of the underlying
network on the problemsithis is animportantparameteespeciallyin a free-marlet scenario.AppendixA

illustratesthis pointfurther

2 Problem Definitions

We briefly definethe optimizationproblemsstudiedhere. We are given an undirectednetwork (the power
network) G = (V, E) with capacitieg, for eachedgee andasetof source-sinkodepairs(s;, t;),1 < i < k.
Eachpair (s;,t;) has: (i) anintegral demandreflectingthe amountof power that s; agreego supplyto t;
and(ii) a negotiatedcostof sendingunit commodityfrom s; to ¢;. Asis traditionalin the power literature,
we will referto the source-sinkpairsalongwith the associatedlemandssa setof contracts In generala
sourceor sink may have multiple associatedontracts We find the following notationcorvenientto describe
the problems.Denotethe setof nodesby N. Thecontractsaredefinedby arelationR C (N x N x R x R)
sothattuple (v, w, a, 8) € R denotes contractbetweersourcev andsinkw for « unitsof commodityata
costof S perunit of thecommodity For A = (v, w, @, 3) € R we denotesource(A) = v, sink(A) = w,



flow(A) = a andcost(A) = B. Correspondingo the power network, we constructa digraph H =
(VuSuTuU{s,t}, E") with sources, sinknodet, capacities; : E' — $ andcostsc’ : E' — R asfollows.
Forall A € R, definenew verticesvy andwy. LetS = {vs | A € R} andT = {w4 | A € R}. Eachedge
{z,y} from G is presenin H asthetwo arcs(z,y) and(y, =) thathave the samecapacityas{z, y} hasin
G, andwith cost0. In addition,for all A = (v, w, @, 8) € R, weintroduce:(i) arcs(v4,v) and(w, w4) with
infinite capacityandzerocost; (i) arc(s,v4) with capacityflow(A) = « andcost0; and(iii) arc(wa4,t)
with capacityflow(A) = « andcostequalingcost(A). By this constructionwe canassumavithoutlossof
generalitythateachnodecanparticipatein exactly onecontract.Thisfactwill beusedater A flowis simply
anassignmenof valuesto theedgesdn agraph,wherethevalueof anedgeis theamountof flow travelingon
thatedge.Thevalueof theflow is definedastheamountof flow comingoutof s (or equivalentlytheamount
of flow comingin to t). A genericfeasibleflow f = (fz, > 0 : (z,y) € E') in H is ary non-ngative flow
that: (a) respectghe arc capacities(b) hass asthe only sourceof flow andt asthe only sink. Note thatfor
agiven A € R, in generait is notnecessaryhat f ,, = fu,,:. FOragivencontractd € R, A is saidto be
satisfiedif thefeasibleflow f in H hastheadditionalpropertythatfor A = (v, w, &, 8), fsws = fwat =
i.e.,thecontractuabbligationof «: unitsof commaodityis shippedout of v andthesameamountis recevedat
w. Givenapower network G(V, E), acontractsetR is feasible(or satisfied if thereexistsa feasibleflow f
in thedigraphH thatsatisfiessvery contract4d € R. Let B = supply(s) = demand(t) = Y 4cg flow(A).

In practice,it is typically the casethat R doesnotform a feasibleset. As aresultwe have two possible
alternatve methodof relaxingthe constraints{(i) relaxthenotionof feasibility of acontractand(ii) try and
find a subsebf contractshat arefeasible. Combiningthesetwo alternatveswe definethe following types
of “relaxedfeasible”subset®f R.

Definition 1 LetG(V, E) bea powernetwork,R bea setof contracts, H betheassociatedligraph,and f
beafeasibleflowin H.

1. AcontactsetR' C R is a O/1-contractsatishctionfeasiblesetif, VA = (v, w,a, 8) € R, fsu, =

f’wA,t = Q.

2. AcontractsetR’ C R is an |-contractsatishctionfeasiblesetif, VA = (v, w,a,8) € R/, f(A) :=
Jswa = fwat € {0,1,...,a}; i.e. wemustsendan integral amountof flow f(A) fromv to w.

3. AcontractsetR’ C R is an R-contractsatishctionfeasiblesetif, VA = (v,w, o, 8) € R', f(A) :=
fswa = fwat € [0,0]; i.e. weare allowedto sendanyrational amountof flow f(A) fromw to w.

Notethatcase(3) of Definition 1 is theleastrestrictive; the only requirementve have is thatthe source-
destinationpairs sendand receve equalamountsof flows. Also, all our definitionsinclude at the very
minimum a balancingconstraintfor satisfied(feasible)contracts. For the remainingcontracts,the abose
definitionsdo notimposeary requirementslong aswe have a feasibleflow f. Finally, notethatgivena
flow f in H, it is easyto recover the “relaxedfeasible”set R’ accordingo ary of the above givencriteriain
polynomialtime. Basicoptimizationproblemsrelatedto relaxedfeasiblesetsare:

Definition 2 Givena graph G(V, E) and a contract setR, the (0/1-VERSION, MAX-FEASIBLE FLOW)

problemis to find a feasibleflow f in H sudthat}" 4z f(A) is maximizedvhere R’ formsa 0/1-contract
satishctionfeasiblesetof contracts. Is therelated (0/1-VERSION, MAX-#CONTRACTS) problem,weaim

to find a feasibleflow f in H sud that|R'| is maximizedwhete R’ formsa 0/1-contractatishctionfeasible
setof contracts.

Thoughsuchelectricflow problemshave somesimilarities with thosefrom other practicalsituations,
thereare mary basicdifferencessuchasreliability, non-distinguishahiy betweenthe power producedby



differentgeneratorsshortlife-time (dueto thelack of adequatestoragedevices),line effects,etc. [WW96].
Thevariantsof flow problemgelatedio powvertransmissiorstudiedhereareintuitively hardetthantraditional
multi-commodityflow problems sincewe cannotdistinguishbetweerthe flow “commaodities” (power pro-
ducedby differentgenerators)As aresult,currentsolutiontechniquesisedto solve single/multi-commaodity
flow problemsarenotdirectly applicableto the problemsconsideredhere;seethediscussionn AppendixA.

3 Description and Discussionof Algorithms

We work on the (0/1-VERSION, MAX-#CONTRACTS) problemhere. Let n andm respectiely denotethe
numberof verticesand edgesin the network G. In [CF+97], it was shavn that (0/1-VERSION, MAX-
#CONTRACTS) is NP-hard;also,unlessNP C Z PP, it cannotbeapproximatedo within afactorof m!/2—¢
for ary fixede > 0, in polynomialtime. Thus,we needo consideigoodheuristics/approximatn algorithms.

First, thereare threesimple heuristics. The SMALLEST-FIRST HEURISTIC considerghe contractsin
non-decreasingrder of their demands.Whena contractis consideredwe acceptit if it canbe feasibly
addedo thecurrentsetof chosercontractsandrejectit otherwise.The LARGEST-FIRST HEURISTIC is the
same,exceptthatthe contractsare orderedin non-increasingrderof demands.In the RANDOM-ORDER
HEURISTIC, the contractsare consideredn arandomorder SeeAppendixB for worst-casexamplesfor
theseheuristics.

We next discussan approximationalgorithm of [CF+97]. This hasproven performanceonly whenall
sourceverticess; arethe samehowever, this algorithmextendsnaturallyto the multi-sourcecasewhich we
work on. Thebasicideasareasfollows; seeAppendixC for acomprehense discussion\We createanILP
formulationfor the problem,with z; € {0, 1} beingtheindicatorvariablefor satisfyingthe demandrom s;
to ¢; or not; non-ngative realvariablesz; . indicatetheflow dueto the contractbetween(s;, ¢;) on edgee of
the network. We relaxthe condition“z; € {0,1}" to “z; € [0, 1]” andsolve theresultantLP; let y* bethe
LP’soptimalobjective functionvalue. Therandomizedoundingof the LP solutionis asfollows. For alarge
enoughconstant, define\ > 1tobe

c/Ve, if y* > m; em/(y*e), if y* < mande € (0,1/2]; c(m/y*)1=9/¢ if y* <m ande € (0,1). (1)

We performthe following roundingsteps.(a) Independentlyior eachi, seta randomvariableY; to 1 with
probability z; /A, andY; := 0 with probability1 — z;/A. (b) If ¥; = 1, we will chooseto satisfy(1 — ¢)
of (s;,t;)'scontract:for all e € E, setz; . := z;¢(1 — €)/z;. () If Y; = 0, we chooseto have no flow for
(si,ti): i.e.,wewill resetall thez; . to 0.

A deterministicversionof this resultbasedn pessimistiestimatos, is alsoprovidedin [CF+97].

Theorem 3.1 ([CF+97]) Givena networkG anda contract set R, we canfind an approximationalgorithm
for (0/1-VERSION, MAX-#CONTRACTS) whenall source verticesare the same asfollows. Let OPT be
the optimumvalue of the problem,and m bethe numberof edgesin G. Then,for anygivene > 0, wecan
in polynomialtimefind a subsebf contracts R’ with total weightQ(OPT - min{(OPT/m)(1~9/¢ 1}) sut
thatfor all i € R/, theflowis atleast(1 — €)d;.

4 Implementation details

We now discusghekey implementatiordetails.For thethreegreedyheuristicsheimplementationgrefairly
straightforvard, andwe usedpublic-domainnetwork flow codes. Implementingthe randomizedounding
procedurerequiresextra care. The pessimisticestimatorapproachof [CF+97] works with very low proba-
bilities, andrequiressignificant,repeatede-scalingin practice. Thuswe focuson the randomizedversion
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of the algorithm of [CF+97]. ConsiderA ande: animportantempirical questionis the optimal choiceof
theseparametersEquation(1) givesevidenceof aninverserelationshipbetweene and\. The key clueto
specifyingvaluesof the parameter is provided by analyzingits purposeoncemore. The algorithm sets
Y (i) = 1 with probability z(7) /X andY (i) = 0 with probability 1 — z(:)/A. In otherwords, A is used
to weigh the probability in favor of Y' (i) = 0, which dropsoff certainflows. Clearly this increaseghe
probability of satisfyingthe LP constraints However, this alsodecreasethe value of the objective function
OBJ =, Y (1) thatwe areattemptingto maximize.Thus,the problemis to find a balancefor A.

Note that since E[OBJ] = E[};Y(i)] = y*/A, by applying Chernof-Hoeffding bounds,we get
Pr(OBJ < y*/2)\) < eV /8% S0,1 — Pr(OBJ > y*/2)\) < e ¥/ ;ie., Pr(OBJ > y*/2)\) >
1 — e ¥"/8% Thus,if y* is “large” and/or ) is small, the larger is the probability that our solutionwill be
betterthan1/(2)) of the bestpossiblesolution. Hence for say\ = 1 andy* > 104 wehave e ¥"/8 < =13
implying Pr(OBJ > y*/2) > 1 — e '3, which is approximatelyl. Thatis, it is almostcertainthat
the randomizedroundingsolutionwill be betterthan half the optimal relaxed solution. This implies that
the randomizedroundingsolution may very well be a fairly good estimateof the optimal solutionto the
IP. However, it may certainly take an intractableamountof time to obtain such a feasiblesolution, as
the probability of violating a constraintcould now be exceedinglyhigh and a suitableboundmay not be
ableto be placedon them. This might seemnaturalto assumesincethe probability of Y; = 1 would be
z; and B[}, Y;] = y* > OPT(IP) implying frequentinfeasibilitiescould occur SoA = 1 couldin
somecaseseto too smallandin others(larger €) it may provide quality solutions. It canbe seenthat A,
say greaterthan 100, would be a poor choicesince Pr(Y; = 0) is necessarilyfarger than 0.99 andthus
Pr(OBJ =0) = Pr(A\;(Y; = 0)) = IL;(Pr(Y; = 0)) > (0.99)* (wherek is thenumberof initial contracts
generated).So Pr(OBJ = 0) > 0.22 atk = 150 (a sizein the rangeusually obsered by the scenario
generatorsgontractswhichis clearlynot very promising.With thisin mind, it makessenseo startatsome
A < 100 anddecreas¢heparametes valueuntil therunson scenaridnstanceshav unsatisfyingconstraint
violation. Fromthis the abose mentionedmiddle groundfor A may bereached.This inspiresthe following
guestion.Whatis anunsatisfyingconstraintviolation? Is it acceptabldor the randomizedoundingproce-
dureto outputasolutionl outof every 5 times?For smaller) it shouldbeharderto obtainafeasiblesolution,
but OB J will probablybebetter Sotheissueis thatof runningtime. So,whatis areasonabl@roportionof
feasibility successhis questionneedso be consideredor successfullyperformingthe experiments.For
this study valuesof A for which the proportionof successvas1 out of 5 wassought.

We alsoneedto considertherole of ¢ in our experiments.A feasiblesolutionin our context consistsof
sinkswhosedemands satisfiedto within an(1 — €) fractionof theirtotalrequestWe believe thate > 1/2 is
not usefulsinceit doesnot seemjustifiableto satisfyonly 50% of a county’s householdower demand.We
assumehat for valid opemation e shouldtypically be very closeto 0. For the sale of experimentalanalysis
to determinean optimal A, e is fixed anda rangeof A valuesis explored. This processs performedon a
rangeof e < 1/2, taking morevaluesof e nearerto 0. This is easilyaccomplishedy incrementing: from
.1 to .5 by someconstant. The searchfor a A (for eachfixed ¢) thatrealizesnearoptimal performanceof
therandomizedoundingproceduravasautomatedn theimplementatiorusedfor this analysisvia bisection
search(seePROCEDURE OPTIMIZE-A belaw).

Noticethatsincetheinterval of bisectionis fixed,the numberof iterationsthe searchalgorithmis deter
ministic beingthe smallesintegral solutionto theinequalityk/2(*=) — /2% < § — \. So,for this study12
iterationsaremadefor eachprobleminstance.For eachprobleminstancean orderedpair (e, A) is created.
Preliminaryevaluationsindicatethatthereis correlationbetweere and A andhencethis datacould possibly
beusedin conjunctionwith regressiortechniquedo producea relationequatiorwhich could perhapsgiven
an e anda scenariotype, predictwith someaccurag an appropriate\ to usein the randomizedrounding
procedure.This possibility wasnot exploredfor this study only five €’'s wereusedper scenaricandthe last
valid iterationof the bisectionprocessvastaken asthe randomizedoundingrun.



PROCEDURE OPTIMIZE- :

1. Foragivene, setavaluek for A thatis large enoughto ensureeasibility for any generategbroblem
instanceanddenoteit \;,,. For our scenarioswe found A = 3 wassuficiently large.

2. Let Ayt = 0.
3. Runtherandomizedoundingproceduravith Ay,.

4. If therun producedeasiblesolution,then A,y = Aiop @aNAA0p = (Asop + Abor) /2 €1S€Apor = Asop

5. If (Mop — Asot) < 6 — A, whered — X is athresholdsetby the user stop. Otherwise go to Step3.
For thisstudy 6 — A = 0.001.

5 Experimental Setupand Methodology

To testour algorithmsexperimentally we useda network correspondingo a subsebf arealpower network
alongwith contractghatwe generatedisingdifferentscenariosThe network we usedis basednthe power
grid in Coloradoandwasderied from dataobtainedfrom PSCos (Public ServiceCompaiy of Colorado)
Draft IntegratedResource$lanlisting of power stationsand major substations. The network is shavn in
Figure2 (SeeAppendix).We restrictedour attentionto majortrunksonly. Theplantcapacitiesverederived
from the PSCodata.To generatanaximumaggreatedemanddor the sink nodeswe useddatafrom theUS
Censugoureauon the numberof householdoer county The demandsveregeneratedy assigningcounties
to specificsink nodesin the network.

All the testcaseswnere generatedrom the basicmodel. The generalapproachwe usedwasto fix the
edgecapacitieandgeneratesource-sinicontractscombinationsisingthe capacitiesandaggrgatedemands
in the basicmodelasupperbounds. To ensurethat the testcasesve generatedorrespondedo (1) diffi-
cult problems,i.e. infeasiblesetsof contracts,and(2) problemsthat might reasonabharisein reality, we
developedseveral scenarioshatincludedan elementof randomness.

The currentimplementationis still basedupon a network which should be feasibleonly if the total
sourcecapacityis greaterthanthetotal sink capacityandthe only requirements thatthetotal sink capacity
be satisfiedregardlessof which sourceprovidesthe power. Scenariosl, 2, 3 and4 are basedaroundthe
network with total generatingapacity 6249MW , andreducedsink capacitiesiear4400MW combined.

Scenaridl: Thesourcecapacityof thenetwork wasreducedintil therunningthe MaAXFLOW codeindicated
thatthe maximumflow in the network to beslightly lessthanthedemand.

Scenario2: For this scenariowe took the basicnetwork andincreaseahe sink capacitywhile the source
capacityremainedixed.

Scenario3: Theedgecapacitiesvereadjustedyeducedn mostcasesto limit the network to a maximum
flow of slightly morethan4400MW given its sourceand sink distribution. The network is feasibleat the
4400MW evel if theflow providedto supplythesinksis permittedto adjustasnecessarwithin the capacity
of theindividual sourcesThis network with bilateralcontractds notfeasible.

Scenariod: For this scenariowe took the network of Scenario3 andbiasedthe selectionof sourcenodes
towardsthelower valuedsourceunits.

Methodology: We work with the four scenariosand five 5 representate valuesof ¢ varying from .1 to
.5. We believe that satisfyinga contractpartially so that a contractis assignedessthan.5 of the required



demands notveryrealistic. For eachscenarioandfor eachof the 5 valuesof ¢, the programdamplementing
thealgorithmsunderinspectionproduced0 files from which the following informationcould be extracted:
() therunningtimesandsolutionsof all four algorithms;and(ii) the LP upperboundonthelP. Thenumber
30 waschosento ensurethat a statistically“large” sampleof eachmeasuravould be provided in orderto
make valid statisticalinference.More attentionis givento the quality-of-solutionmeasureof an algorithm
(ratherthanthe running-timemeasure)sincefrom a socialstandpointcontractsatisactionmay leave little
roomfor finding solutionsthatarefar from optimal. For agivenalgorithm.A, let Value 4 denotethenumber
of contractshatcanbe satisfiedby A. p4 = %«i providesa measureof the quality of the algorithm’s
solution. The value |y*| providesan upperboundon the objective function value. The objectve of our
experimentsvasto find out which, if ary, of the algorithmsdiscussedhereperformsbetterthanthe others,
in termsof quality of solutionandrunningtime for differentcontractscenarios.

6 Resultsand Analysis

Theperformancef thealgorithmsw.r.t. runningtime andquality of solutionsis summarizedn Tablesl and
2. Table3 summarizesheresultsof the statisticaltests.Dueto lack of spaceadditionalresultscanbefound
in the AppendixD.

6.1 General Conclusions

1. Although thereexist instancesvherethe threeheuristicsproducesolutionsaslarge as2(n) timesthe
optimalfractionalsolution,mostof ourtestsshaw thatwe couldfind integral solutionsfairly closeto optimal.

2. Fromour analysiswe canconcludethatin realisticsituations the randomizedoundingalgorithm(basic
version,without pessimistiestimators)s notlikely to performaswell asthesimpleheuristicspothin terms
of the quality of solutionandrunningtime.

3. Our experimentsshawv that different scenariosmake a significantdifferencein the type of solutions
obtained. For example, the quality of solution obtainedusing the fourth scenariois significantly worse
thanthe first threescenarios.The sensitvity to the scenariogposesinterestingquestiondor infrastructure
investment.Themarletwill have to decidethe costthatneeddo bepaidfor expectingthe necessarguality

of service. It alsobringsforth the equity-benefitquestion: namely who shouldpay for the infrastructure
improvements?

4. 1t is possiblethat for certainscenariosthe underlyingnetwork is incapableof supportingeven an ac-
ceptablédraction of the bilateralcontracts.This obsenration althoughfairly intuitive providesan extremely
importantmessagenamely networks that were adequatdo servicecustomerdn a completelyregulated
power market mightnotbeadequatén dergyulatedmarkets. This makesthe questionof evicting thebilateral
contractanoreimportant.

5. Intuitively, onewould expecta trade-of betweenthe numberof contractssatisfiedandthe e value. As
€ increasesandthe demandconditionis morerelaxed, a highernumberof contractsshouldget satisfied.
But our experimentsshawv thatthe changein the numberof contractssatisfiedfor differentvaluesof ¢ is
insignificant.

6. TheLP upperboundis avery usefultight boundin our results:someof our heuristicsproducesolutions
very closeto it.

7. In practicalsituationsthe Random-Ordeheuristicwould be the bestto usesinceit performsvery close
to the optimalin termsof quality of solutionandhasvery low runningtime.

8. Finally, in ouranalysis A = 2 givesthebestsolutions.



6.2 Statistical Analysis

We usea statisticaltechniqueknown as analysisof variance (ANOVA) to testwhetherdifferencesn the
samplemeansof algorithmsandscenariogeflectdifferencesn the meansof the statisticalpopulationghat
they camefrom or arejust samplingfluctuations. This will help usidentify which algorithmandscenarios
performthe best.See([Fr68], [GHI6]) for details.

Mathematical Model Quality of Solution: We first describethe experimentfor the quality of solution,
i.e.,p4. We useatwo-factorANOVA modelsinceour experimentinvolvestwo factors:the algorithmsA;,
¢ = 1,2,3 and4, andscenariosS;, j = 1,2,3 and4. Following classicalstatisticsterminology we will
sometimegeferto algorithmsastreatmentsandthe scenariosasblodks We will useA to denotethe setof
algorithmsandS to denotehesetof scenariosFor eachalgorithm-scenaripairwe have 30 observationgor
replicates) Whentestingthe efficagy of the algorithms,we use4 algorithms,eachhaving 120 obserations
(30 for eachscenario)rom the correspondingopulation. The designof experimentusedhereis a fixed-
effectcompleterandomizedlodck. Fixed-efectbecausehefactorsarefixed asopposedo randomlydravn
from a classof algorithmsor scenarios.The conclusionsdravn from this modelwill hold only for these
particularalgorithmsandscenariosCompletampliesthatthe numberof obserationsarethe samefor each
block. Randomizedefersto the 30 replicatedbeingdravn randomly We wish to testthe hypothesis:

Is themeanquality of solutionprovidedby differentalgorithmsthe same againsthealternatve
hypothesighatsomeor all of thesemeansareunequal?

The modelfor randomizedlock designincludesconstantsor measuringhe scenariceffect (block effect),

the algorithmeffect (treatmenteffect) anda possibleinteractionbetweerthe scenariosandthe algorithms.
An appropriatemathematicamodelfor testingthe above hypothesids givenby: X, = u+ 7 + 8; +

(178)ij + €ijk- WhereX;;; is themeasuremer(p 4) for the kth samplewithin theith algorithmandthe jth

scenario; is thealgorithmeffect. 3; is thescenariceffect. (73);; capturegheinteractionpresenbetween
thealgorithmsandthescenariose;;, is therandomerror We useS-Plus [SPL98]softwareto runtwo-factor
ANOVA to testthefollowing threedifferenthypothesis.

1. Are themeangivenby the 4 differentalgorithmsequali.e. Hy : 11 = 75 = 73 = 74.
2. Are themeangyivenby the 4 differentscenariogquali.e. Hy : 81 = 82 = B3 = Pa.
3. Isthereary interactionbetweerthetwo factorsi.e. Hy : (73);; = 0.

The resultsof two-factor ANOVA areshavn in Table 3. In the following discussionwe explain the
meaningof eachcolumn. D F' refersto the degreesof freedom,S S refersto the sumof squaredieviations
from the mean. M S refersto the meansquareerror, which is the sumof squaredivided by the degrees
of freedom. The sumof squaredor the algorithmfactorcanbe calculatedas: SS4 = nJ%;(X;.. — X...)?
wheren is the numberof replicates,/ is the numberof scenariosX;.. is the meanof algorithm: acrossall
scenariosnd X ... is thegrandmeanacrossall algorithmsandscenariosRecallthatin our casen = 30 and
J = 4 yielding atotal samplesizeof 120.

Thesumof squaregor scenaridactorcanbecalculatedas: SSs = nI%;(X ;. — X...)? whereasbefore
n is the numberof replicates,I is the numberof algorithmsand X .;. is the meanof scenarioj acrossall
algorithms.Again,in ourcasen = 30 andl = 4. Thesumof squaregor algorithmsandscenaridnteraction
is: SSus = nNj%[Xyy. — (X... + 7 + B;)]>. HereX;;. is the meanof obserationsfor the algorithmi
scenarioj pairand7; and Bj arerespectiely the estimatedeastsquarevaluesof 7; and3;. The sumof
squareswithin” refersto the squarediifferencebetweereachobsenationandthe meanof thescenaricand
algorithmof which it is amember It is alsoreferredasthe residualsumof squaresThis canbe calculated
as:SSy = nXj ;X (X, — Yij.)g. Thetotalsumof squaress SS7 = SS4+ SSs+ SSas+ SSw. The
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PerformancéMeasureQuality of Solution(in %)
RR SF LF RO ScenaridMeans
Scenariol 711.248.68 721.299.73 731.297.97 741.297.78 7.1.286.02
Scenarid? Y12.246.91 722.:99.56 732.:98.38 Y42.:98.93 72:8594
Scenarid® | X;3.=45.69| X23.=99.25| X33.=97.10| X43.=98.82| X .3.=85.22
Scenaricd Y14.:46.99 y24.:98.03 734.:88.65 Y44.:93.4l Y.4.:81.77
Algo. Means| X..=47.07 | X,.=99.14 | X3.=95.51 | X,.=97.24| X..=84.74
Tablel: The MeanValuesof the Quality of Solution.
Performancéeasure RunningTime (in Megaticks)
RR SF LF RO ScenaricMeans
Scenarial 711:16333 721.:41.23 731.:24.57 741.:25.50 71:6366
Scenari® | X;9.=218.23| X22.=49.63| X32.=29.73| X42.=30.23| X .,.=81.96
Scenarid 713:18170 723.:45.70 733.:23.30 743.:26.43 73:6928
Scenarict 714:18433 724.:44.53 734.:27.00 744.:27.27 74:7078
Algo. Means| X{..=186.90| X,..=45.27 | X3.=26.15| X,.=27.36| X..=71.42

Table2: The MeanValuesof the RunningTime.

p-valuegivesthe smallestievel of significanceat which the null hypothesisanberejectec® Thelower the
p-value,thelesserthe agreemenbetweernthe dataandthe null hypothesis Finally the F-testis asfollows.
To testthe null hypothesisi.e. the populationmeansareequal ANOVA compareswo estimatesf o2. The
first estimateis basedon the variability of eachpopulationmeanaroundthe grandmean. The secondis
basednthevariability of theobserationsin eachpopulationaroundthe meanof thatpopulation.If thenull
hypothesiss true, thetwo estimate®f o2 shouldbe essentiallythe same Otherwisejf the populationshave
differentmeansthe variability of the populationmeanaroundthe grandmeanwill be muchhigherthanthe
variability within the population. The null hypothesisn the F-testwill be acceptedf the two estimatef
o? arealmostequal.

In atwo-factorfixed-efect ANOVA, threeseparatd?’-testsareperformed.Two testsfor thefactorsand
third for the interactionterm. If F-ratiois closeto 1, the null hypothesigs true. If it is considerablyjarger
implying thatthe variancebetweermeanss largerthanthevariancewithin a population the null hypothesis
is rejected.The F distribution tableshouldbe checledto seeif the F' ratio is significantlylarge. Theresults
in Table3 shav thatall the above threenull hypothesisarerejectedat ary significanceevel. Thisimplies
thatthe performancgmeasuredy p4) of at leastone of the algorithmsis significantly differentfrom the
otheralgorithms.Also, differentscenariosnale a differencein the performanceFinally, the scenariosand
the algorithmsinteractin a significantway. Theinteractionimpliesthatthe performanceof the algorithms
aredifferentfor differentscenarios.

Referto AppendixD for moredetailson whatcausedhe rejectionof null hypothesegandfor a similar
discussioron runningtime performanceneasure All the above analysiswasperformedwhile keepingthe
valueof e constantt 0.1. The performancef the randomizedoundingalgorithn? doesnot changen ary
significantway, bothin termsof p 4 andrunningtime whene variedfrom 0.1to 0.5. Soall theabove results
holdfor e = 0.1,0.2,0.3,0.4 and0.5; theresultsareavailablefrom theauthorsuponrequest.

2To obtaina p-valuefor say F.4, the algorithmeffect, we would look acrosshe row associatedavith 3 degreeof freedomin the
numeratorand464 degreesof freedomin thedenominatoin the F-distribution tableandfind the largestvaluethatis still lessthan
theoneobtainedexperimentally Fromthis value,we obtaina p-valueof O for Fi4.

3The otherheuristicsdo not dependn thevalueof .



Source DF | S8 MS | F-test | p-value
ScenaridBlock) 3 0.14 | 0.05 | 43.38 0

Algorithm (Treatment)] 3 | 22.78| 7.59 | 6792.60 0
Scenario:Algorithm 9 0.12 | 0.01 | 15.90 0
Residuals 464 | 0.40 | .0008

Total 479 | 23.45

Table3: Resultsof Two-Factor ANOVA: Thistableshaws resultsof two-factorANOVA wherethe factors
arealgorithmsandscenarios.The measuremeris the quality of solution,givenby p 4. The p-valuesshav
that the algorithm effect, scenarioeffect and the interactionbetweenthe algorithmsand scenariosare all
significantatary level of confidence.

Summary: The SFheuristicclearsthe mostcontractsalmostasgoodasthe optimalbut takesmorerunning
time ascomparedo LF andRO. However, it takesonly a quarterof thetime ascomparedo RR. As far as
scenariogo, first scenarioclearsmostcontractsin the leastamountof time. From a practicalstandpoint,
the RO heuristicseemdo be the best: it performsvery well bothin termsof runningtime and quality of

solution,andis trivial to implement.It performsvery closeto optimalin termsof clearingcontractsandyet

takesminimal time to do it ascomparedo the otheralgorithms. The RR algorithmgivesgoodtheoretical
lower bounds put doesnot seemvery appropriatgor real-life situationswherebothtime anda high fraction

of contractsatishctionareimportant.

7 Discussionand Concluding Remarks

We carriedoutanempiricalstudyto evaluatethe quality andrunningtime performancef four differentmar
ket clearingmechanismsOneheuristicwasbasedon usinga relaxationof integer linear programfollowed
by randomizedroundingof the fractional solutionto yield an approximatentegral solution. Experiments
suggesthat a basicversionof the algorithmis not likely to be practically useful, given the runningtime
andthe quality of solutionproduced.The resultis not entirely unexpected;it hasbeenobsened thatsome
approximatioralgorithmsthataredesignedo work in theworstcasemaynot have avery goodaveragecase
behaior. We alsostudiedthreedifferentsimpleheuristics:experimentaresultssuggesthateachis likely to
performbetterthanthe theoreticallyprovableapproximatioralgorithm. This is in spite of the factthatit is
very easyto construcinstancesvherethe heuristicshave unboundedlypoor performanceyuaranteeOneof
theheuristicsitherandom-oder heuristicwasstudiedto emulatea simplefirst-comefirst-sene typeclearing
mechanisnthatis currentlyemployed by the CalifornialSO. The heuristicperformssurprisinglywell when
comparedto a boundon ary optimal solution obtainedvia linear programming. The resultssuggesthat
this simple clearingmechanisncurrentlyemployed might resultin nearoptimal utilization of the network
resourcesOur overall assessmeris thatfor the purpose®f developinglarge scalemicroscopicsimulations
of thederayulatedpowerindustry thethreeheuristicmethodgive suficiently goodperformancén termsof
the quality of solutionandthe computationatime requirement.
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Appendix

A lllustrati ve Examples

Someunusuakharacteristicef our problemsarenow describedfollowing [CF+97].

Example 1. This exampleillustratesthe issuesencountere@sa resultof dergulation. Figure 1(a) shavs
an examplein which therearetwo power plants A and B, andtwo consumers.Let us assumehat each
consumehasademandf 1 unit. Beforederayulation,sayboth A and B areownedby thesamecompap. If
we assumehattheplantshave identicaloperatingandproductioncosts thenthedemandsanbe satisfiedby
producingl unit of powerateachplant. Now assumé¢hatdueto dereyulation,A andB areownedby separate
companiesFurtherassumehat A providespower ata muchcheaperateandthusboththe consumersign
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Figurel: Figuresfor Examplesl and2.

contractswith A. It is clearthatboththe consumersiov cannotgetpower by A alone. Althoughthetotal
productioncapacityavailableis morethantotal demandandit is possibleto routethatdemandhroughthe
network undercentralizeccontrol, it is not possibleto routethesedemandsn a dereyulatedscenario.

Example 2. Here,thegraphconsistsof a simpleline asshavn in Figure1(b). We have threecontractsach
with a demandof 1. The capacityof eachedgeis alsol. A feasiblesolutionis f(s1,t3) = f(s2,t1) =
f(s3,t2) = 1. Thecrucial point hereis thatthe flow originating at s; maynotgoto ¢; at all — sincepower
producedat the sourcesareindistinguishablethe flow from s; joins a streamof otherflows. If we look at
the connecteccomponentsnducedby the edgeswith positive flow, we may have s; andt; in a different
component.Thuswe do not have a pathor setof pathsto roundfor the (s;, ¢;)-flow. This shavs a basic
differencebetweerour problemandstandardnulti-commodityflow problems andindicatesthattraditional
roundingmethodsmaynot bedirectlyapplicable

B Worst-CaseExamples

The threeheuristicmethodsof § 3 canbe shavn to have worst caseperformancehatis Q(n). Example4

shaws thatall the heuristicscanperformpoorly w.r.t. an optimal solution. This is not too surprisinggiven

thattheoptimalsolutiongetsto look atall of theinputbeforeclearingthecontracts Thenext setof examples
aredesignedo shawv thatthereareinstancesvhenonesolutionstratgy beatsthe othertwo, implying that
thereis no dominatingsolutionstrateyy.

Example 4: Considera network with two nodesA and B joined by an edge(A, B). The capacityof

the edge(4, B) is C, wherel < C < min{n/(n — 2),2}. Therearen (assumen is even) contracts
(s1,t1),---,(Sn,tn). OddnumberedContractshave demandof 1 unit andthe sourcesand sinks of these
contractsare distributed asfollows: Node sourcessy, s3,...s,—1 arelocatedat node A andtheir corre-
spondingconsumersy, t3, . . . t,—1 arelocatedat B. Let us call this setOdd-Set For the even numbered
contractydenotedeven-set)we have ademandof 1 + % per contractandthe sourcesink locationsarere-

versed:thesourcesrelocatedat B andthesinksat A. Notethat(i) All Odd-setcontractshave demandhat
is lessthanevery contractin Even-Set(ii) In theabsencef ary othercontractsonly one Odd-setcontract
canbeclearedwlog we sayit is (s1,t1)). (iii) Similarly, exactlyoneEven-setontractcanbeclearedf there
areno Odd-setcontracts.

Now considerhonw mary contractscan be satisfiedby the eachof three heuristicmethods. (i) The
SMALLEST-FIRST HEURISTIC will clearonly one contract(sy,¢;). (i) The LARGEST-FIRST HEURIS-
Tic will alsoclearexactly onecontract(ss,, t2). (i) RANDOM-ORDER HEURISTIC will alsoperformpoorly
with high probability Thisis becausegf the n! waysto arrangethe contractsjt canbe shavn thatonly a
negligible fractionof theordersaregood.(iv) An optimalsolutioncanclearall the contractssimultaneously
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sincetheflows from Odd-setappropriatelycancelthe flows from Even-Set Thusperformanceguaranteef
the SMALLEST-FIRST HEURISTIC andLARGEST-FIRST HEURISTIC is Q(n). The performanceguarantee
of RANDOM-ORDER HEURISTIC is also2(n) with high probability

Example 5: Again, we have a singleedgeasour network. Denotethe edgeby (A, B) asbeforewith the
endpointdbeing A andB respectiely andtheedgecapacitybeing1 unit. We have n contracts As beforewe
divide theminto Even-SeandOdd-setof contracts The contracts’demandsreincreasingthei*” contract
hasdemandl + (i — 1)¢, wheree is chosersothat0 < € < 1 and(n — 1)e > 1. It is clearthat SMALLEST-

FIRST HEURISTIC canclearall the contracts,while LARGEST-FIRST HEURISTIC can clear exactly one
contract.Again simplecalculationshavs thatRANDOM-ORDER HEURISTIC will performpoorly with high
probability

C Detailsof the ILP rounding

We now presentetailsof thelLP roundingprocedurefollowing [CF+97].

(MFP) Maximize >
1ER
subjectto

Nx < b Q)

z; € {0,1} VieR 2

Zie > 0 VieR, ec E (3

Zzi,e < ce Vee E (4)

K3
Zie < cr; Vee E,ie R (5

Linear programformulation: Let N*(v) and N~ (v) denotethe setof directedoutgoingandincoming
edgesncidenton v respectiely. We have two indicatorvariablese; for eachcontract betweerpairs(s;, t;),
andindicatorvariablesz; . for each(s;, t;) pairandeachedgee. Theintendedmeaningof z; is thatthetotal
flow for ( s;,%;) is d;z;; andthe meaningof z; . is thattheflow dueto the contractbetween(s;, t;) onedge
e is z; .. Wewill sometimesisez; . to denotethe flow associatedvith the pair (s;, ¢;). Also recallthatwe
assumehatthe sourcesink pairsfor eachcontractaredistinct. In the integral versionof the problem,we
will have z; € {0,1}.

Constraint(1) is just shorthandfor the usualflow constraintsfor all (s;,¢;) andsaysthat (i)The total
incomingflow z; . into ¢; is d;x;, andthetotal outgoingflow z; . from s; is alsod;z;. Thisin particularrelates
thevariablesz; . to z;. It stateghat > z.— >z = diz; Vie Rand > 2z -

(e)eNT(s:) (e)€N~(ss) (e)EN~(ti)

Z zie = diz; Vi € R (ii) for all verticesv notin {s;, ¢;}, theincomingflow of type z; . i.e. flow
(e)eNT(t:)
dueto the contractpair (s;, ¢;) equalsthe outgoingflow.

Constraint(2) imposesthe 0/1-contractsatishction rule. Constraint(3) saysthat the flows are non-
negative. Constraint(4) saysthatthe total flow correspondindo all source-sinkpairson anedgedoesnot
exceedits capacity Finally, constraint(5) saysthatthe flow dueto ary particularcontractover an edgee
doesnot exceedthe fractionalcapacityof thatedgew.r.t. the 0/1-contracsatishctionof thatcontract.

PerformanceGuarantee: We briefly discusghe performanceguaranteef theabove algorithmfor thesingle
sourcecase. Let E, bethe “bad event” thatedgee’s capacityis violated. i.e., that E, := Pr( Z (1-
:Y;=1
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Basic Grid

@ Generating Plants (Sources) M Substations (Transship & Sink Nodes)

Figure 2: This shawvs the network with nodenumberedas they are referencedn all scenariosand edge
capacitiedabeledat valuesusedfor Scenariosl & 2. The placemenbf the nodesandedgesarewhatis
probablythefinal form. The leasthumberof edgescrossandthe nodesin the upperright are spreadout a
little bit maintainingthe generafeel of the distribution while allowing easiereading.
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Figure3: Shows the network with the maximumcapacitieof the nodesandedges.The arrows indicatethe
direction of the flow andthe numbersassociatedvith the edgesshav the flow values(not the capacities).
The edgeswith no flow have beenchangedo dottedlinesalthoughoneor two of the dottedlines maylook
solid.
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€)zie/Te) > c.. Let F bethe “bad event” that the objective function becomeseally small: i.e., F :=
Pr(y; w;Y;) < y*/(10X) wherey* is the LP optimalvalue, ", w;z;. Define€ := (V cp Ee) V F. Itis
clearthat Pr(€) v Pr(€) = 1. But€ = A.cp E. A F, i.e. € representshe eventthat (i) No edgecapacity
is violatedtoo muchand (ii) theobjective functiondoesnotbecomesmall. Thus,we wantto shawv thatfor a
suitable) > 1,
pr&)=Prr(\/ E.\|F) <1, (2)
eck

which would imply that Pr(€) = 1 — Pr(€) > 0. We would have thusdemonstratethat thereexists one
pointin the spaceof all integral roundedsolutionsthatis good We will shaw thatthis is indeedthe caseby
usingthe FKG inequality In particulay we will shav thattheeventsE, arepositivelycorrelatedandsatisfy
the conditionsin the FKG inequality Specifically we shaw that

Vee E Pr(\ E.) > [] Pr(E.). (3)
eckE eckE
Usingthisit sufficesto shav that

Pr(\/ E.\/ F) < Pr(\/ E.) + Pr(F) <1—([[(1 — Pr(E.))) + Pr(F) < 1. (4)
€ € €

EachPr(E,) and Pr(F') canbe upperboundedby a Chernof bound. By following the proof of Theorem

2.2in [Sr97] andalsousingthe ideasin [Sr95 packing/ceering, if we take A to be ¢(m /y*)(1~€)/¢ for a

suitablylarge constant suchas10, thenwe canshaw that(x) is true; we canalsocomputethe roundingin

deterministiqpolynomialtime. Herearetheideasin brief. Basically we canupperboundPr(E.) asfollows.

We wantto upperbound

Pr( Z (1 —¢€)zief/ze) > Ce = Pr(Z(zi,e/(cemi))Yi) >1/(1—¢€).

iY;=1 i

(whichis truesincethesummationis doneover:.) Fromconstraintg4) andlinearity of expectationswe get
EYi(zie/(cexsi))Ys] = %f—m < 1/A. Fromconstrainty5), z; ./(cex;) < 1. Thus,we have asumS of
independentandomvariableseachlying in [0, 1]; E[S] < 1/X. Wewantto upperboundPr(S > 1/(1—¢));
by standardChernof analysis this is at mostO(1/AY(1=9)), Thus,for all e, Pr(E,) < O(1/X/(1-9)
Similarly, Pr(F) canbe upperboundedby e~ ©@+/) by Chernof. Pluggingthesein Equation4, we can
verify thatif X\ = ¢(m/y*)(~¢)/¢ for asufiiciently large constant, thenEquation4 holds.

D Statistical Tests

D.1 Contrasts

Thenext questionof interestis whatreally causedherejectionof the null hypothesisWhatarethe sources
of significantdifferencesthat gave rise to the overall significance. Justknowing that at leastone of the
algorithmsis differentdoesnot helpusidentify which algorithmis significantlydifferent. To answelithis we
usea procedurecalledcontrast A contrasiC amongthe I populationmeandu;) is alinearcombinationof
thekind: C = ;i = aqpu + asps + - - - + arpr suchthatthe sumof contrasticoeficients,;a; = 0. In
theabsencef true populationmeanswe usethe unbiasedsamplemeanswvhich givesthe estimatedcontrast
as:C = %0, X; = a1 X1 + ao X9 + - - + a; X1 Thecontrastcoeficients,ay, as, - - -, ar arejust positive
andnggative numbersthat definethe particularhypothesigo be tested. The null hypothesisstatesthat the
valueof parametefor every contrasts zero,i.e., Hy : C = 0. Thevalueof the contrasts testedby a F-test
to seeif the obseredvalueof the contrastis significantlydifferentfrom the hypothesizedalueof zero.
From Table 1, it is clearthat the randomizedroundingalgorithm (RR) is differentfrom all the other
algorithmsfor all four scenariosOn anaverage RR algorithmsatisfiesA9% lesscontractshanthe Largest-
First (LF) heuristicand 50% lessthanthe Random-OrdefRO) heuristicand 52% lesscontractsthanthe
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Smallest-First(SF) heuristic. The differencebetweenSF RO and LF heuristicsappearsonly marginal.
Basedon this obseration, we constructedhefollowing contrasthattestsif RR is statisticallysignificantly
differentfrom the otherthreealgorithms:C1q = 1 (X5..) + #(X3.) + 3(X4.) — X1..

Using the value of algorithmmeansfrom Table 1 we cancalculatethe value of C1¢g (Q standsfor the
quality of solution)to be equalto 0.50% The sumof squaresf a contrastis expressedas: SS(Cig) =

E(C(;?/);V Hereq; arethe coeficientsof the contrastand N; = 120 is thenumberof obserations(i.e. sample
poiﬁtsfor eachalgorithmacrossall scenarios). This resultsin SS(Cig) = 22.68. Now we canusethe
following F-testto seethe significanceof thecontrast:SS(Ciq) /M SE ~ F(1,464)

MSE standsfor the meansquareerror of the residuals. The contrasthasone degree of freedomand
residualshave 464 degreesof freedom(seetable3). F = 22.68/.0008= 28350,sincethe obsered value of
F-testis greaterthanthecritical F-valuegivenin the F-distribution table,for ary significancdevel, thenull
hypothesiss rejected.This confirmsour earlierobserationthatthe RR algorithmis significantlyinferior in
performancecomparedo the otherthreealgorithms. The sumof squaref SS(Cig) = 22.68 shawvs that
98% of thevariationin factorssumof squaregtotal factorssumof squaredeing23.05i.e. total SS- residual
SS,seetablel) is dueto thedifferencein RR algorithmversusthe otherthreealgorithms.

Table 1 shavs that the first threescenarioxlearabout86% of the optimal numberof contractswhile
underthefourth scenariothe numberof contractsclearedis lessthan82% of the optimal. Eventhoughthe
differencan thenumberof clearedcontractss notverybig, onewouldbe curiousto find outif thedifference
in performancainderthefirst threescenariosversusthe fourth scenarids significantor not. To answerthis
we createdhefollowing contrastwhichis orthogonal to thefirst contrast(Ciq):

Cog = +(X.1.)+3(X 2) + 3(X 5.) — X 4. Justlike C1 o, we cancalculatethevalueof Cog usingtablel.
SS(Caq)/MSE ~ F(1,464) = 0.14/.0008 = 175 Again, thenull hypothesiss rejectedmplying thatthe
fourth scenariais indeedsignificantly differentfrom the otherthreescenarios.Now we look at two more
contrastto checkif SFandLF aresignificantly different(C3g) andLF andRO are significantly different

(Caq).

CgQ = 72.. — 73..,C4Q = 73.. — 74..
SS5(Csq)/MSE ~ F(1,464) = 2.178/.0008 = 2722.5
SS5(Caq)/MSE ~ F(1,464) = 1.038/.0008 = 1297.5

For bothC3g andCsq, the obsered value of the F-testis greaterthanthe critical F-valuegivenin the
F-distribution table thenull hypothesisn bothcasesarerejectedmplying that, SFprovidesabettersolution
thanLF andalso,RO performssignificantlybetterthanLF.

In summaryall algorithmsshaw significantlydifferentperformancavhenmeasuredn termsof quality
of solution.Onanaverage the bestsolutionis givenby the SFheuristicandtheworstby the RR.

D.2 Running-Time

Tables4 and 2 shav resultsof the sameexperimentwhen performanceas measuredy the running time
of the algorithm. The factors,numberof obsenrations, kinds of tests, everything remainedthe sameas
beforeexceptthe performancemeasure.Table 3 resultsclearly demonstratéhat differentalgorithmstake
significantly differenttime to run and different scenarioshave significantly different running time. The
interactionterm s significantat ary level of confidencemplying that the runningtime of an algorithmis
differentfor differentscenarios.

Table 2 shavs thatthe RR algorithmtakes noticeablymoretime to run ascomparedo the otherthree
heuristics AmongthethreeheuristicsLF andRO take aboutthe sametime but SFtakesaboutl9 megaticks

“Thetablevaluesareshavn in percentagesut herewe useactualvalues.

5Two contrastL’; andC, aresaidto be orthogonalif the sumof the productsof their correspondingoeficientsis zero. It is
desirableto have independentr orthogonakontrastdbecauséndependentestsof hypothesesanbe madeby comparingghemean
squareof eachsuchcontraswith themeansquareof theresidualdn the experiment.Eachcontrasthasonly onedegreeof freedom.
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Source DF SS MS F-test | p-value
ScenaridBlock) 3 21152 7050.8 56.97 0
Algorithm (Treatment)] 3 | 2161199| 720399.8| 5821.07 0
Scenario:treatment | 9 28156 3128.5 | 47.78 0
Residuals 464 | 30381 65.5
Total 479 | 2240888

Table4: Resultsof Two-Factor ANOVA: Thistableshaws resultsof two-factorANOVA wherethe factors
are algorithmsand scenarios.The measuremernis the runningtime of the algorithm. The p-valuesshav
that the algorithm effect, scenarioeffect and the interactionbetweenthe algorithmsand scenariosare all
significantatary level of confidence.

morethanthe LF andRO. Similarly, scenario3 and4 take aboutthe sametime but scenariol and 2 look
different. To testall the above mentionedobserations,we createthe following differentcontrasts:Cy; =
%(72) + %(Y;;) + %(Y4) —X1..,C = %(73) + %(74) —X2.,C3 = X3. — X4..,Csp = X.1. — X 0.
All the abore contrastsare orthogonalto eachother The first contrast,Cy; (heret standsfor running
time), checksf theRR algorithmtakesmoretime to runthanthe otherthreeheuristics.Thesecondontrast,
Co, Will find if the SF heuristicis significantlydifferentfrom the LF andRO heuristic. The third contrast,
Cst, checksif the LF andRO heuristicstake aboutthe sametime to run. Finally, contrastCy;, checkif the
first scenaridakeslesstime to runthanthesecondscenario.Theresultsof all thecontrastareshavn below.

SS(C1y)/MSE ~ F(1,464) = 2133700.9/65.5 = 32575.5

$5(Cot)/MSE ~ F(1,464) = 27424.4/65.5 = 418.69
$5(Cs)/MSE ~ F(1,464) = 72.6/65.5 = 1.11
$S(Cy)/MSE ~ F(1,464) = 20093.4/65.5 = 306.76

As canbe seenby looking at the F-distrilution table, all the abose contrastsexceptCs; shav thatthe
obseredvalueof the F'-testis greaterthanthe critical F'-value.Hencethe null hypothesis.e. Hy : C;s = 0
where: = 1, 2,4 canberejectedat ary level of significance.This confirmsour earlierhypothesighatRR
indeedtakeslongerto run thanthe otherthreeheuristics. SF takes moretime to run thanthe LF and RO
heuristicsandthe secondscenaridakessignificantlymoretime to run thanthefirst scenario.

The meandifferencein runningtime acrossdifferentalgorithmsshaws that all algorithmsare signif-
icantly differentin termsof runningtime exceptfor the Largest-krst and the Random-Qder heuristics.
Thesewo heuristicsake aboutthesameime to run andindeeda contrastonei.e. Cs; onLF andRO proves
thatandthe null hypothesisHj : C3; = 0, is accepted.

Therandomizedoundingalgorithmtakessignificantlymoretime to runthanary of the otherheuristics.
Thegapin runningtime narravs whenRR is comparechgainsiSE RR takes 141 megaticksmoretime than
the SF heuristic,160 megaticksmorethanthe LF andRO. SFtakesmoretime to run thanLF andRO but it
clearsmorecontractdhanLF andRO.
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