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Abstract- In this reseach we consider the problem
of scheduling rounds of a non-professionaltable-tennis
league. We formalize the problem in terms of a
timetabling optimization problem. Then we solve this
highly constrainedproblemwith a permutation basedGe-
netic Algorithm for which feasibility presewing operators
are defined. Since coding and operators cannot warrant
feasibility in every case the fitnessfunction penalizescon-
straint violations. This algorithm is compared to an even
more elaborated variant, which additionally aims at re-
pairing infeasible solutions producedby the geneticoper-
ators.

1 Intr oduction

Althoughavarietyof solutionapproachet sporttimetabling
problemshave beenproposedtheproblemconsideredn this
researchdifferssignificantlyfrom otherproblemsreportedn
literature,cf. [1, 8, 12, 15, 17].

The subjectof this researchs the generatiorof datesfor
gamesbetweentwo teamseachwithin a round of a table-
tennisleague. Thegamedo bescheduleadtannotbe assigned
onaweeklybasisasis commone.g.for professionafootball
leagues. Rather the gamesfor the non-professionatable-
tennisleaguemaybe spreadunevenly throughoutheseason.

A diversification of disciplines has causedan increas-
ing demandof accesgo gymnasiumswhich in turn hasled
to drasticshortage®f gymnasiumaccesdor the individual
table-tennigeams. Typically the gymnasiumaccessharely
suficesto cover all homegamesrequiredfor around. As a
consequenceeamssuggespossiblecandidatelatedor home
gamesn adwance.

Sinceschedulingon the basisof regulardatess notappli-
cable,teamsmay be suspendedt certaindatesdueto non-
availability of sportsmerfe.g.causedy theincreasingdistri-
bution of working hourslik e shift or weelendwork). There-
fore eachteammayenteralist of suspensiodatesn advance
expressingnon-availability asaway teamat certaindates.A
decreasingiumberof possiblehomegamescontrastwith an
increasinghumberof suspensiomlates.

In order to warrant a roughly uniform distribution of
gamesthe planninghorizonis separatedhto intervals. The
teamsinvolvedin aleagueareforcedto suggestiatesof pos-
sible homegamesand suspensiomatessuchthata minimal
numberof gamescanbe performedwithin eachinterval and
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amaximumnumberof gameanustnot be exceeded.

Within a round a teami playstwice againstevery other
teamj: If i playsat homeagainst; in the first half round,
thenin the secondhalf round: plays an avay gameat the
gym of j andvice versa. The planninghorizonwe consider
in this researcthis restrictedto just one half round, because
the teamscannotprovide reliable datafor the time spanof
a completeroundin advance. Thus,for our purposeteams
playsagainsteam;j exactly once.

For the half round under considerationan assignment
schemads derivedprescribingthe gamesgo perform. Theas-
signmentschemeis chosenin a way suchthat the number
of homegamesandaway gamesareapproximatelyequalfor
all teams.In the forthcominghalf roundthe homeandaway
gamef teamswill be determinedustthe oppositeway. An
exampleof anassignmenschemewith four teamds givenin
Fig. 2.

Theheadof theleaguegeneratea scheduldor thecurrent
half round by assigningdatesto the eventsteam i plays at
the gym of ¢ against team j. Therebypossiblehomegames
and away gamesuspensiongnteredby the teamsare taken
into account. Until recentlythe generatiorof scheduledas
beendonemanually However, theincreasingcomplexity has
motivatedthe developmenif anautomatedrocedure.

2 Problem Modeling

In the following we formalize the problemunderconsider
ation and make an abstractiontowardsa timetablingmodel.
Thenwe describerelevant constraintsand derive a suitable
objective function.

We considera setof teamsT of size|T| = n with team
i € T. A(n) C T x T is anassignmentschemefor a half
round,if V(i,5) € A(n) holds: (i,j) € A(n) & (j,i) ¢
A(n). An element(i, j) € A(n) is interpretedcasthe games
plays at home against .

From a timetablingviewpoint we conceve the elements
of A(n) asschedulablevents,cf. [16]. S = {1,...,k}is
calleda season By, B2, B3 C S is a partition of seasonS
into intervals, if By U Bo U B3 = S and By, B>, B3 are
pairwisedisjoint. We denoteB; theith interval of the season
S.

The gamesare integratedinto a seasorby meansof the
following construct. P C S x A(n) is calledschedulg if
thefollowing holds: V(3, j) € A(n) thereexists exactly one



t € S, suchthat(¢,4,j) € P. Thus,eachgame(s, j) hasto
be scheduleaxactly once.

In the following we describethe relevant sets of con-
straints,which have their origin in the table-tennisrules of
Germary[9]. Thelattertwo setsof constraintaddresgossi-
ble (anddesired)datesof games.

a) onegameat a date only: At eachdate(day)only one
d ly: A hdate(d I
gamemaybe scheduledor eachteam.

(b) distribution of games: For eachinternval B; at least
nmin gameshaveto bescheduledor eachof theteams.
Similarly, the numberof gamesa team plays cannot
exceedn .« for aninterval.

(c) possiblehomegamedates: A team: determinegpos-
sible homegamedates,i.e. events(i, *) € A(n), but
not its rivaling away teams. More datesthanactually
requiredcanbe suggestedor homegamesn D; C S.

(d) suspendedaway gamedates: A team: determines
setof datesR; C S of non-availability, calledsuspen-
siondatesin this context. The elementdn R; restrict
the setof possibleaway gameg(x,1) € A(n).

A scheduleP is feasibleif it obeysto theconditions(a) —
(d). It is aimedatgenerating feasiblescheduldor thegiven
setsT, A(n) andS = B; UB>UBj3 while consideringD; and
R; with i € T'. Thegamesf eachteamshouldbedistributed
regularly on thetime axis.

Notice, that the partition of S merelywarrantsa roughly
uniform distribution of thehomegamesf teami € T within
a season.Theassignmenbf datesto the homegamesof the
teamswith respecto theseparatiorB, , B2, B3 only doesnot
guarantythatfor eachsingleteam: condition(b) is satisfied.

The measureof regularity remainsasan openissue. For
our purposeeachteamdeterminegninterval lengthd; spec-
ifying the desirednumberof datesbetweentwo games.We
assumehatfor eachteams thedatestt, . .., ¢, _, determine
a sequencef gameswith t{, < t? .. Thusfor eachteam
individually

n—2
fii=) max{0,d; — (ti,, — i)} (1)

i=1

shouldbe minimized. We obtaina global view by sum-
ming up thevariousf; in the objectve function Z:

2(P) =Y fi )
=1

We cansummarizeéhe problemunderconsideration:

min Z(P), 3)

subjectto

(t,i,r) ¢ PVre T\ {j}
(t,i,j) € P = A (4)
(t,r,j) ¢ PVreT\{i}
VieT:
Nmin <|P N [(Bjx{i}xT)U(B;xT x{i})] |< nmaz  (5)
forallj =1,2,3

(t,i,j) € P=t€ D;NRY =: Dy (6)

The highly constrainednodelimplies that two problems
have to besolved. First, feasibleschedule$ave to beidenti-
fied. Then,amongthe feasibleschedule®newith the mini-
mum Z (P) hasto befound.

3 GeneticAlgorithm

GeneticAlgorithms(GAs) have alreadybeenusedfor almost
a decadéfor the automatedyeneratiorof timetables[§. Re-
centbookssuney the stateof the art[4, 5]. The main dif-
ficulty in applying GAs to timetablingproblemsis the exis-
tenceof mary andoften intricate constraints. Several solu-
tions to this issueproposedare comprehensiely discussed
in[14].

In casethat only a small fraction of the searchspaceis
infeasible,we may simply ignorethesesolutions. However,
in practicethis will berarelythecase As aremedyagenetic
codingmay be found, which solely allows the representation
of feasiblesolutions.In generalasmary infeasiblesolutions
aspossibleshouldbe excludedfrom the searchby meansof
asuitableproblemcoding.

Geneticoperatorshave a crucial impact on the perfor
manceof the algorithm. Besidethe issueof solution char
acteristicinheritance the preseration of infeasibility plays
animportantrole in the designof problem-specifioperators.
Typically, in additionto the setupof the initial population,
cross@erandmutationoperatordave to be designed.

Infeasibility can also be avoided by repairinginfeasible
solutionsafter applying operators. Sincethe identification
of a feasiblesolution may requirea search for timetabling
problems[], repair proceduresoften aim at certain con-
straintsonly anddo not guarantedeasibility.

Finally the violation of constraintscan be penalizedby
meansof thefithessfunction. It is hopedthatselectiondrives
outinferior (infeasible)solutionsover the courseof the run.
However, thedegreeof penaltyfor thevariousconstraintsn-
volvedis highly problem-dependerandis therefordeft asa
matterof experience.

In practice,differentapproachesnay be combinedin or-
der to produceacceptablaesults. Carehasto be taken to
balancethe occurrenceof infeasiblesolutionsandthe exclu-
sion of feasiblesolutionsadequately An overly restrictive
approachto the feasibility issuemay exclude feasibleparts
of the searchspacefrom beingsearchedin this casethe GA
may suffer from therestrictve assumptionsnade.



For the problemunderconsideratiomeithera feasibility
preservingcodingnor operatorsareknown which canrestrict
searcho thefeasibledomain.Repairof aninfeasiblesolution
will requirebacktracking Sincewe cannotwarrantfeasibility
in every casewe penalizeconstraintviolationsappropriately

In the remainderwe describeproblem-specificcompo-
nentsof our GA approacto thetimetablingproblem.

3.1 Coding

Consider the assignmentscheme A(n) with |A(n)] =
ﬂnz—_ll =: m. A schedules codedin a string of lengthm
suchthat eachallele carriesthe dateof a game. The alleles
arearrangedsuchthatall homegamesof team1 precedeall
homegamesf team2 andsoforth. Theneighboringalleles
containingall homegamesof team: € T arecalledtheith
segment

Within a segment of team ¢ the gamesare sorted by

increasingj € T of the correspondingaway teams.

For A(4) = {(1,2), (1,4), (2,3),(3,1), (3,4), (4,2)} with
|A(4)| = 6, Fig. 1 showsthe encodingof the scheduleP =
{(87 17 2)7 (13, 1’ 4)) (77 27 3)7 (87 37 1)1 (2’ 37 4)7 (7’ 47 2)}

hometeam 1 2 3 4
avayteam| 2| 4 |3 |1]|4]|2
dateofgame| 8 | 13| 7| 8| 2| 7

Figurel: Codingof scheduleP as“datesof games”.

By definition we restrictthe domainof game(, j) tot €
D;; in accordancéo (6).

3.2 Operators

OnecandepictA(n) in matrix-notationcf. Fig. 2. Sincethe
ith row correspondso thehomegamesq(s, ) andthesth col-
umncorrespond$o theaway gamegx, i), all datesoccurring
in theith row andthesith columnmustbedifferentfrom each
otherin orderto satisfy(4).

awayteam away team
1]12|3]4 1123 4
g 1 H H 8 13
% 2 H = 7
£ 3 H H 8 2
277 H 7

Figure2: Matrix-representationf assignmenschemeA(4)
(left) andthe schedulgakenfrom Fig. 1 (right)

In the following we differentiate two aspectsof (4),
namely“row feasibility” and“column feasibility”. Row fea-
sibility addressethe distribution of homegamesof teams,
i.e. (tl,i,jl),(t2,i,j2) e P andj1 75 Jo =1 75 ts. Col-
umnfeasibility addressethe distribution of away gamesj.e.
(tl,jl,i),(tz,jz,i) € P andj; # jo = t1 # ta. Column

feasibility can be extendedto completefeasibility with re-
spectto (4) by consideringcombinationsof homeandaway
gamesof the sameteami.e. either (¢1,1, 1), (t2,72,%) Or
(tl’jlai)a (t27iaj2) EP andjl 7é j2 =1 5& ta.

Sinceall datesof homegameof ateamarestoredconsec-
utively in onesggmentof the coding,row feasibility is quite
easyto achieve for geneticoperators Column-andcomplete
feasibility will beaddressethteron by therepairprocedure.

Initial Population We generatethe initial population of
schedulesby assigninga datet € D;; for every game
(i,j) € A(n). Dueto the simplicity of the approachgven
row feasibility is notachiezedin every case.

Crossaer Thisoperatopreseresrow feasibilityonasyn-
tacticalbasis. The operatorpreseresa locally feasiblesey-
mentby inheriting segmentsasa whole. We canthink of a
cross@erascombiningentirerows of two matriceswith one
another As a mostsimplevarianta one-pointcrosseer has
beenchosenwhich determines segmentboundaryfor cross-
ing atrandom for anexampleseeFig. 3.

Al A2 B3

Figure3: Segment-preservingne-pointcrosseer operator

Mutation The mutation affects a segment and therefore
canpresere row feasibility only by makinguseof problem
knowledge. We defineset H; C D;; consistingof all dates
currently assignechomegames(z, ). Mutation assignsan
arbitraryelementof D;; \ H; (if not ) to ahomegameof

choseratrandom.

3.3 Repair Procedure

Aswe have alreadyoutlinedabove,acompletesolutionrepair
would requirecostly backtrackingtself. Hencewe focuson
constraint(4) only andtry to reducethe numberof multiple
assignmenof datesto gamesof ateam.

We aim at solution feasibility by resolving conflicts oc-
curringin thesth columnwith respecto otherentriesof this
columnandentriesof theith row. We try to repairthegames
successiely by choosingnew datesfor the away gamesof a
teamin caseof conflicts.

The proceduresketchedis controlled by a sequenceof
teams.Letp = (p1,...,p,) @ permutationof the elements
of thesetof teamsT'. We startwith the currentteamp; with
I = 1 andproceedby incrementing by 1 at eachstage. At
eachstagewe check(andrepair)the away gamef p; in the
orderinducedby thepartof thepermutatiorp;; to p,, (teams
p1 to p; have alreadybeenrepairedat formerstages).



(O) letk :=1

(1) testfor termination
if & < nthengoto(2) elsegoto(8).
(2) if (px,p1) € A(n) thengoto(3) elsegoto (7).

(3) testfor conflict
let ¢, thedateassignedo (px, p;) € A(n) in P.
if t; € V,, thengoto(4) elsegoto(6).

(4) testfor alternative
if £ € Dy \ [V,, U Hp, ] thengoto(5) elsegoto(8).
(5) replace(ty,i, pk,pi) € P by (¢, pk,p1)
addt to V,,, goto(7).
(6) addty; to Vp,.
(7) letk :=k + 1, goto ().
(8) terminateprocedure.

Figure4: Stagel of therepairprocedureproposed.

Letp;,l € {1,...,n — 1} betheteamto be repairedin
scheduleP. Let Hy, the setof homegamedatesof teamp;
currentlyassignedn P. LetV,, := Hp, UR,, U{(t € S |
(t,pj,m),J =1,...,1 — 1} thesetof datescurrentlyin use,
i.e. alreadyassignedo homegamessuspendedyr assigned
to away gamesof teamp;.

The procedureterminatesafter performingl = n — 1
stagesor prematurelyif a constraintviolation cannotbe re-
moved at a certainstagel. The actionsperformedat each
stagel arelistedin Fig. 4.

As an examplewe considerthe scheduleggivenin Fig. 5.
Let D; = {5,7,8}, D» = {2,5,7}, D3 = {1,4,8} and
Dy = {3,4,7}. The repairprocedureis controlledby the
permutatiorp = (3,2,4,1).

Theschedulas infeasiblesinceteam? is involvedat date
5 as away teamagainstteam 1 and as hometeam against
team3. In correspondenct® the matrix notation,the repair
ing proceedssgivenin tablel:

First,teamp; = 3 ischecledfor infeasibility. SinceH; =
{4, 8} (row 3) andthe only away game(5, 2, 3) considered
(column3) do not conflict, no actionis performed.

away team

|1[2]3]4]
£ 1 5 7
L 2 5
234 8
272 4

Figure5: InfeasiblescheduleP

Next teamp, = 2 is considered.H, = {5} (row 2) and
thetwo away gameg(5, 1,2) and(4, 4, 2) have to be consid-
ered(column2). Sincep;11 = 4, game(4, 4, 2) is considered
first. No conflict hasto be resoledandconsequentiyo ac-
tion is taken.

Tablel: Repairstepstakenfor scheduleP from Fig. 5
| stage| game] conflict | action |

1| (2,3) | no none
2| (42| no none
2| (1,2) | yes changeb and8 € D,
3| (1,4 | no none

Now away teamp; ;> = 1 is considered.We try to re-
solve a conflictbetweenH, = {5} (row 2) and(5, 1, 2) (col-
umn2). In orderto keepthe “row feasibility”, only datesof
D, = {5,7,8} aretakeninto account. Since5 hascaused
the infeasibility, and7 is alreadyin useby (7, 1, 4), the only
possibleresolutionis (5, 1,2) = (8, 1, 2).

If game(4, 2) would have assigneddate 8 in the above
scenariothentheconflictcouldnothave beenresolhed,since
game4 hasalreadybeenchecled at stage? before. In this
casewe would have terminatedherepairprocedure.

Finally we considerteamp; = 4 in stage3. Since
H, = {4} (row4)and(7,1,4) and(8, 3, 4) (column4) donot
conflict, no actionis performed. However, in this last stage
aconflictwith game(1,4) couldhave beenresohedbecause
ps = 1 succeedp; = 4in p.

We canexpectthatthedefinedproceduregeduceshenum-
berof constraintviolationssignificantly becausdét addresses
topics which are not alreadytreatedby the coding and the
geneticoperatorssofar. However, we limit its power dueto
reducethetime taken.

3.4 Fitness

Thefitnesspenalizesonstraintviolationswith respecto (5)
which have notbeenconsideredofar, and(4) for which fea-
sibility is not guaranteedseeabove). Constraint(6) is satis-
fied automaticallyby the chosercoding.

While decodinga schedulethe type and numberof con-
straintviolationsarerecorded Firstthe numberof violations
dueto (5) and(4) aresummedup in A and B respectiely.
ThenscheduleP is evaluatedn accordancéo function Z,

Z(P) = paA+ upB + Z(P).

Theconstantg. 4 andup weightthe penaltyof theviola-
tionsof thedifferentsetsof constraintsExperiencendicates,
thattheseweightshave to berefinedfor differentproblemin-
stancesn orderto producereasonableesults.

4 Computational Investigation

After having defineda suitablemodelfor theproblemathand
aswell ascomponent®f anevolutionaryalgorithm,we now
performa computationaktudy We parameterize GA with
the componentsiescribedn Sect.3 andpursuethe genera-
tion of a feasiblescheduleof at leastreasonableuality for



thesingleprobleminstancegivenin table4 andtable5 of the
appendix.

Obviously therepairproceduradefinedabove canplay an
active but computationallyexpensve partin the searchpro-
cess.Sinceits contritutionis notyetclear we performanini-
tial experimentwithout activatingthe repairprocedur§WR).

The repair proceduremay distort the searchprocess so
we controlits repairsequencédy randomdecisions(RR) in
a secondseriesof runs. Thenwe make the repairsequence
itself subjectto adaptation(AR).

In orderto asses#he problemdifficulty of thebenchmark
instancewefinally presentesultsachievedwith thecommer
cially availableILOG ConstraintProgrammingsolver.

4.1 GeneticAlgorithm Approach

We setthe populationsizeto 400 and run the algorithmfor
200 generations.Fitnessproportionalselectionis used,the
crosseerratep. = 0.6 is usedandanindividual is mutated
with probabilityp,, = 0.08.

The fitnessfunction is parameterizedvith 4 = 4 and
pup = 2, i.e. aviolation of (4) costs4 timesanda violation
of (5) costs2 timesof afall below d; in (3). This settinghas
beenverified experimentallyand may reflectpeculiaritiesof
theinstanceconsidered.

The resultspresentedare basedon 5 runs performedfor
eachparametessetting. If not indicated,the meanachieved
from theserunsis shavn. The experimentshave beenper
formedona Pentium500Mhz PC.

Adaptation Without Repair The populationmeanaver-
agedover the 5 WR runs performedcan be seenin Fig. 6.
Although reasonablgrogresscan be obsered in the early
stageof the adaptationfrom generation100 on the search
doesnot proceedary further By taking a look at the so-
lutions produced,we recognizethat the GA is not able to
remove constraintviolations completely Thusthe solution
guality gainedhasbeenachiezedby relaxingconstraints.
This obsenation pointsto a generalweaknes®f our fit-
nesspenalty A low penaltyis not recognizedcby adaptation
adequately— the searchprocessmay not enterthe feasible
domain.Onthecontrary alargefitnesspenaltywill drivethe
searchtowardsthe feasibledomain,but may not respecthe
contribution of the objective functionvalueadequately— the
populationcorvergesto afeasiblesolutionof inferior quality.

Random Repair Control The repair procedurewill help
to enterthe feasibledomainandtherebyalleviate the impact
of the fithesspenaltydilemma. However, a repairfunction
shouldnot beappliedblindly. Repairingthe phenotypeof an
individual withdraws a solutionfrom the genotypeintended
by the evolutionary process.Particularly if solutionsareal-
ways repairedin the sameway, the repair mechanismwill
drive the populationto a subsebf the searctspace.

In orderto avoid that areasof the searchspaceare ex-
cludedfrom searchdueto theimpactof therepairprocedure,

60

50

40

30

fitness

20

10

0
0 20 40 60 80 100 120 140 160 180 200

generation

Figure6: Meanfitnessachiezedby thethreeGA approaches.

its sequenceof actionsis controlledby a randomorder of
teamsin permutatiorp. In the RR algorithma permutatioris
perturbedeforeit is usedto controla solutionrepairin order
to avoid the effectdescribed.

We producefeasible solutions after 34 generationsas
pointedoutin table2. The bestobjective functionvaluesob-
tainedfrom the 5 runscarriedout areof superiorquality and
arewithin a pleasantlysmall range. However, the computa-
tion time increaseslightly dueto the executionof therepair
procedure.

Fig. 6 shaws that RR performsaswell, or slightly worse
thanWR in early stagesf the search.This canbe explained
by viewing repair as directed mutation, as it aims at re-
ducingconstraintviolations by introducingnew information
drawn at random. Directed mutationsmay be beneficialin
later stagesof the adaptationbecauseccasionaliolations
of constraintsare immediatelyeliminated. On the contrary
in earlierstagesmary constraintviolationsoccurleadingto
mary (directed)mutationswvhichin turnhindertheadaptation
progress.

Adaptive Repair Control It is obviousthatthe orderim-
posedby permutationp will affect the succesf the repair
procedureto a large extent. Preferenceshouldbe given to
thoseteams:i € T', which shav a) a relatively small num-
ber of entriesin D;, b) a relatively large numberof entries
in R;, c) mary entriesin D; which correspondo entriesof
R;,j € T\ {3}, d) mary entriesin R; which correspondo
entriesof D;,j € T'\ {¢}.

Table2: Measure®bsenedfor genetictimetabling(in sec.).
repairapproach

WR RR AR
bestindividual obsered 12* 9 5
worstbestind. obtained 13* 12 10

gen.of lstfeasibility — 34 32
computatiortimeused 65 78 85

* infeasible



Insteadof prescribinga randomp, we make p subjectto
adaptatiorin the AR algorithm. Thereforewe tie a permuta-
tionp = (pu,-..,pn) to eachof the encodedsolutions. Ini-
tially p is filled with randomsequencesSincea permutation
carriesthe samefithnessasits encodedsolution,it undegoes
the samecycle of crosseer, evaluationand selection. Mu-
tationsof the permutationsare not performed. As crosswer
operatorPPX (precedenc@resenrative crosseer) is applied
whichinheritsonehalf of the precedenceelationsof eachof
the parentgo the offspring[2].

The resultsshowvn in Fig. 6 justify this approach,AR
consistentlyoutperformsRR. Obviously, suitablecontrol se-
guencedor therepairprocedurarelearned Fromtable2 we
see,thatthe bestsolutionfound hasbeenimprovedimpres-
sively to 5 units.

Sincethepopulationof permutationss maintainedatneg-
ligible computationalcosts, it has beenimplemented(al-
thoughusedonly for AR) in RR andin AR. Thus, the dif-
ferencein runtimebetweerbothalgorithmsis obviously con-
sumedby therepairprocedurealthoughthe numberof calls
to this proceduras identicalfor RR andAR.

Recallthatthe repairproceduraerminategprematurelyif
a constraintviolation cannotbe repaired. Sincethe adapta-
tion of sequencefeadto a decreasinqiumberof premature
terminations the increasingruntime givesindirect evidence
for the succes®f the AR algorithm.

4.2 Constraint Programming Approach

In orderto assesshe GA capabilitieswe describethe prob-
lem at handin terms of a ConstraintProgramming(CP)
model[13. Recently CP solwers have becomecommer
cially available,which hasattractedsignificantinterestin CP
approaches[]01t hasbeenshaovnthatCPis particularlywell
suitedfor highly constrainedgchedulingandresourcealloca-
tion problemswheregenerating feasiblesolutionmaybea
difficult problemitself[3, 11].

The CP formulationof the problemconsideredn this re-
searchis straightforvard. Using the datasetsin the Opti-
mizationProgrammind.anguage[1Ballowsaformulationof
the problemcloseto the onegivenin Sect.2. SuccessfuCP
approachesay requirethe formulationof a suitablesearch
procedure Sucha proceduraleterminegheway the search-
treeis built andcanbe seenascounterparto the branching
decisionin theBranch& Boundparadigm[19.

A frequentlychosenway is to derive the directionof fur-
ther searchdynamicallyfrom the size of the domainof the
decisionvariables. A tentative assignmento the variable
with the currentlysmallesdomainleadsto aneffective prun-
ing of the searchiree by meansof the solver-engine. In our
researchwe extendthis conceptby giving preferencdo the
game(k,!) € A(n) with a)asmalldomainsize|Dy,| andb)
a large numberof alternatve gameswhich canbe scheduled
atdatet € Dy,.

Let M; = {Dyi|k = i VI = i} bethe setof domainsof
gamesat which teamsi is involved. Furthermordet b;; the

Table3: Resultsobtainedrom the CPapproach.
Z(P) fails  sec.
22 360 0.5
17 2203 1.0

15 4155 3.0
13 55920 80.2
11 156811 234.4

numberof gamesatwhich team; could participateat datet

b=y K}nFl. (7)

FeM;

The larger b;; is, the more conflicting assignmentshere
arefor gamesof teami on datet. Onthecontraryif by; = 1
thendatet canbe assignedo oneparticulargameof ; exclu-
sively.

We obtain a measurefor potential conflicts for game
(k,1) € A(n) by summingup by, andb;; over the elements
of thedomaint € Dy, in thefollowing way

Brt = Z (ber + btl)il- 8)

tE Dy

Everyt € Dy; makesa positive contributionto 3y, although
this contribution is decreasedvith an increasingnumberof
conflicts. Variableassignment$o gamesare donewith re-
spectto increasingly;, domainvaluest € Dy, aretestedin
the orderof decreasing;, + b;;. Experimentshave shown,
thatthedynamicdeterminatiorof 8x; doesnotoutperforman
initial staticcalculation.

Sinceconflicts are avoided by assigningpotentially con-
flicting datesearly, feasiblesolutionsof mediocrequality can
begenerate@dlmostimmediatelywith anegligible numberof
backtrackse¢f. table3. However, theruntimespentin orderto
obtainfurtherimprovementsdncreaseslrastically A reason-
ablesolutionquality of Z(P) = 11 alreadyefforts approxi-
mately4 minutesof computatiortime. Furtherimprovements
arecomputationallyprohibitive.

The CP approachsuffers from the enormoussize of the
spacesearchedy implicit enumeration.However, conclu-
sionscanbe drawvn concerninghe problemdifficulty. Since
evena highly sophisticatedearchprocedurdails to produce
nearoptimal results,the probleminstanceconsidereds as-
sumedto be challengingalsofor othersearchalgorithms.In
this specialcase the GA approachoutperformsCP with re-
spectto both,solutionquality andefficiengy.

5 Summary and Conclusion

Firstwe have formalizeda real-world sportschedulingorob-
lem asatimetablingproblem. Next we have developedsuit-
able componentdor a GeneticAlgorithm. Carehasbeen
taken to presere solution feasibility as far as possible. In

orderto make the resultingalgorithmlesssensitve to fitness



penaltyterms,a repairprocedurenasbeendeveloped.Since
a suitablecontrol of this proceduredependsn the problem
dataat hand,an adaptve control approacthasbeenapplied
successfully

The GA hasbeenusedfor almosttwo yearsin practice
now. Satishctoryschedulehave beengeneratedor eachof
theroundsin this period. Probablymoreimportantis thefact,
thatthedataenteredby theteamscanbeefficiently integrated
into an iterative planningprocess. Hencethe approachhas
earneda highreputationin theleague.

Futurework will includethe developmentof a graphical
userinterfaceanda databaseonnection.Probablymoreim-
portant,the algorithmicfeaturesdescribedn this paperhave
to beevaluatedmorethoroughlyon the basisof awide range
of testdata. Thereforea problemgeneratoranda measure
for problemdifficulty have to be developed.Theresultspre-
sentedn this paperencourageisto proceedn this direction.

Appendix

Table4: Timetablingproblemof Jan-Marc000.

no of teamsT ={1,...,10}
horizonD ={1,...,80}

interval By ={1,...,30}

interval B, ={31,...,59}
interval B; ={60,...,80}
distanced; =4,i€{2,3,5,8,9}
distanced; =3,i€{1,4,6,7,10}

min gameSiyi, in D; =2
maxgameSimax in D; =4

away team
[1]2[3]4]|5[6]7][8]9]10]
25] [32] |[4] |18
11

67 39
6 20
74 4
64
16 9

43

53 25

48 62

13 60 53

78 15 43

51 65 72

hometeam

61 57 71

77 42
51 9

40 4

70 35 21

37 23

O|O|O(N|O|OAfWN|F-

[EnY

47 67 32

Figure7: Bestsolutionwith Z(P) = 5 foundby the GA.
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