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Abstract- In this research 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 preserving operators
are defined. Sincecoding 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 infeasiblesolutionsproducedby the geneticoper-
ators.

1 Intr oduction

Althoughavarietyof solutionapproachesto sporttimetabling
problemshavebeenproposed,theproblemconsideredin this
researchdifferssignificantlyfrom otherproblemsreportedin
literature,cf. [1, 8, 12, 15, 17].

Thesubjectof this researchis thegenerationof datesfor
gamesbetweentwo teamseachwithin a round of a table-
tennisleague.Thegamesto bescheduledcannotbeassigned
ona weeklybasisasis commone.g.for professionalfootball
leagues. Rather, the gamesfor the non-professionaltable-
tennisleaguemaybespreadunevenlythroughouttheseason.

A diversificationof disciplines has causedan increas-
ing demandof accessto gymnasiumswhich in turn hasled
to drasticshortagesof gymnasiumaccessfor the individual
table-tennisteams. Typically the gymnasiumaccessbarely
sufficesto cover all homegamesrequiredfor a round. As a
consequenceteamssuggestpossiblecandidatedatesfor home
gamesin advance.

Sinceschedulingon thebasisof regulardatesis notappli-
cable,teamsmay be suspendedat certaindatesdueto non-
availability of sportsmen(e.g.causedby theincreasingdistri-
bution of working hourslike shift or weekendwork). There-
foreeachteammayentera list of suspensiondatesin advance
expressingnon-availability asaway teamat certaindates.A
decreasingnumberof possiblehomegamescontrastswith an
increasingnumberof suspensiondates.

In order to warrant a roughly uniform distribution of
games,theplanninghorizonis separatedinto intervals. The
teamsinvolvedin a leagueareforcedto suggestdatesof pos-
siblehomegamesandsuspensiondatessuchthata minimal
numberof gamescanbeperformedwithin eachinterval and

a maximumnumberof gamesmustnot beexceeded.
Within a rounda team

�
plays twice againstevery other

team � : If
�

playsat homeagainst� in the first half round,
then in the secondhalf round

�
plays an away gameat the

gym of � andvice versa.Theplanninghorizonwe consider
in this researchis restrictedto just onehalf round,because
the teamscannotprovide reliabledatafor the time spanof
a completeroundin advance. Thus,for our purposeteam

�
playsagainstteam� exactly once.

For the half round under considerationan assignment
schemeis derivedprescribingthegamesto perform.Theas-
signmentschemeis chosenin a way suchthat the number
of homegamesandaway gamesareapproximatelyequalfor
all teams.In theforthcominghalf roundthehomeandaway
gamesof teamswill bedeterminedjust theoppositeway. An
exampleof anassignmentschemewith four teamsis givenin
Fig. 2.

Theheadof theleaguegeneratesaschedulefor thecurrent
half round by assigningdatesto the eventsteam

�
plays at

the gym of
�

against team � . Therebypossiblehomegames
andaway gamesuspensionsenteredby the teamsaretaken
into account.Until recentlythe generationof scheduleshas
beendonemanually. However, theincreasingcomplexity has
motivatedthedevelopmentof anautomatedprocedure.

2 ProblemModeling

In the following we formalize the problemunderconsider-
ation andmake an abstractiontowardsa timetablingmodel.
Thenwe describerelevant constraintsandderive a suitable
objective function.

We considera setof teams � of size � ������� with team�
	 � . �
�����
������� is an assignmentschemefor a half
round, if ��� ��� ��� 	 ������� holds: � ��� ��� 	 ��������� ��� ��� � �	�
����� . An element� ��� ��� 	 �
����� is interpretedasthegame

�
plays at home against � .

From a timetablingviewpoint we conceive the elements
of �
����� asschedulableevents,cf. [16]. !"�$#�% �'&(&'&)�+*�, is
calleda season. -
. � -0/ � -213�4! is a partition of season!
into intervals, if -
.05 -0/
5 -016�7! and -
. � -2/ � -21 are
pairwisedisjoint. We denote-08 the

�
th interval of theseason! .

The gamesare integratedinto a seasonby meansof the
following construct. 9:�$!;�<�
����� is calledschedule, if
the following holds: �=� ��� ��� 	 ������� thereexistsexactly one



> 	 ! , suchthat � > ����� �?� 	 9 . Thus,eachgame � ��� ��� hasto
bescheduledexactlyonce.

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

(a) onegameat a date only: At eachdate(day)only one
gamemaybescheduledfor eachteam.

(b) distrib ution of games: For eachinterval -08 at least�A@=B C gameshaveto bescheduledfor eachof theteams.
Similarly, the numberof gamesa teamplays cannot
exceed�A@=D�E for aninterval.

(c) possiblehomegamedates: A team
�

determinespos-
sible homegamedates,i.e. events � ���+F � 	 ������� , but
not its rivaling away teams.More datesthanactually
requiredcanbesuggestedfor homegamesin G 8 �H! .

(d) suspendedaway gamedates: A team
�

determinesa
setof datesI 8 �J! of non-availability, calledsuspen-
sion datesin this context. The elementsin I 8 restrict
thesetof possibleawaygames� F���� � 	 �
����� .

A schedule9 is feasibleif it obeysto theconditions��KL��M��N�� . It is aimedatgeneratingafeasibleschedulefor thegiven
sets� , �
����� and !<�H- . 5O- / 5O- 1 while consideringG 8 andI 8 with

�P	 � . Thegamesof eachteamshouldbedistributed
regularlyon thetime axis.

Notice, that the partition of ! merelywarrantsa roughly
uniformdistributionof thehomegamesof team

�Q	 � within
a season.Theassignmentof datesto thehomegamesof the
teamswith respectto theseparation-R. � -2/ � -01 only doesnot
guarantythatfor eachsingleteam

�
condition(b) is satisfied.

The measureof regularity remainsasan openissue. For
our purposeeachteamdeterminesaninterval length N?8 spec-
ifying the desirednumberof datesbetweentwo games.We
assumethat for eachteam

�
thedates

> 8 . �'&(&'&'� > 8S�T . determine
a sequenceof gameswith

> 8U$V > 8UOW . . Thusfor eachteam
individually

X 8�YZ� SLT /[\�] .A^`_ba #bc � Nd8eMf� > 8\ W . M > 8\ � , (1)

shouldbe minimized. We obtaina global view by sum-
mingup thevarious

X 8 in theobjective function g :

gh�i9h�j� S[ 8 ] . X 8 & (2)

We cansummarizetheproblemunderconsideration:

^�kml g
��9h� � (3)

subjectto

� > ����� �?� 	 9on pq r � > ������s �h�	 9f� s
	 � tu#)� ,v � > ��sw� ���h�	 9x� s�	 � tu# �y, (4)

� �j	 �zY� U 8 S V � 9x{}|~��- \ ��# �y, �u�0��5R��- \ �u�z�+# �y, �i��� V � UO�)�
for all ���;% �+����� (5)

� > ����� ��� 	 9;n > 	 G 8 {�I2�\ �
Y�G 8 \ (6)

The highly constrainedmodel implies that two problems
have to besolved. First, feasiblescheduleshave to beidenti-
fied. Then,amongthe feasibleschedulesonewith themini-
mum gh�i9h� hasto befound.

3 GeneticAlgorithm

GeneticAlgorithms(GAs)havealreadybeenusedfor almost
a decadefor theautomatedgenerationof timetables[6]. Re-
cent bookssurvey the stateof the art[4, 5]. The main dif-
ficulty in applyingGAs to timetablingproblemsis the exis-
tenceof many andoften intricateconstraints.Several solu-
tions to this issueproposedare comprehensively discussed
in[14].

In casethat only a small fraction of the searchspaceis
infeasible,we may simply ignorethesesolutions.However,
in practicethis will berarelythecase.As aremedya genetic
codingmaybefound,which solelyallows therepresentation
of feasiblesolutions.In general,asmany infeasiblesolutions
aspossibleshouldbeexcludedfrom thesearchby meansof
a suitableproblemcoding.

Geneticoperatorshave a crucial impact on the perfor-
manceof the algorithm. Besidethe issueof solution char-
acteristicinheritance,the preservation of infeasibility plays
animportantrole in thedesignof problem-specificoperators.
Typically, in addition to the setupof the initial population,
crossoverandmutationoperatorshaveto bedesigned.

Infeasibility can also be avoided by repairing infeasible
solutionsafter applying operators. Sincethe identification
of a feasiblesolutionmay requirea search,for timetabling
problems[7], repair proceduresoften aim at certain con-
straintsonly anddonot guaranteefeasibility.

Finally the violation of constraintscan be penalizedby
meansof thefitnessfunction. It is hopedthatselectiondrives
out inferior (infeasible)solutionsover the courseof the run.
However, thedegreeof penaltyfor thevariousconstraintsin-
volvedis highly problem-dependentandis thereforeleft asa
matterof experience.

In practice,differentapproachesmaybe combinedin or-
der to produceacceptableresults. Carehasto be taken to
balancetheoccurrenceof infeasiblesolutionsandtheexclu-
sion of feasiblesolutionsadequately. An overly restrictive
approachto the feasibility issuemay exclude feasibleparts
of thesearchspacefrom beingsearched.In this casetheGA
maysuffer from therestrictiveassumptionsmade.



For the problemunderconsiderationneithera feasibility
preservingcodingnoroperatorsareknown whichcanrestrict
searchto thefeasibledomain.Repairof aninfeasiblesolution
will requirebacktracking.Sincewecannotwarrantfeasibility
in everycase,wepenalizeconstraintviolationsappropriately.

In the remainderwe describeproblem-specificcompo-
nentsof ourGA approachto thetimetablingproblem.

3.1 Coding

Consider the assignmentscheme �
����� with � �
�����'���S���S�T .��/ �
Y�� . A scheduleis codedin a string of length �
suchthat eachallele carriesthe dateof a game. The alleles
arearrangedsuchthatall homegamesof team1 precedeall
homegamesof team2 andsoforth. Theneighboringalleles
containingall homegamesof team

�h	 � arecalledthe
�
th

segment.
Within a segment of team

�
the gamesare sorted by

increasing � 	 � of the correspondingaway teams.
For �
���?�}��#L��% ��� � � �y% � �?� � � �L��� � � � �L� %w� � � �L� �?� � ��� ��� � , with� �����?�(���"� , Fig. 1 shows theencodingof theschedule94�#L��� � % ��� � � �y% �L� % � �?� � ��� ������� � � ��� ����� %�� � � �����L� �?� � ��� � � ��� � , .

hometeam 1 2 3 4
away team 2 4 3 1 4 2

dateof game 8 13 7 8 2 7

Figure1: Codingof schedule9 as“datesof games”.

By definitionwe restrictthedomainof game � ��� �?� to
> 	G�8 \ in accordanceto (6).

3.2 Operators

Onecandepict �
����� in matrix-notation,cf. Fig. 2. Sincethe�
th row correspondsto thehomegames� ���)F � andthe

�
th col-

umncorrespondsto theawaygames� F���� � , all datesoccurring
in the

�
th row andthe

�
th columnmustbedifferentfrom each

otherin orderto satisfy(4).

ho
m

et
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m

away team away team
1 2 3 4 1 2 3 4

1 H H 8 13
2 H n 7
3 H H 8 2
4 H 7

Figure2: Matrix-representationof assignmentscheme�
���?�
(left) andthescheduletakenfrom Fig. 1 (right)

In the following we differentiate two aspectsof (4),
namely“row feasibility” and“column feasibility”. Row fea-
sibility addressesthe distribution of homegamesof team

�
,

i.e. � > . ����� �w.'� � � > / ����� ��/(� 	 9 and ��.���"�(/hn > .��� > / . Col-
umnfeasibility addressesthedistribution of awaygames,i.e.� > . � ��. ��� � � � > / � ��/ ��� � 	 9 and ��.}�����/
n > .��� > / . Column

feasibility can be extendedto completefeasibility with re-
spectto (4) by consideringcombinationsof homeandaway
gamesof the sameteam i.e. either � > . ����� � . � � � > / � � / ��� � or� > . � � . ��� � � � > / ����� � / � 	 9 and � . �� � / n > . �� > / .

Sinceall datesof homegamesof ateamarestoredconsec-
utively in onesegmentof thecoding,row feasibility is quite
easyto achievefor geneticoperators.Column-andcomplete
feasibility will beaddressedlateron by therepairprocedure.

Initial Population We generatethe initial populationof
schedulesby assigninga date

> 	 G 8 \ for every game� ��� ��� 	 �
����� . Due to the simplicity of the approach,even
row feasibility is not achievedin everycase.

Crossover Thisoperatorpreservesrow feasibilityonasyn-
tacticalbasis.The operatorpreservesa locally feasibleseg-
mentby inheriting segmentsasa whole. We canthink of a
crossoverascombiningentirerowsof two matriceswith one
another. As a mostsimplevarianta one-pointcrossover has
beenchosenwhichdeterminesasegmentboundaryfor cross-
ing at random,for anexampleseeFig. 3.
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Figure3: Segment-preservingone-pointcrossoveroperator.

Mutation The mutation affects a segment and therefore
canpreserve row feasibility only by makinguseof problem
knowledge. We defineset » 8 ��G 8 \ consistingof all dates
currentlyassignedhomegames� ���+F � . Mutation assignsan
arbitraryelementof G¼8 \ tu»¼8 (if not ½ ) to a homegameof

�
chosenat random.

3.3 Repair Procedure

Aswehavealreadyoutlinedabove,acompletesolutionrepair
would requirecostlybacktrackingitself. Hencewe focuson
constraint(4) only andtry to reducethe numberof multiple
assignmentof datesto gamesof a team.

We aim at solution feasibility by resolvingconflicts oc-
curringin the

�
th columnwith respectto otherentriesof this

columnandentriesof the
�
th row. We try to repairthegames

successively by choosingnew datesfor theaway gamesof a
teamin caseof conflicts.

The proceduresketchedis controlled by a sequenceof
teams.Let ¾x�¿�À¾ . �(&'&'&'� ¾ S � a permutationof the elements
of thesetof teams� . We startwith thecurrentteam¾�Á withÂ �Ã% andproceedby incrementing

Â
by 1 at eachstage.At

eachstagewe check(andrepair)theawaygamesof ¾ Á in the
orderinducedby thepartof thepermutation¾ Á W . to ¾ S (teams¾e. to ¾ Á havealreadybeenrepairedat formerstages).



(0) let k := 1

(1) test for termination
if
* V � thengoto(2) elsegoto(8).

(2) if �Z¾�Ä � ¾ Á � 	 �
����� thengoto(3) elsegoto(7).

(3) test for conflict
let
> Ä�Å Á thedateassignedto �À¾ Ä � ¾ÆÁ�� 	 ������� in 9 .

if
> Ä�Å Á 	ÈÇLÉ'Ê thengoto(4) elsegoto(6).

(4) test for alternative
if Ë> 	 G Ä t2| Ç�É Ê 5Ì» É(Í � thengoto(5) elsegoto(8).

(5) replace� > ÄwÅ Á � ¾eÄ � ¾ Á � 	 9 by � Ë> � ¾�Ä � ¾ Á �
add Ë> to ÇLÉ Ê , goto(7).

(6) add
> Ä�Å Á to Ç�É Ê .

(7) let k := k + 1, goto(1).
(8) terminateprocedure.

Figure4: Stage
Â
of therepairprocedureproposed.

Let ¾ÆÁ � Â 	 #�% �(&'&(&)� �}Mz% , be the teamto be repairedin
schedule9 . Let » É Ê thesetof homegamedatesof team¾ Á
currentlyassignedin 9 . Let

Ç É Ê YZ�Î» É Ê 5ÈI É Ê 5}#L� > 	 !��� > � ¾ \ � ¾ Á � � ���"% �'&'&(&)� Â Mx% , thesetof datescurrentlyin use,
i.e. alreadyassignedto homegames,suspended,or assigned
to awaygamesof team¾ Á .

The procedureterminatesafter performing
Â �Ï�xMÎ%

stagesor prematurelyif a constraintviolation cannotbe re-
moved at a certainstage

Â
. The actionsperformedat each

stage
Â
arelistedin Fig. 4.

As an examplewe considerthe schedulegiven in Fig. 5.
Let G . �7#bÐ � � � � , , G / �7# �L� Ð � � , , G 1 �Ñ#�% � � � � , andG�ÒÓ�Ô# �L� � � � , . The repair procedureis controlledby the
permutation¾Ì�o� �L�+��� � � %w� .

Thescheduleis infeasiblesinceteam2 is involvedat date
5 as away teamagainstteam1 and as hometeamagainst
team3. In correspondenceto thematrix notation,therepair-
ing proceedsasgivenin table1:

First,team¾A.u� � is checkedfor infeasibility. Since»`.u�#w� � � , (row 3) andthe only away game ��Ð �+����� � considered
(column3) do not conflict,noactionis performed.

ho
m

et
ea

m

away team
1 2 3 4

1 5 7
2 5
3 4 8
4 4

Figure5: Infeasibleschedule9
.

Next team¾ / � � is considered.» / �4#bÐ , (row 2) and
thetwo away games�iÐ � % �+� � and ��� � � �+� � have to beconsid-
ered(column2). Since¾�Á W . �H� , game��� � � ��� � is considered
first. No conflict hasto beresolvedandconsequentlyno ac-
tion is taken.

Table1: Repairstepstakenfor schedule9 from Fig. 5
stage game conflict action

1 (2,3) no none
2 (4,2) no none
2 (1,2) yes change5 and � 	 G .
3 (1,4) no none

Now away team ¾ÆÁ W / �Õ% is considered.We try to re-
solvea conflictbetween» / �J#bÐ , (row 2) and �iÐ � % �+� � (col-
umn2). In orderto keepthe“row feasibility”, only datesofG�.Ö�×#bÐ � � � � , are taken into account. Since5 hascaused
the infeasibility, and7 is alreadyin useby ��� � % � �?� , theonly
possibleresolutionis �iÐ � % ��� �=nÑ�i� � % ��� � .

If game ��� ��� � would have assigneddate8 in the above
scenario,thentheconflictcouldnothavebeenresolved,since
game4 hasalreadybeenchecked at stage2 before. In this
casewewould haveterminatedtherepairprocedure.

Finally we considerteam ¾�1Ø�Ù� in stage3. Since»�Ò0�J#w� , (row 4)and ��� � % � ��� and �i� ����� ��� (column4)donot
conflict, no actionis performed.However, in this last stage
a conflict with game��% � ��� couldhavebeenresolvedbecause¾�Ò0��% succeeds¾ 1 �f� in ¾ .

Wecanexpectthatthedefinedprocedurereducesthenum-
berof constraintviolationssignificantly, becauseit addresses
topics which are not alreadytreatedby the coding and the
geneticoperatorsso far. However, we limit its power dueto
reducethetime taken.

3.4 Fitness

Thefitnesspenalizesconstraintviolationswith respectto (5)
whichhavenotbeenconsideredsofar, and(4) for which fea-
sibility is not guaranteed(seeabove). Constraint(6) is satis-
fiedautomaticallyby thechosencoding.

While decodinga schedulethe type andnumberof con-
straintviolationsarerecorded.First thenumberof violations
dueto (5) and(4) aresummedup in � and - respectively.
Thenschedule9 is evaluatedin accordanceto function Ëg ,

Ëgh��9h�P�HÚ�Û�� Ü<Ú�ÝP-zÜxgh�i9h� &
TheconstantsÚ Û and Ú Ý weightthepenaltyof theviola-

tionsof thedifferentsetsof constraints.Experienceindicates,
thattheseweightshaveto berefinedfor differentproblemin-
stancesin orderto producereasonableresults.

4 Computational Investigation

After having definedasuitablemodelfor theproblemathand
aswell ascomponentsof anevolutionaryalgorithm,we now
performa computationalstudy. We parameterizea GA with
the componentsdescribedin Sect.3 andpursuethe genera-
tion of a feasiblescheduleof at leastreasonablequality for



thesingleprobleminstancegivenin table4 andtable5 of the
appendix.

Obviously therepairproceduredefinedabovecanplay an
active but computationallyexpensive part in the searchpro-
cess.Sinceits contributionis notyetclear, weperformanini-
tial experimentwithoutactivatingtherepairprocedure(WR).

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

In orderto assesstheproblemdifficulty of thebenchmark
instancewefinally presentresultsachievedwith thecommer-
cially availableILOG ConstraintProgrammingsolver.

4.1 GeneticAlgorithm Approach

We setthe populationsizeto 400 andrun the algorithmfor
200 generations.Fitnessproportionalselectionis used,the
crossover rate ¾�ÞR�"c & � is usedandanindividual is mutated
with probability ¾ U �ßc & cd� .

The fitnessfunction is parameterizedwith Ú Û �¿� andÚ Ý � � , i.e. a violation of (4) costs4 timesanda violation
of (5) costs2 timesof a fall below N?8 in (3). This settinghas
beenverifiedexperimentallyandmay reflectpeculiaritiesof
theinstanceconsidered.

The resultspresentedarebasedon 5 runsperformedfor
eachparametersetting. If not indicated,the meanachieved
from theseruns is shown. The experimentshave beenper-
formedona Pentium500Mhz PC.

Adaptation Without Repair The populationmeanaver-
agedover the 5 WR runs performedcan be seenin Fig. 6.
Although reasonableprogresscan be observed in the early
stageof the adaptation,from generation100 on the search
doesnot proceedany further. By taking a look at the so-
lutions produced,we recognizethat the GA is not able to
remove constraintviolations completely. Thus the solution
qualitygainedhasbeenachievedby relaxingconstraints.

This observationpointsto a generalweaknessof our fit-
nesspenalty. A low penaltyis not recognizedby adaptation
adequately— the searchprocessmay not enterthe feasible
domain.On thecontrary, a largefitnesspenaltywill drive the
searchtowardsthe feasibledomain,but may not respectthe
contributionof theobjectivefunctionvalueadequately— the
populationconvergesto afeasiblesolutionof inferior quality.

Random Repair Control The repair procedurewill help
to enterthefeasibledomainandtherebyalleviatethe impact
of the fitnesspenaltydilemma. However, a repair function
shouldnot beappliedblindly. Repairingthephenotypeof an
individual withdraws a solutionfrom the genotypeintended
by the evolutionaryprocess.Particularly if solutionsareal-
ways repairedin the sameway, the repair mechanismwill
drive thepopulationto asubsetof thesearchspace.

In order to avoid that areasof the searchspaceare ex-
cludedfrom searchdueto theimpactof therepairprocedure,
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Figure6: Meanfitnessachievedby thethreeGA approaches.

its sequenceof actionsis controlledby a randomorder of
teamsin permutation¾ . In theRR algorithmapermutationis
perturbedbeforeit is usedto controlasolutionrepairin order
to avoid theeffectdescribed.

We producefeasible solutions after
� � generationsas

pointedout in table2. Thebestobjective functionvaluesob-
tainedfrom the5 runscarriedout areof superiorquality and
arewithin a pleasantlysmall range.However, the computa-
tion time increasesslightly dueto theexecutionof therepair
procedure.

Fig. 6 shows that RR performsaswell, or slightly worse
thanWR in earlystagesof thesearch.This canbeexplained
by viewing repair as directed mutation, as it aims at re-
ducingconstraintviolationsby introducingnew information
drawn at random. Directedmutationsmay be beneficialin
later stagesof the adaptation,becauseoccasionalviolations
of constraintsare immediatelyeliminated. On the contrary
in earlierstagesmany constraintviolationsoccurleadingto
many (directed)mutationswhichin turnhindertheadaptation
progress.

Adaptive Repair Control It is obvious that the order im-
posedby permutation¾ will affect the successof the repair
procedureto a large extent. Preferenceshouldbe given to
thoseteams

��	 � , which show a) a relatively small num-
ber of entriesin G 8 , b) a relatively large numberof entries
in I 8 , c) many entriesin G 8 which correspondto entriesofI \ � � 	 �Htà# �y, , d) many entriesin I08 which correspondto
entriesof G \ � � 	 � tO# �y, .
Table2: Measuresobservedfor genetictimetabling(in sec.).

repairapproach
WR RR AR

bestindividualobserved 12á 9 5
worstbestind. obtained 13á 12 10
gen.of 1stfeasibility — 34 32
computationtimeused 65 78 85á infeasible



Insteadof prescribinga random¾ , we make ¾ subjectto
adaptationin theAR algorithm. Thereforewe tie a permuta-
tion ¾<�Ã�À¾ . �'&(&'&)� ¾ S � to eachof theencodedsolutions.Ini-
tially ¾ is filled with randomsequences.Sincea permutation
carriesthesamefitnessasits encodedsolution,it undergoes
the samecycle of crossover, evaluationandselection. Mu-
tationsof the permutationsarenot performed.As crossover
operatorPPX(precedencepreservative crossover) is applied
which inheritsonehalf of theprecedencerelationsof eachof
theparentsto theoffspring[2].

The results shown in Fig. 6 justify this approach,AR
consistentlyoutperformsRR. Obviously, suitablecontrol se-
quencesfor therepairprocedurearelearned.Fromtable2 we
see,that the bestsolutionfound hasbeenimproved impres-
sively to 5 units.

Sincethepopulationof permutationsis maintainedatneg-
ligible computationalcosts, it has been implemented(al-
thoughusedonly for AR) in RR and in AR. Thus, the dif-
ferencein runtimebetweenbothalgorithmsis obviouslycon-
sumedby therepairprocedure,althoughthenumberof calls
to this procedureis identicalfor RR andAR.

Recallthat therepairprocedureterminatesprematurelyif
a constraintviolation cannotbe repaired. Sincethe adapta-
tion of sequencesleadto a decreasingnumberof premature
terminations,the increasingruntimegivesindirect evidence
for thesuccessof theAR algorithm.

4.2 Constraint Programming Approach

In orderto assesstheGA capabilities,we describetheprob-
lem at hand in terms of a ConstraintProgramming(CP)
model[13]. Recently, CP solvers have becomecommer-
cially available,which hasattractedsignificantinterestin CP
approaches[10]. It hasbeenshownthatCPisparticularlywell
suitedfor highly constrainedschedulingandresourcealloca-
tion problems,wheregeneratinga feasiblesolutionmaybea
difficult problemitself[3, 11].

TheCPformulationof theproblemconsideredin this re-
searchis straightforward. Using the datasetsin the Opti-
mizationProgrammingLanguage[18] allowsaformulationof
theproblemcloseto theonegivenin Sect.2. SuccessfulCP
approachesmay requirethe formulationof a suitablesearch
procedure.Sucha proceduredeterminestheway thesearch-
treeis built andcanbe seenascounterpartto the branching
decisionin theBranch& Boundparadigm[19].

A frequentlychosenway is to derive thedirectionof fur-
ther searchdynamicallyfrom the sizeof the domainof the
decisionvariables. A tentative assignmentto the variable
with thecurrentlysmallestdomainleadsto aneffectiveprun-
ing of the searchtreeby meansof the solver-engine. In our
researchwe extendthis conceptby giving preferenceto the
game � *�� Â � 	 �
����� with a) a smalldomainsize � G�Ä Á � andb)
a largenumberof alternative gameswhich canbescheduled
at date

> 	 G�Ä Á .
Let âÓ8ã�ä#bG¼Ä Á � * � ��å Â � �y, be thesetof domainsof

gamesat which team
�

is involved. Furthermorelet æ�ç�8 the

Table3: Resultsobtainedfrom theCPapproach.g
��9h� 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
�

couldparticipateat date
>

æ+ç�8�� [èêé?ëàì � # > , {�í`� & (7)

The larger æ+ç�8 is, the moreconflicting assignmentsthere
arefor gamesof team

�
on date

>
. On thecontrary, if æ�ç�8���%

thendate
>

canbeassignedto oneparticulargameof
�

exclu-
sively.

We obtain a measurefor potential conflicts for game� *�� Â � 	 ������� by summingup æ ç�Ä and æ ç Á over the elements
of thedomain

> 	 G Ä Á in thefollowing wayî Ä Á � [ç édï Í Ê �iæ�ç�ÄuÜ6æ�ç Á �
T . & (8)

Every
> 	 G¼Ä Á makesa positivecontribution to

î Ä Á , although
this contribution is decreasedwith an increasingnumberof
conflicts. Variableassignmentsto gamesaredonewith re-
spectto increasing

î Ä Á , domainvalues
> 	 G Ä Á aretestedin

the orderof decreasingæ ç�Ä Üðæ ç Á . Experimentshave shown,
thatthedynamicdeterminationof

î Ä Á doesnotoutperforman
initial staticcalculation.

Sinceconflictsareavoidedby assigningpotentiallycon-
flicting datesearly, feasiblesolutionsof mediocrequalitycan
begeneratedalmostimmediatelywith anegligible numberof
backtracks,cf. table3. However, theruntimespentin orderto
obtainfurther improvementsincreasesdrastically. A reason-
ablesolutionquality of g
��9h�R�Ã%�% alreadyefforts approxi-
mately4 minutesof computationtime. Furtherimprovements
arecomputationallyprohibitive.

The CP approachsuffers from the enormoussizeof the
spacesearchedby implicit enumeration.However, conclu-
sionscanbedrawn concerningtheproblemdifficulty. Since
evena highly sophisticatedsearchprocedurefails to produce
nearoptimal results,the probleminstanceconsideredis as-
sumedto bechallengingalsofor othersearchalgorithms.In
this specialcase,the GA approachoutperformsCP with re-
spectto both,solutionquality andefficiency.

5 Summary and Conclusion

First we have formalizeda real-world sportschedulingprob-
lem asa timetablingproblem.Next we have developedsuit-
able componentsfor a GeneticAlgorithm. Carehasbeen
taken to preserve solution feasibility as far as possible. In
orderto make theresultingalgorithmlesssensitive to fitness



penaltyterms,a repairprocedurehasbeendeveloped.Since
a suitablecontrol of this proceduredependson the problem
dataat hand,an adaptive control approachhasbeenapplied
successfully.

The GA hasbeenusedfor almosttwo yearsin practice
now. Satisfactoryscheduleshave beengeneratedfor eachof
theroundsin thisperiod.Probablymoreimportantis thefact,
thatthedataenteredby theteamscanbeefficiently integrated
into an iterative planningprocess.Hencethe approachhas
earneda high reputationin theleague.

Futurework will includethe developmentof a graphical
userinterfaceanda databaseconnection.Probablymoreim-
portant,thealgorithmicfeaturesdescribedin this paperhave
to beevaluatedmorethoroughlyon thebasisof a wide range
of test data. Thereforea problemgeneratoranda measure
for problemdifficulty have to bedeveloped.Theresultspre-
sentedin thispaperencourageusto proceedin thisdirection.

Appendix

Table4: Timetablingproblemof Jan-March2000.
no of teams� = #L% �'&(&'&)� %(c ,
horizon G = #L% �'&(&'&)� ��c ,
interval - . = #L% �'&(&'&)��� c ,
interval - / = # � % �(&'&(&+� Ðbñ ,
interval - 1 = #b��c �(&'&(&+� ��c ,
distanceN?8 = 4,

�P	 # �L���L� Ð � � � ñ ,
distanceN?8 = 3,

�P	 #�% � � � � � � � %�c ,
min games� @=B C in G¼8 = 2
maxgames� @=DyE in G¼8 = 4

ho
m

et
ea

m

away team
1 2 3 4 5 6 7 8 9 10

1 25 32 4 18
2 67 39 11 53 25
3 6 20 48 62
4 13 74 4 60 53
5 78 64 15 43
6 51 16 9 65 72
7 61 43 57 71
8 77 42 70 35 21
9 51 9 37 23

10 47 40 4 67 32

Figure7: Bestsolutionwith gh�i9h�j�ðÐ foundby theGA.
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