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tJanuary 30, 20021 The Examination Timetabling ProblemAn examination timetable of an edu
ational institution is a mapping t : E ! T ,where E is a set of examinations and T is a set of time slots. The ExaminationTimetabling Problem ETP(E; T; f) is the problem of �nding an optimal map-ping sopt 2 S, where S denotes the set of all possible mappings from E to T ,su
h that, given an 
ost fun
tion f : S ! R+ , f(sopt) � f(s);8s 2 S. Otherformulations also in
lude the allo
ation of rooms.The 
ost fun
tion is usually related to the number of violations of severaltypes of 
onstraints. Sin
e most real life problems are over-
onstrained, the
onstraints are typi
ally ordered in a hierar
hy a

ording to their importan
eto the institution.A possibly better known way to distinguish 
onstraints a

ording to theirimportan
e is by de�ning them as hard or soft. While the former are requiredto hold for any feasible solution, the latter express a solution's quality by theirdegree of violation . A typi
al hard 
onstraint is to forbid a temporal overlap-ping of a pair of examinations for a same student. Typi
al examples of a soft
onstraint is a minimum temporal distan
e between a pair of examinations fora same student or pre
eden
e between examinations (see [2℄ for an extensivelist of possible 
onstraints found in real life problems).These 
onstraint types have to be taken into a

ount when solving theproblem by a sto
hasti
 sear
h algorithm, and several possibilities have beenproposed to a

ommodate them. One su
h approa
h is the weighted sum [5℄.By de�ning violations of 
onstraints as obje
tives to be minimized, the 
ostfun
tion is de�ned as f(x) = nXi=1 �ifi(x) (1)1



where �i is a weight expressing the importan
e of the i-th obje
tive. Thus,highest weight is assigned to the obje
tive related to the satisfa
tion of thehard 
onstraints. However, this approa
h is only useful if the user is able toexpress his preferen
es by setting weights.If setting expli
itly weights is not possible, an way out 
ould be a priorityorder of 
onstraints given by the user. This approa
h 
ommonly known as lexi-
ographi
 optimization [13℄ or multi-phase approa
h [14, 15℄. As in the previousapproa
h it is also assumed that the user is able to express his preferen
es in ahierar
hi
al way, in whi
h the hard 
onstraints are assigned to higher priorityranks.Finally, in the 
ase of la
k of preferen
e information given a priori, the Ex-amination Timetabling Problem should be regarded as a typi
al multiobje
tiveproblem with the goal of �nding 
ompromise solutions [1, 11℄. It should beremarked that weighted sum and lexi
ographi
 approa
h 
an be 
ombined withthe latter in 
ase of in
omplete information about the preferen
es of the user.In this study our interest lies in the lexi
ographi
 formulation of the Ex-amination Timetabling Problem and its solution by a Tabu Sear
h algorithm,whi
h is des
ribed in the next se
tion.2 Tabu Sear
h ImplementationWhen adapting a lo
al sear
h algorithm to a lexi
ographi
 optimization prob-lem, a question raises about how to drive the sear
h pro
ess, given the priorityorder information on the obje
tives. We 
onsidered two distin
t strategies, Lex-tie and Lex-seq. The former 
ompares solutions by the obje
tive fun
tion valueof the higher priority obje
tive, and in 
ase of a tie, they are 
ompared usingthe next lower priority obje
tive. The Lex-seq strategy 
onsists in �nding, re-
ursively, regions of the sear
h spa
e whi
h satisfy the 
onstraints asso
iatedwith the de
reasing priority order of obje
tives, that is, �rst a solution satisfy-ing all highest priority 
onstraint is sought, next a solution satisfying all se
ondpriority 
onstraints is sought, et
.. It should be stressed that solving the �rstobje
tive 
orresponds to solve a Graph Coloring Problem (GCP). We 
an also
onsider this approa
h as performing multiple runs in whi
h 
onstraints arein
rementally added to the sear
h. Thus, in Lex-tie the lexi
ographi
 orderingis embedded at ea
h iteration of the algorithm, and in Lex-seq, it is embeddedat ea
h run.Due to the similarity with the GCP [3℄, we adapted a Tabu Sear
h algorithmthat gave good results for several hard GCP instan
es [8, 12℄. The algorithmuses a 1-opt neighborhood that at ea
h step 
hanges the time slot assignment ofexa
tly one examination. At ea
h step, all pairs of examinations and time slots(ej ; t) are 
onsidered and a move is applied that maximally redu
es the numberof 
onstraint violations. The neighborhood size is redu
ed by 
onsidering movesthat only a�e
t examinations that are 
urrently involved in a violation of the
onstraints 
onsidered by the Lex-tie and Lex-seq strategies.Sin
e the Tabu Sear
h needs a tabu list of forbidden moves to prevent 
y-
ling, its length must be de�ned. In our 
ase, we de�ned it by Random(A)+�
,2



where 
 is the number of violations of the 
onstraints a

ording to the strategy
hosen: all 
onstraints in 
ase of Lex-tie, and only the 
onstraints asso
iated tothe obje
tive 
urrently being minimized, in 
ase of Lex-seq.Similar speed-up te
hniques for the neighborhood evaluation as proposedin [6℄ are used: By de�ning n obje
tives, the implementation de�nes a three-dimensional table of size n � jEj � jT j where ea
h entry �(ni; ej ; tk) storesthe e�e
t on the i-th 
onstraint level in
urred by 
hanging the time slot ofexamination j to time slot k. Ea
h time a move is performed, only the part ofea
h table that is a�e
ted by the move is updated. In the Lex-tie, this table hasto be initialized in O(n�jEj2�jT j) but ea
h update has a worst 
ase 
omplexityof O(n � jEj � jT j). In Lex-seq, when the i-th obje
tive rea
hes null 
ost, the(i + 1)-th dimension of the table 
orresponding to the following obje
tive isinitialized. Thus, initialization and update only 
onsiders the 
urrent obje
tiveto be minimized and ones already minimized.3 Experimental Results3.1 Average and Peak Performan
eTo 
ompare both Lex-tie and Lex-seq strategies, we used some ben
hmark in-stan
es available at ftp://ftp.mie.utoronto.
a/pub/
arter/testprob. These ben
h-mark instan
es are real life Examination Timetabling Problems that have al-ready been used in [2, 4, 7, 15℄. A hard 
onstraint 
orresponding to no temporaloverlapping between a pair of examinations of the same student was 
onsidered.The number of violations of this 
onstraint was de�ned as the highest priorityobje
tive to minimize.As in [4℄, the soft 
onstraints were de�ned a

ording to the temporal dis-tan
e between the same pair of examinations. The minimum temporal distan
eallowed was 6 time slots. Every pair with lower value was 
onsidered as a vio-lation. As in [10℄, the same values for penalizing these violations a

ording tothe temporal distan
e between the two assignments were used. Thus, a lowerpriority obje
tive was formulated as a weighted sum of the violations of these
onstraints.In some preliminary experiments, we �rst identi�ed good parameter settingsfor the Tabu Sear
h algorithm. We found that good performan
e was a
hievedin most of the instan
es by the setting of A = 10 and � 2 f4; 8; 12; 16g. Forreferen
e, also � = 1 was 
onsidered. Table 1 presents the best results obtainedby the proposed algorithm, after running 25 experiments with 100000 iterationsfor ea
h instan
e and for ea
h �. The number of time slots for ea
h instan
ewas the same as in [7℄. The Avg 
olumn presents the average 
ost fun
tion valueof the lowest priority obje
tive divided by the number of students as proposedin [4℄. These averages only refer to the runs that a
hieved the satisfa
tion ofthe hard 
onstraint. The number of su

essful runs, that is those that satis�edall hard 
onstraints, is presented in the 
olumn Su
. The Min 
olumn presentsthe minimum obje
tive value found in the su

essful runs. The best average
onsidering the maximum number of su

essful runs and minimum values foundfor ea
h instan
e and for ea
h approa
h, are represented in bold fa
e.3



Table 1: Experimental resultsLex-tie Lex-seqInstan
es Exams Time slots � Su
 Avg Min Su
 Avg MinHEC-S-92 80 18 1 23 12.8 11.8 23 13.1 11.84 25 12.6 12.1 25 12.7 11.98 25 13.5 12.5 25 12.9 11.912 5 13.5 13.2 25 13.0 11.816 9 13.6 12.1 25 13.2 12.2STA-F-83 138 13 1 18 162.9 158.6 0 - -4 25 159.2 157.6 0 - -8 25 161.2 158.3 15 168.6 162.912 11 162.2 158.1 25 167.1 160.416 21 163.3 159.4 25 168.1 160.8YOR-F-83 180 21 1 2 41.6 41.1 24 43.2 42.14 22 42.8 40.5 25 42.5 40.18 4 44.3 41.9 25 43.2 40.812 0 - - 25 43.6 40.316 0 - - 25 43.8 42.1UTE-S-92 184 10 1 1 33.4 33.4 25 33.4 30.14 25 29.5 27.3 25 30.0 27.18 23 31.8 28.4 25 31.0 28.412 12 31.6 29.6 25 31.4 28.816 17 31.0 29.4 25 31.4 29.1EAR-F-83 189 24 1 0 - - 3 46.8 46.04 5 42.1 40.3 6 43.2 39.28 5 43.1 39.3 14 44.9 42.112 1 46.4 46.4 17 45.5 40.016 0 - - 24 45.9 43.1TRE-S-92 261 23 1 0 - - 25 11.7 10.24 0 - - 25 10.5 9.68 24 10.1 9.0 25 10.1 9.612 4 10.5 10.2 25 10.3 9.916 2 10.9 10.5 25 10.3 9.7LSE-F-91 381 18 1 0 - - 9 15.3 14.14 0 - - 10 14.9 13.68 0 - - 19 15.2 13.112 0 - - 20 15.3 13.616 0 - - 24 15.7 14.0KFU-S-93 461 20 1 0 - - 3 18.8 18.64 0 - - 15 19.1 17.48 0 - - 23 18.8 17.312 0 - - 25 18.5 16.816 0 - - 25 18.4 17.14



Table 2: Comparison of resultsLex-tie Lex-seq [7℄ [4℄Instan
es Avg(su
) Min Avg(su
) Min Avg Min MinHEC-S-92 12.6 (25) 11.8 12.7 (25) 11.8 12.6 12.4 10.8STA-F-83 159.2 (25) 157.6 167.1 (25) 160.4 166.8 160.8 161.5YOR-F-83 42.8 (21) 40.5 42.5 (25) 40.1 42.1 41.0 41.7UTE-S-92 29.5 (25) 27.3 30.0 (25) 27.1 31.3 29.0 25.8EAR-F-83 42.1 (5) 39.3 45.9 (24) 39.2 46.7 45.7 36.4TRE-S-92 10.1 (24) 9.0 10.1 (25) 9.6 10.5 10.0 9.6LSE-F-91 (0) - 15.7 (24) 13.1 15.9 15.5 10.5KFU-S-93 (0) - 18.4 (25) 16.8 19.5 18.0 14.0The results seems to reveal that optimal � found in
reases with the size ofthe instan
e in 
ase of the Lex-seq. It is also possible to observe the similarity inthe 
ost fun
tion value between the two approa
hes for smaller instan
es, givenan optimal �. However, for larger instan
es, the di�eren
e of performan
e isenormous. The results of Lex-tie indi
ate less eÆ
ien
y with instan
es withmore than 300 examinations. The Lex-seq performed better in most of theinstan
es 
onsidering the di�erent values for �, meaning that it is less sensitiveto this parameter.The Table 2 
ompares our results with ones obtained by Gaspero and S
haerf[7℄, and Carter et al. [4℄ when 
onsidering peak performan
e. The former pre-sented a Tabu Sear
h algorithm with a weighted sum approa
h with shiftingpenalties to prevent lo
al optima. The size of the tabu list was de�ned ran-domly in a 
ertain interval during the sear
h. Carter et al. used a 
ombinationof a ba
ktra
king strategy with a saturation degree sorting heuristi
. With ex-
eption of instan
e HEC-S-92, the average 
ost fun
tion values obtained by ourapproa
hes were lower than ones in [7℄. The minimum obje
tive value obtainedalso was lower than with [4, 7℄ in three instan
es.3.2 Run-time DistributionsTo understand the reason for su
h large di�eren
es in the results obtained forsome instan
es, we analyzed the algorithm behavior during the minimizationof the higher priority obje
tive, sin
e both approa
hes deal with it in a di�er-ent way. One reasonable way is to 
ompute Run-Time Distributions (RTD) asproposed in [9℄, whi
h give the empiri
al probability of �nding a solution (satis-fa
tion of the hard 
onstraint) as a fun
tion of run-time (number of iterations).Figures 1, 2 and 3 show the RTDs obtained for several values of � by bothapproa
hes for the UTE-S-92, TRE-S-92 and EAR-F-83, respe
tively. Oneobservation is the dependen
e of the Lex-tie performan
e on the diÆ
ulty insatisfying the hard 
onstraint. Where the Lex-seq approa
h is able to a
hieveit in an easier way (RTDs skewed to the left with high su

ess rate), also Lex-tie 
an do it with similar performan
e. However, if the Lex-seq approa
h hassome diÆ
ulty in satisfying it (RTDs skewed to the right), Lex-tie presentsmu
h worse performan
e. It should be stressed that, even with a generalized5
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Figure 1: RTDs of Lex-tie (left) and Lex-seq (right) on UTE-S-92
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Figure 2: RTDs of Lex-tie (left) and Lex-seq (right) on TRE-S-92
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Figure 3: RTDs of Lex-tie (left) and Lex-seq (right) on EAR-F-83worse performan
e on satisfying the hard 
onstraint, it was able to obtain betteraverage performan
e 
onsidering the minimization of the soft 
onstraints in 
aseit 
ould satisfy the hard 
onstraints (e.g., 
omparing average performan
e andRTDs on instan
e EAR-F-83). However, this observation seems to be limitedto smaller instan
es.
6



4 Con
lusionsTwo main 
on
lusions 
an be drawn from the two strategies: the level of diver-si�
ation must in
rease with size of the instan
e in the Lex-seq approa
h, andLex-tie presents a more deeper performan
e deterioration as the hard 
onstraintsare be
oming more diÆ
ult to satisfy. However, the good results obtained byLex-tie for some instan
es show that a promising future approa
h 
ould be
ombining both strategies by swit
hing between them during the run of thealgorithm.A
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