
Applying AI-tehniques as Help for FaultyAdministration � A Case StudyMarko �upi¢, Marin Golub, Domagoj Jakobovi¢Faulty of Eletrial Engineering and ComputingUniversity of ZagrebUnska 3, 10000 Zagreb, Croatia{marko.upi, marin.golub, domagoj.jakobovi}�fer.hrAbstrat. For every university at the beginningof eah semester, there are many organizationalproblems whih have to be solved by faultyadministration. Some of them are division oflate-enrolled students into leture groups, andreation of room shedule for examinations. Bothof these problems an have signi�ant in�ueneon the students' ability to attend enrolled ourses,and on the number of teahing sta� required forstudents examination. In this paper we will presentboth of these problems, and their solution usinggeneti algorithms.Keywords. student sheduling, room shedule,geneti algorithms1 IntrodutionIn medium and large faulties, there are many om-plex organizational issues that need to be solved �leture, laboratory and exam sheduling, just toname a few. Leture sheduling, ourse enroll-ment administration and assignment of studentsinto leture groups are three interdependent pro-esses. Alloation of rooms for exams is anotherexample of important task, espeially with denselypopulated terms in whih available room apai-ties are nearly exhausted. In this paper we willshow two suh problems suessfully takled by ge-neti algorithms: division of late-enrolled studentsinto leture groups, and reation of room shedulefor examinations. Both of those problems are in-stanes of hard ombinatorial problems. Solvingthem by hand is extremely hard, and solutions are

often very far from being optimal. However, it isimportant to �nd solutions that are as good as pos-sible, sine the former problem in�uenes the abil-ity of late-enrolled students to attend letures ofenrolled ourses, and the latter problem an havesigni�ant in�uene on a number of teahing sta�needed for student examination.Using todays omputing power to assist in �nd-ing good solutions an be more di�ult than an-tiipating at the �rst glane. Namely, both ofthose problems are hard ombinatorial problemsfor whih we an not write the exhaustive searhproedure whih will omplete in aeptable timeframe.Evolutionary algorithms [1, 2℄ are metaheuristiswhih an rather suessfully ope with this kindof problems. It is important to note that evolu-tionary algorithms an not provide us with a guar-antee of solution optimality, when working undertight time onstraints. However, they an oftenprodue a reasonably good solution that is not farfrom the optimal one. Under the umbrella of evo-lutionary omputation there are many algorithms,suh as geneti algorithms [3℄, partile swarm op-timization [5, 6℄, ant olony optimization [7℄, ar-ti�ial immune systems [8, 9, 10℄ and many oth-ers. We have deided to takle both of desribedproblems using geneti algorithms, sine they o�errather straight-forward means for solution repre-sentation and multi-objetive optimization.This paper is organized as follows. In setion 2we will introdue the room sheduling problem anddesribe the relationship between existing examsheduling and here de�ned room sheduling. Im-plementation of algorithm for the room shedul-



ing based on geneti algorithm will be presentedand elaborated. In setion 3, additional shedulingproblem � assignment of late enrolled students toleture groups � will be de�ned, and applied ge-neti algorithm based method will be desribed. Insetion 4 a onlusion and future work diretionsare given.2 Room shedulingAt authors institution, eah semester is dividedinto four examination periods: two periods are formid-term exams, one is for �nal exams, and oneis for make-up exams. Shedules for those peri-ods are produed using geneti algorithms, as re-ported in [4℄. In this paper we will fous on ad-ditional sheduling problem that is performed af-ter the ourses are assigned to exam time-slots:room sheduling. Room sheduling is an assign-ment problem in whih for eah exam time-slotrooms must be sheduled to ourses while minimiz-ing the required number of teahing sta� and hav-ing adequate quality (quality will be de�ned later).This is also NP-hard problem. To exemplify, letus onsider a simple room sheduling senario inwhih there are 30 rooms whih have to be shed-uled among 10 ourses. We have to hek eah pos-sible senario. The �rst room an be given to eahof 10 ourses, then the seond room an be givento eah of 10 ourses, and so on, whih gives us atotal of 10 · 10 · · · · · 10 = 1030 ombinations. Ifit takes 1 µs to hek a single ombination, theexhaustive searh proedure, whih heks eah ofthose ombinations, will �nish its work in approxi-mately 3.2 · 1016 years.What is the relationship between room and examsheduling, and what are the related problems atauthors institution? First, the exam shedule isreated and published. The generated shedule foreah ourse ontains only a time and duration ofthe exam. For the exam sheduling purposes, eahday of examination periods is divided into 4 dis-junt time-slots. Courses are then sheduled sothat there is no student that is enrolled in two ormore ourses that are assigned into the same time-slot. Courses are assigned into time-slots takinginto aount time-slot apaity (a total number ofstudents whih an be aepted by all rooms whihare available in that time-slot). This approah is

far from ideal. For example, it is easy to imaginea situation with a time-slot where there are only2 large rooms available (70 students eah). De-sribed sheduling proess an assign three or moresmaller ourses in that time-slot, as long as the to-tal sum of enrolled students is not greater than 140.However, from the standpoint of ourse-sta�, oftenroom-sharing is not an well-pereived option.2.1 Exam sheduling related prob-lemsTo redue the probability of suh events, we antake two approahes: either to simultaneously gen-erate the exam shedule up to the level of rooms,or to arti�ially redue the available rooms apa-ity by a ertain fator, so that in reality, spae pro-vided by all available rooms will not be fully o-upied. The former approah is problemati, sineit drastially inreases the searh spae for an al-gorithm already operating on a huge searh spae,and trying to satisfy a number of additional on-straints. Instead, we took the seond approah.For a typial time-slot, atual student apaity atauthors institution is about 1000 students. Duringthe exam sheduling, time-slot apaities were allset to 80% of that number (800 students).Unfortunately, even this approah during last fewyears has lead to problems when time-slots werenearly fully oupied. The problem arose whensome ourses reserved more rooms than expeted,in order to be able to make more sparse studentshedule (to make heating more di�ult). This,however, left no available rooms for other oursesassigned into that same time-slot.2.2 Inrease in required number ofsta� membersThe other important problem is the growth ofteahing sta� requirements needed for exams. Tohelp with exam organization, a pool of teahingsta� members is reated. After the exam shed-ule is reated, and after exam-organizers reserverequired number of rooms and reate student shed-ules, a total number of teahing sta� members re-quired for exams is alulated (denoted with T ).Then, if there are N teahing sta� members avail-able in teahing sta� members pool, eah of teah-ing sta� members must be present on n = T/N



exams. During several last semesters, we notiedthe onstant growth of n, whih an be attributedto the inrease in a number of students present inthe system, as well as to misusage of the pool ofteahing sta� by the sta� itself.2.3 The proposed solutionTo amend all of those issues, and to disburdenthe exam-organizers from the task of manually se-leting and reserving rooms and resolving possibleroom on�its, the deision was made to reate aversion of exam shedule that for eah time-slotontains preassigned and reserved rooms for eahourse in that slot. This approah has many bene-�ts.
• Early room on�it detetion. By reat-ing room shedules entrally, situations suhas "two big rooms and three ourses" an bedeteted early, and they an provoke a hangein exam shedule, or other adjustments so thatadditional room required for the third oursean be found. And all of that an be dealt withbefore the shedule is published.
• Rational room usage. Care an be takenin advane to reate suh a room shedulethat will enable all ourses assigned to thesame time-slot to have enough assigned roomsfor rational student shedules. Then, if thereare available additional rooms, eah exam-organizer an reserve additional rooms to makestudent shedules more sparse. However, ini-tial intention that all ourses an have examsan be ful�lled.
• Rational usage of teahing sta�. Duringthe proess of room sheduling, are an betaken to minimize the total number of teah-ing sta� required for all of the exams, based onobjetive assessments of room requirements. Ifthere are rooms with various ratios s/t, where

s is number of students for that room and tnumber of teahing sta� members required inthat room, a lever seletion of rooms an bemade that will minimize total required numberof teahing sta� members. It is important tonote that always seleting rooms with minimalratio s/t for one ourse does not guarantee op-timal solution sine that room is then unavail-

able for other ourse that might have a betterusage for it.Atual implementation of desribed shedulingtehniques enabled us to inlude even additionalwishful properties for eah room shedule, whih inpratie generated very promising results.2.4 Formal problem desriptionIn this setion we will provide a formal problemde�nition.
• Let T = {T1, T2, ..., Tm} be a set of disjunttime-slots.
• Let Ci = {ci,1, ci,2, ..., ci,k} be a set of oursessheduled to time-slot Ti, Ti ∈ T .
• Let stud(ci) be the number of students enrolledon ourse ci.
• Let R = {r1, r2, ..., rl} be a set of all existingrooms.
• Let Ri ⊆ R denotes a set of rooms available totime-slot Ti, Ti ∈ T .
• Let ARi ⊆ R be a set of rooms assigned toourse ci.
• Let stud(ri, cj) be the number of students thatourse cj is willing to put in room ri. Note thatthis means that di�erent ourses an deideto �ll the same room with di�erent number ofstudents, if that room is assigned to a ourse.
• Let staff (ri, cj) be the number of teahing sta�members that ourse cj requires to be presentin room ri. Note that this means that di�erentourses an deide to assign di�erent numberof teahing sta� members in the same room, ifthat room is assigned to a ourse.
• Let building(ri) be the building in whih roomis situated.
• Let floor (ri) be the �oor on building in whihroom is situated.Then, the basi sheduling an be formalized asfollows. For eah term Ti �nd a partition of Riinto disjunt subsets R = {Ri,1, ..., Ri,p, Runused},

p = |Ci|, Ri,j ∩ Ri,k = ∅, ∀j 6= k, so that



∀cj

∑
r∈Ri,j

stud(r, cj) ≥ stud(cj). The idea is todeompose all available time-slot rooms into a dis-junt subsets of rooms � one subset for eah ourse,and possibly to leave some of available rooms unas-signed. The sum of apaities of rooms assigned toeah ourse (as de�ned by that ourse) must beequal than or greater than the number of studentson that ourse.On top of that basi requirement, we added twoadditional ones. First, for eah time-slot Ti thetotal number of alloated teahing sta� membersshould be minimized:
minimizef(R) =

∑

ci,j∈Ci,r∈Ri,j

staff (r, cj).This will automatially remove all extra rooms,whih provide more apaity than needed for anyof the ourses. The seond requirement arose fromthe pratie of larger ourses whih usually allo-ate one additional ourse sta� member to visiteah assigned room and answer students' questions,several times during exam. Sine our institutionhas four buildings, room shedules that would besattered throughout the buildings are not desired.So during the room sheduling proess we wouldlike to �nd for eah ourse suh a room assignmentthat will minimize the walking distane for ylipath that visits eah assigned room one per yle,whih is in essene a TSP problem [11℄. Sine itis well known that TSP belongs to NP-hard lassof problems, it was unaeptable to write a proe-dure that would, in order to evaluate the quality ofroom shedule, try to solve all aompanying TSP-s (one for eah ourse). The main reason is thatwhen using a geneti algorithm in order to solvethe sheduling problem, we must be able to eval-uate thousands of shedules per seond. And thatwould not be possible if the evaluation required so-lutions of TSP problems.Instead, we deided to simplify things (or to om-pliate it). Sine for eah room we had data onroom's building and room's �oor, we deided tomeasure a quality of ourse's room shedule byounting the number of buildings and the number of�oors its rooms were loated in. The idea was to fa-vor the shedules that for a single ourse stay on thesame �oor; for bigger ourses use multiple �oors ofthe same building, and only for large ourses spanaross multiple �oors and multiple buildings.

Finally, there is one additional requirement thatdesribes the quality of room shedule, whih wedeided to inlude - a room preferability. We havethree types of rooms: �at lassrooms, amphithe-ater rooms, and omputer laboratories. During theexams, all three kinds of rooms are used. However,�at lassrooms are the most preferred, sine heat-ing in that kind of rooms is rather di�ult. Am-phitheater rooms are less preferable, sine they al-low easier student heating during the exam. Com-puter laboratories are least preferable, sine stu-dents are plaed rather lose to eah other. So theroom shedule should have best possible quality,when onsidering room preferability.In order to ollet all of required data, we enabledeah ourse to adjust two room parameters: thenumber of students that the ourse is willing toshedule into a room, and the number of teahingsta� members that the ourse requires to be presentin the room.2.5 Geneti algorithm for roomshedulingWe implemented a steady-state geneti algorithmontaining a population of 1000 hromosomes. Weindued a ring topology into population, and lim-ited geneti operators to work only on losely po-sitioned parents. In order to do so, we de�ned aparameter neighborhood n and set its value to 10.The pseudo ode of the algorithm is as follows.fun GA(timeslot Ti)initPopulation(Ti)while(!stoppingCondition) {i = seletChromosome(0,popsize);j = seletChromosome(i-n,i+n);k = seletChromosome(i-n,i+n);(p1,p2)=best(i,j,k); = reateChild(p1,p2);if(better_than(,urrentBest)) {stagnationCounter=0;} else {stagnationCounter++;}replae worst(i,j,k) with ;}return urrentBest;In eah iteration, a random hromosome is se-leted and then two more hromosomes are seleted



from its neighborhood. The better two are seletedto be parents. Crossover and mutation operatorsare applied on the parents. Finally, on hild a lo-al searh was performed. The worst of the threehromosomes initially seleted is then replaed. Ifthe hild is better than the urrently best solutionpresent in the population, stagnation ounter is re-set; otherwise, it is inremented. Stopping ondi-tion is set to true when stagnation ounter reahes1,000,000.Funtion GA is then alled one for eah time-slot,in order to reate time-slot room shedule, sine thetime slots are nonoverlapping.The implementation of geneti algorithm forthis partiular problem is rather straight-forward.There is only one detail left to be explained: theoriginally presented problem is a lear ase of multi-objetive optimization (take enough rooms to allowall students to take exam, minimize total numberof sta� members, maximize quality of shedule interms of number of �oors and number of buildings).To handle multi-objetive optimization problems,evolutionary algorithms an work with the prinipleof domination. Namely the problem whih arises inmulti-objetive optimization is how to ompare twosolutions? In our ase, is it better to have a shed-ule that for some ourse requires 10 sta� membersand spans over three �oors, or to have a shedulethat for some ourse requires 11 sta� members andis loated on a single �oor? The domination prini-ple allows suh algorithms to avoid suh questions,and to provide to the user a seletion of variousshedules eah having di�erent qualities. However,in our ase there were priorities whih had to betaken into aount, so we deided to take anotherstandard approah: to transform multi-objetiveproblem into a single objetive one, partially byinduing strit hierarhy among various solutionquality measures, and partially by using weightingapproah.The quality of a solution is represented as a fourdimensional vetor q. The �rst omponent (q[0])is the total number of plaes missing in order forall students to be able to take exam (some ourseshave not enough assigned rooms). This omponentshould be minimized to 0. The seond omponent(q[1]) is the total number of alloated extra-plae,whih are unused by students. This omponentshould also be minimized, in order to prevent solu-tion in whih small ourses (e.g., with 15 students)

get large rooms (e.g., for 70 students). The thirdomponent is the total number of alloated sta�members required for the shedule. Finally, thefourth omponent represents shedule's loationalquality and preferability, and is alulated as fol-lows.Set preferabilityPenalty to 0. Then, for eahroom assigned in a shedule, if it is an amphithe-ater, inrement preferabilityPenalty by 9, and if itis a laboratory, inrement preferabilityPenalty by
15. Set loationPenalty to 0. For eah ourse Ci inshedule alulate the number of buildings nb andthe number of �oors nf on whih there are roomsassigned to that ourse. Inrement loationPenaltyby 70 · (nb − 1) and by 23 · (nf − 1). Finally, set
q[3] to the sum of preferabilityPenalty and loation-Penalty. Weights and other �xed numbers used forthis alulations were empirially determined forauthors partiular problem. For other problems(di�erent number of buildings, �oors et.) the useran adjust this values to better suit his sense of"shedule quality".One the solution is fully evaluated, solutionomparison is implemented as follows:ompare(s1, s2) {if(s1.q[0℄!=s2.q[0℄) {return s1.q[0℄!=s2.q[0℄;} else if(s1.q[2℄!=s2.q[2℄) {return s1.q[2℄!=s2.q[2℄;} else {return s1.q[1℄+s1.q[3℄-(s2.q[1℄+s2.q[3℄);}The omparison method must return a valuewhih is negative if s1 is better than s2, zero ifthey are equal, and a positive value otherwise. Asan be seen from the algorithm, the most impor-tant riteria is to alloate enough spae for all ofthe students. Only when omparing two sheduleshaving equal number of missing plaes, omparisonwill hek the total number of assigned sta� mem-bers, and if there is still no di�erene, omparisonwill hek the sum of extra-alloated plaes andpreferabilityPenalty and loationPenalty.2.6 Loal searhLoal searh proedure is implemented as follows.For eah ourse (in a randomly determined order),
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Figure 1: Algorithms performane with loal searhproedure enabled
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Figure 2: Algorithms performane with loal searhproedure disabledif there is extra alloated plae, an attempt is madeto randomly dealloate some of rooms, but preserv-ing enough plaes for the students (no shortage willbe reated). Then, for eah ourse, if there is notenough alloated plaes, an attempt is made to ran-domly alloate additional rooms (if possible).Di�erene in algorithm performane with andwithout loal searh is learly illustrated on Fig-ure 1 and Figure 2. To obtain even a omparableresults, the algorithm with loal searh disabled re-quires about 100 times more iterations (about 106iterations versus 104), making the searh proedurea must-have if time-behavior is important. On Fig-ure 1, q[0] is not visible sine it falls to zero in �rstiteration.The results obtained for �rst exam period of ur-rent semester are enouraging. Compared with the

same semester of previous aademi year (in whihthe sheduling was done by hand), a number ofourse enrolments have risen for about 6%. How-ever, using the shedule we generated the require-ments for teahing sta� members have fallen forabout 3.4%, from to 524 to 506.3 Student group assignmentAt our institution, students are enrolled in a prede-�ned set of obligatory (non-eletive) ourses. Apartfrom that, they are allowed to deide whih addi-tional eletive ourses they will enroll, in order toahieve better speialization. At the beginning ofeah semester, enrollment proess is divided intotwo phases. During the �rst phase, students de-ide whih of the eletive ourses they will enroll.During this phase, the majority of students sub-mit theirs enrollment appliations. Then, the en-rollment proess is temporarily suspended, and aleture shedule is reated, with maximal e�ort toallow all of the enrolled students to lake letures.At this moment letures begin.Unfortunately, there is always a ertain perent-age of students whih did not submit its enroll-ment appliation during �rst enrollment period, soat this point, enrollments are resumed, with one dif-ferene: sine the leture shedule bas already been�xed, enrolled students are not automatially as-signed into leture groups. Instead, a list of all lateenrollments is omposed. All of students on thatlist ompete for remaining empty plaes in leturerooms. In an attempt to allow all of the studentsto take the letures of enrolled ourses, additionalsheduling problem is formed: it is neessary toblend all of the late enrolled students into existingleture shedule so that all of them an take all ofenrolled letures, and without overapaitying theleture rooms, if possible, or to reate a best pos-sible group assignment with minimum number ofoverapaitated rooms and shedule on�its.To do so, a list of required data is olleted, asfollows.
• A list of late enrolled student-ourses thatmust be assigned into leture groups.
• For eah ourse and eah ourse-group the le-ture shedule for omplete semester.



• For eah ourse and eah ourse-group thenumber of regularly enrolled and assigned stu-dents.
• For eah ourse a set of onstraints that mustbe satis�ed with regard to number of studentsin leture groups.The need for the lastly mentioned onstraints anbe justi�ed by a simple example. Let us assumethat students of the �rst year are divided into tengroups: 1.01 to 1.10. Let us further assume thatgroups 1.01 and 1.03 take letures on ourse c1 si-multaneously in room r1, while on ourse c2 theytake separate letures: 1.01 in room r2 and 1.03 inroom r3. From this example, it is obvious that thefollowing must hold:ount(1.01) + ount(1.03) <= apaity(r_1)ount(1.01) <= apaity(r_2)ount(1.03) <= apaity(r_3)In general ase, there is no guarantee that addi-tional students an be blended into existing letureshedule, so one of the goals of optimization proessis to try to satisfy as many onstraints as possible.3.1 Atual data and algorithm im-plementationAt authors institution this semester we had a num-ber of late enrolled students. For ourses on whihall groups attend letures at the same time, stu-dents were assigned to any of the ourse groups. 38students remained on 18 ourses having multipleleture groups, that had to be sheduled (a total of89 student-enrollments, or approximately 5 oursesper student). A total number of onstraints presenton those 18 ourses was 90).A typial steady state geneti algorithm was em-ployed, working with population of 1500 hromo-somes. The hromosome evaluation funtion wasimplemented as follows. For all unsatis�ed on-straints ci: g1 + g2 + ... + gn ≤ Ni over�ow is al-ulated as oi = g1 + g2 + ... + gn − Ni. Then,for eah sheduled student sj a total amount ofon�iting leture-hours hj is alulated. Penaltyfuntion whih is then minimized by geneti algo-rithm is alulated as:

penalty = 4 ·
∑

i

oi + 2 ·
∑

j

hj.
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IterationsFigure 3: Algorithm's performane on shedulingunsheduled studentsWeights used here were determined empirially.The performane of the algorithm is shown inFigure 3. As it an be seen, the sheduling proess�nished rather suessfully: only two onstraintswere broken by 1, produing 66% of penalty 4 · (1+
1) = 8, and one student ended up with two hoursof on�iting letures, produing the rest 33% ofpenalty 2 · 2 = 4, whih totals 12. Careful postanalysis disovered that it was not possible for thestudent in question to �nd a better shedule.4 Conlusion and Future WorkAt the present time, more and more students areenrolled at universities. The ever-inreasing num-ber of enrollments poses serious problems for fa-ulty administration involved in solving a variety oforganizational issues. Solving these problems byhand had beome an impossible mission, espeiallyif the solution quality is onsidered.In this paper we desribed a suessful deploy-ment of today available omputation power to helpwith two ommon problems faed by many univer-sities. The problems were takled by two imple-mentations of geneti algorithms, both of whihproved to be very apable. Usage of those algo-rithms enabled us to provide a higher quality ofstudying to students: late enrolled students weresuessfully blended into existing leture shedule,while still allowing them to enroll requested eletiveourses. Course sta� was also deburdened, and foreah ourse exam a non-on�iting room shedulewas reated, whih produed additional bene�t �
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