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OPTIMIZATION ALGORITHMS OVERVIEW FOR COURSE
SCHEDULING

Abstract. Today we have a lot of optimization algorithms that can be
used for course scheduling, but the main question is which of them fulfills our
requirements better and what are the advantages of one from the others. Since
course scheduling 1s an NP-problem, in this article we will look at a few of
algorithms that are used to solve different problems and have proved themselves
only on the best side and compare their main advantages. When comparing, we
will rely not only on the accuracy of the results, but also on the speed of solving
complex problems, and on solving complex conditions.
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B

Anrnatna. byrigge Oi3me KenTereH alropHTMIepl KypcTap KecTeclH
OHTAIUTAHIBIPY YIIIH MaiizamaHyra Oonamel, Olpak OacTel Macele, KailCBICHI
6131iH TamamTapra JKaKchl jkayam Oepell JKeHe KaliChIChl OacKachblHaH
apTBIKIBUIBIKTapel  Oap.  Kypc  xkocmapiay  NP-mpobGiema  Gomeim
TaOBIITaTBIHABIKTAH, OCHI MaKalaZa 013 OlpHellle alropHTMIep KapacThIpaMbI3,
olap ap TYpJl MIHIETTep i IIeNly YIIH MaiilaTaHBUIaIBl KoHe ©3]IeplH TeK
KaKChl ~ JKaFblHAH  KepceTTl, COHbIMEH KaTap  OJapIblH  HeTI3rl
apTHIKIIBUTBIKTAPBIH CaTbICTBIpaMbi3. CalbICTBIPY Ke3iHjle, 013 HaTIDKeNepiHiH
JQITIHE FaHa eMeC, COHJail-aK KypJell MIHIeTTepl IIeNy JKbUIAaMIIbIFbI
MeH KypJIel JKaFIaii/Ibl Menry KepceTKINiHe KapaiiMbI3.

Tyiiin ce3aep: anropnT™, baranay KecTecl, Kypc, IIeKTey.

% ek

Annotanus. CeroiHs y Hac eCTb MHOTO QJITOPHTMOB ONTIMH3AIIIIIL,
KOTOpBIe MOJKHO HCIIOJB30BaTh JUIS COCTABJIEHHS pPACIHCaHHIS KYpPCOB, HO
TJIaBHBIII BOIIPpOC B TOM, KakoIl 13 HHX JydiIe oTBeHacT HalllHM I‘peGOBaHIIHM 51
KaKOBBI IIPeHMYIIeCTBa OQHOT0 Hal ApyriMIL. ITocKoIBKyY IiTaHpoBaHHe Kypca
apiaseTcsa NP-mpodieMoii, B 3TOH CTaTbe MBI PACCMOTPHM HECKOJIBKO
aJTOPUTMOB, KOTOpBI€ HCIIONB3VIOTCSA JUIS pellleHHs pa3lIHyHbIX 3a1ad 1
3apeKOMeHI0BaIH ceds TOMBKO C Jyullleil CTOPOHBI, H CPABHHM HX OCHOBHBIE
npenmyiectsa. [Ipi cpaBHeHHN MBI OVIeM MoJIaraTbCs He TOJIbKO Ha TOUYHOCTh
PE3Y/IBTATOR, HO H Ha CKOPOCTE PEIICHNA CIIO0XKHBIX 3aJlal, d TAKAKS Ha PEOICHIC
CIIOKHBIX YCIOBHIL.

KaroueBble c;10Ba: aIropuT™, OlleHKa, IpadlK, Kypc, OrpaHIUeHIe,
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Introduction

University course scheduling is assigning set of time periods and rooms
to a course by scheduling lectures of this course by applying a variety of hard
and soft constraints [1]. Constraints are a set of rules for creating a course
schedule; they are divided into two types, hard and soft constraints. Our task is
to comply with Hard constraints and, if possible, reduce the mismatch to soft
constraints. Optimization algorithms each help to solve this problem.

Analysis

To compare the algorithms we choose the concept of score. The more the
result matches hard and soft constraint, the higher the score the algorithm will
score. Below we will familiarize ourselves with the four types of well-known
algorithms and their principles of operation.

A. Hill Climbing

Hill Climbing 1s a simple local search which tries to find moves with
highest score. By trying all selected moves and taking best move. And from this
action, he further cycles through all the options to find another best action. When
finding several best actions, he randomly selects one of them as the best.

The dignity of choosing the best action may seem like a good solution, but
the choice can lead to a local maximum. This happens when further actions can
worsen the result. If even one of them is selected, then the search trace may again
lead to the previously selected result.

The Hill Climbing pseudo-code is:

current = start

Loop do
list = neighbours(current)
nextEval = -infinite;

nest = nill;
for all a in list
if eval(a) > nextEval
next = a;
nextEval = EVAL(a);
if nextEval <= EVAL(current)
return current; // Returning current, cause no best found
current = next;

Figure 1. Hill Climbing pseudocode

B. Tabu Search

As described Fred Glover, Tabu search is a strategy for solving
combinatorial optimization problems whose applications range from graph
theory and matroid settings to general pure and mixed integer programming
problem [2]. It works like Hill Climbing, the difference 1s that 1t holds a tabu list
to avoid local maximums. During movement it is not possible to use the objects
that are on the list, since they have already been used. A list can be anything that
relates to movement. The list is often customizable.
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sBest  s@
bestCandidate ¢ s@
tabuList ¢« []
tabuList.push(s@)
while (not stoppingCondition())
sNeighborhood ¢ getNeighbors(bestCandidate)
bestCandidate ¢ sNeighborhood[®]
for (sCandidate in sNeighborhood)
if ( (not tabuList.contains(sCandidate)) and (fitness(sCandidate) > fitness(bestCandidate)) )
pestCandidate ¢ sCandidate
end
end
if (fitness(bestCandidate) > fitness(sBest))
sBest ¢ bestCandidate
end
tabuList.push(bestCandidate)
if (tabulList.size > maxTabuSize)
tabulList.removeFirst()
end
end
return sBest]

Figure 2. Tabu Search pseudocode

C. Simulated annealing

Simulated annealing algorithm works in such manner: A step to be a
winning step, it’s move shouldn’t decrease the score. Some case move can
decrease the score if it passes a random check. The chance of passing this check
decreases relative to the size of score decrement and time the phase passes. The
main advantage of this algorithm is that it gives a chance to be selected actions
that do not improve the general condition.

1 s = s@
For k = @ through kmax (exclusive):
T ¢ temperature( (k+1)/kmax )
Pick a random neighbour, snew ¢ neighbour(s)
If P(E(s), E(snew), T) 2 random(@, 1):
s € snew
Output: the final state |

Figure 3. Simulated annealing pseudocode

D. Late acceptance

Known also as Late Acceptance Hill Climbing, accept the move which do
not decrease the score, or it leads to score that is at least the late score. By
Edmund K. Burke and Yuri Bykov stated this algorithm at each iteration, a
current solution is used to determine the acceptance of a new candidate. In other
words, a candidate solution i1s compared with a current one and accepted when
its cost function 1s not worse. Our idea is to delay this comparison, namely: to
compare the candidate solution with a solution, which was “current” several
steps before. Here, each current solution still takes on the role of an acceptance
benchmark, but it will be used at later steps [3].
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Produce an initial solution s
Calculate initial cost function C(s)
Set the initial number of steps I=0
For all k in ( @.. L-1 ) C_hat[k]=C(s)
Do until a stopping condition
Construct a candidate solution s*
Calculate its cost function C(sx)
v =1modL
If C(s*) <=
16 Then accept
Insert cost

C_hat[v]

Sk

value into the list C_hat[v] = C(s)
12 Increment a number of steps I=I+1

13 End do|

Figure 4. Late Acceptannce pseudocode

Daraser
The main goal is to schedule courses of a university, so our dataset
formed from course definitions, lecturers, rooms and groups.

Lecturer Course Definition
PR | Lecturerid 0 PX
PK Groupid
FirstName FK1 | Lecturerid L a—
] Swdent size
LastName Hours ¥
Typa
(
Hall Course Pariod

PR | Hat 1. P Coursald o< PK | Pariodia

No CoursaDefintionid Diay' of Week
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Figure 5. Dataset Relation

Also we will evaluate 3 type of course size to know how it impacts result
of algorithm evaluation. And the amount of other dependent data corresponds to

its number of courses.

Table 1. Dataset types
AbBHarypa Course size
Problem 0 200
Problem 1 400
Problem 2 800
Comparison

For a full check, we will compare the result of the execution of the

compared algorithms using the optaplanner opensource program [4]. It integrates
easily with other programs and has a very rich and subtle settings. All algorithms
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are also supported and a benchmarker is built in to compare results. Below 1s the

result of running benchmarker for 5 minutes.

Table 2. Hard and soft score result. 5-minute timing.

Sulver Totsl Herage ‘Standard Devistion Protem
Protlem o

Hil cimbing () O T st «Lnare. Fine: La/mT thasaticr ()

Tabu Search ) @ hand 11750l el Bt 523088 Chasd et ()

Simubared areealing n o -1Shani-3S4sof -Shard-] 18sat 63057 78 Ohast-S4mo o

Late Acceptance €3 () “tard 2007 skt -Zhesel GTematt 2074800 Chesd 09=ctt ()

Protiem 1
arardiner (@)
Ohard! 2150t
-thar- 1530t ) @
Ohard! 22scht €

Probiem 2
-anai-Tasan )
Lihers 3ok 3
aner-107s0 €3 O

shant 17050k €9 @

The Hill Climbing algorithm works well for data such as ours and
beyond, so if it 1s important to get the result very quickly, then the Hill Climbing

algorithm is a good choice.

Below figure 6 you can follow the order of growth of compliance with
the rules for elapsed time. The Hill Climbing algorithm works well for data such

as ours and beyond, so if it is important to get the result very quickly, then the

Hill Climbing algorithm 1s a good choice.

Problem_2 best hard score statistic

203 pa— e amams
Trma spent

— Holl Climbing (avorte) — Tabu Search . Simuiated anneakng  Late Accaptance

amise

Figure 6. Hard and soft constraint satisfaction vs time consume

Below table 2. you can follow the order of growth of compliance with

the rules for elapsed time.

Table 3. Hard and soft score result. 20-minute timing.

Solver Total Average Standard Deviation Problem
Problem 0

Hill Climbing €9 € Zhard/-17soft Lhard Gsoft 1.006.03 Oharatosol ()

Tabu Search €D @ Thard/-T0soft Shard-24soh 3.37/24,88 Ohardi-1500 (D

Simulated annealing €3 € 3Mard-593s0ll hard-198sol 141170.95 Oharr-29500 (€D

Late Acceptance () Ohard-7B0solt Onardi-260s00 0,0E0153.51 Ohardr-63son (€D
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For the same data, we will run a benchmark with a time of 20 minutes
and look at the final result and the implementation of compliance restrictions.

Problem_2 best hard score statistic

Best awd score

=
w
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Figure 7. Hard and soft constraint satisfaction vs tfime consume

Here, according to the results, Late Acceptance showed itself well. In
which growth shows stability. For big data, it’s similar to ours and when time
allows, you need to use this algorithm.

Discussion

The dataset size and evaluation time has impact on the desired result, so
you need to analyze it with different values to get the best result. Also, following
the graph, you can combine the algorithms, first apply Hill Climbing, since it
shows itself well at first, then applying Late acceptance which shows stable
growth and gives the best result for long-term work.

Conclusion

As a result, all algorithms are designed to solve the course generation
problem, but they do it differently. The four algorithms considered can still be
compared with other metaheuristic algorithms to obtain even better results.

When comparing, we compared the results for a short run time where the
Hill Climbing algorithm showed better, also checked for a long run time, where
another Late Acceptance algorithm showed the highest result.
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