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Abstract: This paper introduces a framework for a highly constrained school timetabling problem,
which was modeled from the requirements of various Finnish school levels. We present a success-
ful algorithm to solve real-world problems as well as artificial test problems. Moreover, we find
the best configuration for this algorithm using brute force and statistical analyses. Finally, we pro-
pose a set of benchmark problems that we hope the researchers of the timetabling problems would
adopt.
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1. Introduction

In recent years many solution approaches for different timetabling problems have been introduced.
Most of the work has concentrated on examination timetabling, university timetabling and course
timetabling [1,2,3,4,5,6]. Timetabling researchers have obtained very promising and practicable
results in these problem areas. However, school timetabling has not been as extensively studied,
and widely usable results are not yet available. The school timetabling problem [7] consists of as-
signing lectures to periods in such a way that no teacher, class or room is involved in more than
one lecture at a time and other constraints (hard and soft) are satisfied.

The main focus of this paper is to introduce a successful algorithm to tackle highly constrained
school timetabling problems [8,9]. The algorithm is controlled with nine different parameters. For
seven of these parameters we searched the best values using both brute force and statistical analy-
ses. Two different methods were mainly used because we wanted to confirm that the chosen pa-
rameter values were the best ones. Two parameters were excluded because they have a great im-
pact on the running time and therefore make the results incomparable (see Chapters 2-4).

Another point of this paper is to propose a set of benchmark instances and publish them as well as
our results on the web. We wanted to lay out the foundation of comparable results (see Chapter 5).
This idea is presented (by Schaerf and Di Gaspero) in [10].

2. Problem Description

We describe a school timetabling problem that arises in various Finnish school levels: secondary
school, high school and college. This problem description is representative of many timetabling
scenarios within the area of school timetabling. The timetabling is based on the following condi-
tions:
- The timetable frame consists of n weeks; each week has m days and each day t periods (timeslots).
- The lecture is a predefined combination of a teacher, a class (or course), a room and the length of
the lecture in periods.
- The set of teachers, classes/courses and rooms is fixed.
- More than one teacher can teach a particular class at the same time.
- Each class should have at least a given number of periods in a day, but should not have more than
another given number of periods.
- The classes/courses can have common students.
- Some classes/courses must precede other classes/courses
- The rooms can be classified to certain room types.
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The school timetabling problem consists of scheduling the predefined lectures in such a way that
the solution is feasible and mostly acceptable to both school staff and teachers. A feasible solution
satisfies the following hard constraints:

No teacher, class/course or room is scheduled to the same period more than once (basic model).

No class/course is scheduled to the same period, if they have common students.

The given lectures are scheduled to the same period.

The given lectures are scheduled for predetermined periods.

For each class the daily minimum and maximum number of periods is respected.

A class/course C; is scheduled to earlier in the week than class/course Cy, if C; must precede C,.

A lecture cannot be scheduled to periods where the teacher, the class or the room is unavailable.
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A solution is most acceptable if it satisfies the following soft constraints:

The timetable of each class should have as few idle (leap) periods as possible.

The school day of some classes should not start in the first period.

The school day of some classes should end as early as possible.

The timetable of some teachers should have as few idle periods as possible.

For some teachers the preferred daily minimum and maximum number of periods is given.
Some teachers prefer not to be scheduled in certain time periods.

Some teachers should be scheduled only on a limited number of days.

The lessons of a subject should be on different days.
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The above formulation covers school timetabling problems occurring in Finnish secondary
schools, high schools and colleges. In lower school levels the problem reminds the basic school
timetabling problem and in higher levels it is more similar to a combination of the school time-
tabling problem and the course timetabling problem [11].

3. The Algorithm

The algorithm presented here is an extension of the h-HCGA algorithm presented in [12]. We have
spent “quiet timetabling research life” since the development of the algorithm and returned to the
problem only recently, when we were asked to schedule the timetables of one secondary school
and one high school. First we spent quite a lot of time trying to improve our original algorithm
with the ideas of Ant Algorithms [13, 14]. Unfortunately we were not able to find competing re-
sults. We moved into improving the parameter values of the h-HCGA algorithm. Table 1 summa-
rizes the parameters and the values from which we were searching the best configuration. Because
two of the parameters have a great effect on computational time, we fixed their values in order to
keep the results comparable.

Extended h-HCGA parameters

F. Population size 20 (fixed)

1. Reproduction/selection Random-average, Random-best, Marriage-best
F. Maximum move sequence 10 (fixed)

2. Tabulist size for the GHCM-operator 0,5, 10

3. Tabulist size for overall moves 0x, 1.5x, 2x, 4x (maximum move sequence)

4. Type of removal check All, Hard, Hard or Soft

5. Fitness calculation Absolute, Weighted

6. Update frequency of hard constraint weights 5,10, 20

7. Prevention of same lessons No, Yes

Table 1: Parameter summary of the extended h-HCGA algorithm.

The algorithm is a genetic algorithm [15,16] with one mutation operator and no recombination op-
erators. The two most important features of the algorithm are the greedy hill-climbing mutation
(GHCM) operator, which generates a new solution candidate from the current solution and the
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adaptive genetic penalty method (ADAGEN), which is a multiobjective optimization method
[17,18,19,20].

The GHCM operator is based on moving a lecture |; from its old period p; to a new period p,,
moving another lecture I, from period p, to a new period ps and so on, ending up with a sequence
of moves. The initial lecture selection is random. The new period for the lecture is selected consid-
ering all possible periods and selecting the one which causes the least increase in the cost function
when considering the relocation cost only. Moreover, the new lecture from that period is again se-
lected considering all the lectures in that period and picking the one for which the removal causes
the most decrease in the cost function when considering the removal cost only. The operator stops
if the last move causes an increase in the cost function value and if the value is larger than that of
the previous non-improving move.

We noted in [12] that we can improve the GHCM operator by introducing a tabu list, which pre-
vents reverse order moves in the same sequence of moves. We can also prevent only some of the
moves (parameter 2). To further widen the use of the tabu list, we can prevent reverse order moves
in consecutive move sequences (parameter 3), that is in consecutive applications of the GHCM
operator.

The ADAGEN method is an adaptive penalty method for multiobjective optimization. A tradi-
tional penalty method assigns positive weights (penalties) to the soft constraints and sums the vio-
lation scores to the hard constraint values to get a single value to be optimized. The ADAGEN
method assigns dynamic weights to the hard constraints. The weights are updated in every k™ (pa-
rameter 6) generation using a somewhat complicated formula [12].

The reproduction operation [21] of the (genetic) algorithm is based to a certain extent on the
steady-state reproduction [22]. We select randomly a timetable from the population of timetables
for single GHCM operation. The new timetable replaces the old one if it has better or equal fitness.
We have three variations (parameter 1). In the first one the new timetable replaces also the least fit
in the current population if it is better than the current population average. In the second one the
least fit is replaced with the best one, when n better timetables have been found, where n is the size
of the population. In the third one we use the second variation but select a timetable using a mar-
riage selection [23].

When selecting a lecture to be removed from a period (parameter 4), we can consider either all the
lectures in that period or only those that have at least one constraint violation with the lecture that
was moved to that period previously. We can also consider only hard constraint violations. When
calculating the best lecture to be removed and the best period to move to (parameter 5), we can use
either absolute number of constraint violations or the weighted penalty value of the ADAGEN
method.

We also tried (parameter 7) to programmatically prevent lessons of a subject to be on the same day
(soft constraint 8). Another possibility would have been to change it to a hard constraint.

In preliminary experiments the extended h-HCGA algorithm found encouraging results. Some pa-
rameter values seemed to produce better results than others. Our next goal was to find the best con-
figuration for the parameter values.

4. Finding the Configuration

We had two possible choices for the process of finding out the best configuration of parameters:
brute force and statistical methods. The brute force approach was very attempting because we had
the possibility to use up to 78 computers. We decided to use brute force but also analyze the runs
using standard statistical methods. We also performed “what-if” analyses on the runs using the
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Friedman test [24] in similar fashion to Birattari & al. [25]. We used the highly constrained
benchmark instance C3 (see chapter 5) in our test runs.

For the runs to be comparable in computing time we had to fix two parameter values (see table 1).
The rest of the parameter values were such that they did not influence the convergence time. The
total number of configurations was 1296 but because the tabulist size for overall moves has no ef-
fect when tabulist size for GHCM-operator is zero, we were left with 972 configurations.

Our goal was to find a configuration which would minimize the hard constraints to zero. The con-
figurations were ranked according to hard constraints. We decided to run every configuration five
times and for two hours each, on an AMD Athlon 1700+ with 512Mb of memory. For every gen-
eration of the algorithm we saved the number of hard constraint violations.

At first we only considered those runs that had ended up with zero hard constraint violations — 218
out of 972 runs met this criterion.
4.1. Choosing the Configuration

We started analyzing the results by counting how many times each value of each parameter oc-
curred in the best runs. Table 2 summarizes the results.

Parameter Values and occurrences
1. Reproduction/selection Random-average = 38%,
Random-best = 40%, Marriage-best = 22%
2. Tabulist size for GHCM-operator 0=20%, 5=42%, 10=38%
3. Tabulist size for overall moves 0x =18%, 1.5x=25%, 2x=26%, 4x=31%
4. Type of removal check All=29%, Hard =63%, Hard or soft=8%
5. Fitness calculation Absolute = 64%, Weighted = 36%
6. Update frequency of hard constraint weights 5=48%, 10=30%, 20=22%
7. Prevention of same lessons No=77%, Yes=23%

Table 2: The chosen values (bolded) after brute force runs.

The best value for the last four parameters could easily be chosen (tested with the t-test). The first
three, on the other hand, required further investigation.

Next we ran the chi-squared test [24] pairwise between all parameters. We were especially inter-
ested in those test cases which included the chosen parameter values. Unfortunately none of the
chi-squared tests showed statistically significant dependencies among the parameter values. We
enlarged the chi-squared test to include also those runs that had ended up with one hard constraint
violation, but that did not change the test results. (These statistical tests can be obtained from us at
request.)

At this phase we were still not able to find the values for the first three parameters. However, we
were able to reduce the number of free parameters from 972 to 16 (the combination of chosen pa-
rameter values of each parameter). For the reproduction/selection, the tabulist size for GHCM-
operator and the tabulist size for overall moves we were not able to choose one specific value.
That strengthened our decision to use statistical methods.

4.2. Statistical Methods

Birattari & al. [25] have developed a process, F-Race, in which they start with a considerable large
population and eliminate individuals from it with the help of statistical methods. The idea is to
eliminate an individual from the population as soon as it can be statistically significantly proven
that the individual is not performing good enough. The process can be thought of as a race where

389



390

MISTA 2007

every individual competes against each other. At specific intervals the performance of each indi-
vidual is checked and the poorly performing ones are dropped out from the population. This proc-
ess is well suited for problems with extensive number of parameters.

We tested this method to see how it would have worked in this case. However, we did not use the
actual racing algorithm — we only tested the runs to see which ones would have dropped out after
two hours of running. From the output of the runs we sampled ten evenly spaced observations.
This meant that we had 972 treatments (configurations) and 10 blocks (samples) for the Friedman
test.

Table 3 summarizes the results of the Friedman test for the case of the eliminated runs. When we
compare this with table 2 we can see that these results are very compatible with each other. For
example, table 2 tells us that in the 218 runs 63% of the configurations had parameter type of re-
moval check set to value Hard. Table 3, on the other hand, tells us that only 7% of the eliminated
runs included configurations where this parameter was set to value Hard. The information in the
two tables supports each other very well.

Parameter Values and occurrences
1. Reproduction/selection Random-average = 21%,
Random-best = 34%, Marriage-best =45%
2. Tabulist size for GHCM-operator 0=45%, 5=24%, 10=31%
3. Tabulist size for overall moves 0x =29%, 1.5x=20%, 2x=28%, 4x=23%
4. Type of removal check All =21%, Hard= 7%, Hard or soft="72%
5. Fitness calculation Absolute = 14%, Weighted = 86%
6. Update frequency of hard constraint weights 5=16%, 10=28%, 20=56%
7. Prevention of same lessons No =30%, Yes=70%

Table 3: The chosen values (bolded) in eliminated configurations.

In the brute force runs we were not able to choose the best values for the first three parameters.
Here the best value for the reproduction/selection is Random-average. The difference between the
values Random-average and Random-best is statistically significant at 0.001 level when measured
with the t-test. Therefore we chose the value Random-average for parameter reproduc-
tion/selection.

The other two parameters show no statistical difference between the values. We chose value 5 for
the parameter tabulist size for GHCM-operator because both tables indicate that this could be the
best value (though not statistically significantly differing from value 10). The parameter tabulist
size for overall moves shows no difference in goodness of the values. The value was chosen to be 2
because we felt it could be the best value.

5. Standard Benchmark Instances

In school timetabling we do not have a set of standard test problems, as is the case in examination
timetabling [10]. We now introduce some test instances and hope that they will lay the foundation
for the standard universal benchmark instances for school timetabling problems.

The first set of test problems consists of all-N-problems introduced in [12]. These artificial prob-
lems have a timeframe of N days with N periods in one day totaling N? periods. There are N teach-
ers, N classes and N rooms. All possible combinations of a teacher, a class and a room are to be
scheduled. This will give us N* lectures to be scheduled. The problem is quite difficult to solve
since a feasible solution has no idle periods for any teacher, class or room.

The second set of test problems consists of Abramson-N-problems introduced in [26]. These artifi-
cial problems have a timeframe of 30 periods. The lectures are built by first choosing a random
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teacher and class and room identifiers and then placing that lecture in the first possible period. If
the lecture cannot be placed in an available period, then it is discarded and another one is gener-
ated. This process continues until all teacher, class and room identifiers have been used. The re-
sulting timetable has again no idle periods and thus is tightly constrained.

Both all-N-problems and Abramson-N-problems are excellent test instances since
a) every single school timetabling algorithm can tackle them because they are the simplest
version of the problem (basic model) and
b) we can easily increase the problem difficulty by increasing N.

Problem identifier B3 S3 H3 C3
School level Artificial school | Secondary school | High school College
#Weeks 1 1 1 1
#Days 5 5 5 5
#Periods per day 4 7 7 8
#Teachers 21 25 18 46
#Classes/courses 11 14 50 41
#Rooms/room classes 3 25 13 34
#Lectures 169 280 219 387
#Periods in lectures 200 306 320 854
#Clashes 3020 8590 6420 28574
(hard constraint 1)

#Overlapping classes/courses | 11 0 52 20
(hard constraint 2)

#Unavailabilities 108 600 72 328
(hard constraint 7)

Soft constraint 1 in use Yes Yes No Yes
Soft constraint 4 in use Yes Yes Yes Yes
Soft constraint 6 in use No Yes Yes No
Soft constraint 8 in use Yes Yes Yes Yes

Table 5: Summary of one artificial and three real-world problems.

The third set of problems consists of one artificial problem and three small to medium-sized real-
world problems in Finnish schools, one from each school level. Table 5 summarizes these four
problems. The data for these problems has been published on the web [27]. In all of these prob-
lems we are searching for a feasible solution which optimizes soft constraints 1, 4, 6 and 8. Other
soft constraints are not in use. These four problems are good test instances since

a) most of the school timetabling algorithms should be able to tackle them because they are

not too complicated versions of the problem,
b) they are quite moderate-sized and
c) they are different from each other.

The C3 problem is the most constrained and thus the most interesting one. We solved six problems
from the standard benchmark instances: All-11-problem, Abramson-15-problem, B3, S3, H3 and
C3. We used the parameter values found in the statistical analysis. To keep the results fair we did
no further fine-tuning to the extended h-HCGA algorithm. The test runs were performed using the
same computers as in Chapter 4. Table 6 summarizes the results.

Furthermore, we decided to run the algorithm using a simulated annealing refinement introduced
in [12]. When the GHCM operator selects a new period for a lecture I;, we apply the following se-
lection mechanism. Periods are examined in random order. A period is selected as the current best
one if its fitness is less than the current best one or if the current annealing temperature [28] ac-
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cepts their difference. The same mechanism is used in the GHCM operator while removing a lec-
ture. Note that the GHCM operator does not accept upward (increasing cost) move sequences,
even if a single move can be upward. Table 6 summarizes the results using the simulated annealing
refinement. It also shows the best manual solution the staft of the schools were able to find. The
best solutions we have found in all of our experiments can be found in [27].

Problem identifier Nbr of runs | Single run time | Best Median | Worst Best manual
Extended algorithm

All-11 8 8 hours 0-0 0-0 0-0
Abramson-15 8 8 2-0 31 4-0

B3 8 8 0-3 1-0 1-6

S3 8 8 0-2 0-2 0-3

H3 8 8 0-3 0-3 0-3

C3 8 8 0-2 0-4 0-6

With SA refinement

All-11 8 24 hours 0-0 0-0 0-0
Abramson-15 2-0 2-0 3-1

B3 0-2 0-5 1-1

S3 0-2 0-2 0-2 0-8
H3 0-3 0-3 0-3 0-12
(5 0-1 0-1 0-3 0-10

Table 6: Results for standard benchmark instances and the best manual solutions. For example,
the value 1-6 stands for one hard constraint and six soft constraint violations.

6. Conclusions and further work

In this paper we considered a highly constrained school timetabling problem and presented a suc-
cessful algorithm to solve real-world problems as well as artificial test problems. Our algorithm
performs very well in the timetabling problems presented in this paper. In order to find out if sta-
tistical methods could be of any help in solving the parameter values we ran our algorithm with all
possible configurations and analyzed the results using the Friedman test. The Friedman test clearly
implied that it is able to extract poor configurations in favor of the good ones. In the near future,
we will build the racing process into our program. Our research has shown that the chosen parame-
ter values were very good for the problem C3, but we do not know if they are the best for all prob-
lems. Therefore it is best to start with as many configurations as possible and reduce them in time.
We have developed a web page [27] that allows other researchers to download the problem de-
scription, the standard benchmark instances and the computational results.
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