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Abstract

Sport scheduling has received significant attention in
the recent years and has contributed many challenging
applications for optimization technologies. This pa-
per reconsiders the problem of minimizing the num-
ber of breaks in round-robin tournaments, an applica-
tion which has been recently tackled by sophisticated
constraint and mathematical programming approaches.
It proposes a simulated annealing algorithm that finds
optimal solutions very quickly for the largest instances
available. On the larger instances (e.g., 28 teams), the
algorithm is several orders of magnitude faster than ear-
lier approaches. In addition, the experimental results in-
dicate that near-optimal solutions can be obtained with
10 seconds for large instances. Of particular interest
is the simplicity of the implementation, its automatic
tuning of the parameters, and the fact that simulated
annealing is an effective technique for another sport-
scheduling application.

Introduction
The scheduling of sport leagues has become an important
class of combinatorial optimization applications in recent
years for two main reasons. On the one hand, sport leagues
represent significant sources of revenue for radio and tele-
vision networks around the world. On the other hand, sport
leagues generate extremely challenging optimization prob-
lems. See (Easton, Nemhauser, & Trick 2001) for an excel-
lent review of these problems, recent research activities,and
several solution techniques.

This paper considers the constrained break minimization
problem, a classical application in sport scheduling that has
been widely studied (e.g., (Schreuder 1992; Régin 1998;
Trick 2000; Elf, Jünger, & Rinaldi 2003)). Given a sched-
ule for a round-robin tournament without specifications of
the home/away roles, it consists of finding out which team
plays home (resp. away) in each of the game in order to
minimize the number of breaks in the schedule. Breaks are
a common quality measure for schedules and arise when a
team plays two consecutive game at home or two consecu-
tive games away. The break minimization problems arise in
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many sport-scheduling applications, including the schedul-
ing of soccer leagues in Europe.

Sophisticated optimization approaches have been applied
to the break minimization problem, including constraint pro-
gramming (Régin 1998), integer programming (Trick 2000)
and, very recently, an elegant reduction to a cut maximiza-
tion problem (Elf, Jünger, & Rinaldi 2003). The recent re-
sults indicate that problems with 28 teams can be solved op-
timally within reasonable times (e.g., about 8 minutes), al-
though some instances may take significantly longer (e.g.,
about 30 minutes). However, these solutions are rather in-
volved conceptually and employ state-of-the-art constraint
or mathematical programming tools.

This paper proposes a simulated annealing algorithm
(BMSA) for break minimization. Its neighborhood is very
simple and consists of swapping the home/away teams of
a particular game, thus maintaining feasibility at all times.
Its meta-heuristic fully automates the cooling schedule and
the termination criteria by collecting statistics online dur-
ing the search process. BMSA was applied to the instances
proposed in (Elf, Jünger, & Rinaldi 2003). It finds op-
timal solutions to all instances regardless of its (ramdom)
starting schedules. On the larger instances involving more
than 20 teams, it produces significant performance improve-
ments. In particular, it solves instances with 28 teams in
less than 20 seconds in average and never takes more than
2 minutes. Moreover, the experimental results indicate that
BMSA finds optimal or near-optimal solutions to these large
instances within 10 seconds on a 1.66GHz PC. This is an im-
portant functionality, since sport scheduling often requires a
close interaction between the modeler and the optimization
software.

The results are interesting for a number of reasons. First,
they show that there exists a local search algorithm for break
minimization that is both conceptually simple and easy to
implement. Second, they indicate that the performance and
the quality of the algorithm are excellent, even when CPU
time is severely limited. Third, and most intriguingly, the
paper identifies another sport-scheduling application, after
the travelling tournament problem (Anagnostopouloset al.
2003), where simulated annealing is a very effective solution
technique.

The rest of the paper first reviews the problem and related
work. It then presents the neighborhod, the heuristic, and



the meta-heuristic. The experimental results are presented
next before the conclusion.

The Problem
The sport-scheduling application considered in this paper
consists of minimizing breaks in single round-robin tour-
naments. Recall that, in a round-robin tournament withn
teams (n even), each team plays against every other team
over the course ofn − 1 consecutive rounds. Every round
consists ofn/2 games, each team plays exactly once in a
round and each game is played in one of the two opponents’
home. In other words, a feasible schedule satisfies the fol-
lowing constraints:
• Every team plays exactly once against every other team.

• Every team plays exactly once in every round.

• If team i plays at home against teamj in roundk, then
teamj plays againsti away, i.e., ati’s home.

In this paper, feasible schedules are represented by an ×
(n − 1) matrix S, such thatS[i, k] = j if team i is playing
against teamj at home in roundk, andS[i, k] = − − j
if team i is playing against teamj away in roundk. The
following matrix

T\R 1 2 3 4 5
1 6 -2 4 3 -5
2 5 1 -3 -6 4
3 -4 5 2 -1 6
4 3 6 -1 -5 -2
5 -2 -3 6 4 1
6 -1 -4 -5 2 -3

is a feasible schedule with 6 teams. The schedule of team
i is depicted in rowi. For instance, team 3 plays team 4
away, then teams 5 and 2 at home, against team 1 away, and
finishes at home againsy team 6. The columns represent the
various rounds.

One quality measure for schedules is the number of
breaks. A break occurs when a team plays two consecu-
tive games at home or two consecutive games away. For
instance, in the above example, the games in rounds 2 and
3 of team 3 are both at home, contributing one break. The
total number of breaks in the example is 12. More formally,
the number of breaks in a schedule is equal to
#{(i, j) : S[i, j]·S[i, j+1] > 0 , 1 ≤ i ≤ n , 1 ≤ j ≤ n−2}
and the goal is to minimize the number of breaks.

More precisely, this paper considers the minimization of
breaks for a fixed schedule where only the home/away de-
cisions have been omitted. For instance, the problem may
receive, as input, the matrix

T\R 1 2 3 4 5
1 6 2 4 3 5
2 5 1 3 6 4
3 4 5 2 1 6
4 3 6 1 5 2
5 2 3 6 4 1
6 1 4 5 2 3

and must produce an assignment of home/away teams min-
imizing the number of breaks. More formally, the input is
a matrixS and the break minimization problem amounts to
finding a feasible scheduleSo satisfying

∀i ∈ Teams , k ∈ Rounds : |So[i, j]| = S[i, j]

and minimizing the number of breaks.

Related Work
Early results on break minimization are due to Schreuder
(Schreuder 1992) who studied the Dutch soccer league. In
that paper, Schreuder proved that, for everyn, there is a
schedule with exactlyn − 2 breaks and that this number
is optimal. Schreuder also gave a polynomial time algo-
rithm for constructing such a schedule. This version of
the problem is called theUnconstrained Break Minimiza-
tion Problem since the schedule is not fixed. The problem
studied in this paper, where the schedule is given but not the
home/away decisions, is called theConstrained Break Min-
imization Problem.

Regin (Régin 1998) proposed a constraint programming
(CP) approach for break minimization. This approach solves
the unconstrained version efficiently, but was limited to 20
teams for the constrained version (at least at the time). Trick
(Trick 2000) proposed an integer programming approach
which provides solutions to instances with at most 22 teams
in times comparable to the CP approach. In very recent
work, Elf et. al., (Elf, Jünger, & Rinaldi 2003) presented
a reduction of the constrained version to a cut maximization
problem. With the aid of a specialized MAX-CUT solver,
they found optimal solutions in reasonable times for prob-
lems with up to 28 teams. Elf et. al. also conjecture that
the constrained problem isNP -hard in general, but inP
for schedules which have an actual home/away assignment
with n − 2 breaks. This conjecture was (positively) closed
in (Miyashiro & Matsui 2003) by a transformation to 2SAT.

Observe that these approaches use rather “heavy machin-
ery”, involving specialized integer programming solvers and
constraint programming tools. Moreover, the results were
obtained by experts in the underlying technologies and/or
in modeling sport-scheduling applications. In contrast, the
simulated annealing approach proposed herein is conceptu-
ally simple and easy to implement. Yet it produces optimal
solutions and is significantly faster for large instances.

The Neighborhood
The neighborhood in the simulated annealing algorithm is
remarkably simple: It consists of swapping the home and
away teams of a game in a given week. Since a schedule
consists ofn(n − 1)/2 matches, the neighborhood size is
O(n2). More formally, theSwapHomes move is defined as
follows.

SwapHomes(S, Ti, Tj) The move swaps the home/away
roles of teamsTi and Tj. In other words, if teamTi

plays at home (resp. away) against teamTj in roundrk,
SwapHomes(S, Ti, Tj) is the same schedule asS, except
that teamTi now plays away (resp. at home) against team



1. Metropolis(S, T )
2. bestCost ← cost(S);
3. best ← S ;
4. c ← 0;
5. while c ≤ phaseLength do
6. select S′ ∈ neighborhood (S);
7. ∆← cost(S′)− cost(S);
8. if ∆ ≤ 0 then
9. accept ← true;
10. else
11. accept← true with probabilityexp(−∆/T ),
12. false otherwise;
13. if accept then
14. S ← S′;
15. if cost(S) < bestCost then
16. bestCost ← cost(S);
17. best ← S ;
18. c++;

Figure 1: The Metropolis Algorithm

Tj at roundrk. Consider the scheduleS:

T\R 1 2 3 4 5
1 6 -2 4 3 -5
2 5 1 -3 -6 4
3 -4 5 2 -1 6
4 3 6 -1 -5 -2
5 -2 -3 6 4 1
6 -1 -4 -5 2 -3

The moveSwapHomes(S, T3, T5) produces the schedule

T\R 1 2 3 4 5
1 6 -2 4 3 -5
2 5 1 -3 -6 4
3 -4 -5 2 -1 6
4 3 6 -1 -5 -2
5 -2 3 6 4 1
6 -1 -4 -5 2 -3

It is important to note that the neighborhood is connected
and that the quality of a move can be evaluated in constant
time, since there are at most 2 adjacent teams on each af-
fected line. As a consequence, the simulated annealing algo-
rithm can evaluate a large number of moves over the course
of its computations.

Other, more complex, neighborhoods were considered,
but they do not come close to the effectiveness of this simple
neighborhood when it is combined with simulated anneal-
ing.

The Metropolis Heuristic
The core of the algorithm is a Metropolis heuristic which
selects schedules ramdomly from the neighborhood. The

algorithm moves to the neighboring schedule if it decreases
the number of breaks or with probabilityexp(−∆/T ) where
∆ = cost(S′) − cost(S), S is the current schedule, andS′

is the selected neighbor. The algorithm is depicted in Figure
1. It receives, as inputs, a schedule and the parameterT (the
temperature). Note the termination condition (line 5) which
specifies a maximum number of iterations and lines 12-13
which define when to accept moves increasing the number
of breaks.

The Simulated Annealing Meta-Heuristic

To control the temperatureT in the Metropolis heuristic,
the algorithm uses a simulated annealing meta-heuristic.
More precisely, the simulated annealing algorithm iterates
the Metropolis algorithm for different values ofT . It starts
with high temperatures, where many non-improving moves
are accepted, and progressively decrease the temperature to
focus the search.

The choice of the initial temperature and its updating rule
is fully automated in the algorithm and does not require any
user intervention. These operations, as well as various termi-
nation conditions, are derived from analogies with statistical
physics. The rest of this section describes these elements in
detail, starting from the analogy with statistical physicsin
order to provide the necessary intuition. (For an extensive
treatment of the analogy, see (van Laarhoven & Aarts 1987;
van Laarhoven 1988).)

The Analogy with Statistical Physics The analogy con-
sists in viewing the search process (the Metropolis algo-
rithm) as a physical system. Given a temperatureT and a
starting stateST , the physical system performs a number
of transitions moving from states to states. The sequence
of transitions is called aphase and the number of transi-
tions is called thephase length. It can be shown that, under
some assumptions, the physical system will reach an equi-
librium. This means that, as the phase length goes to infinity,
the probability distribution of the states (i.e., the probability
that the system be in a given state) converges to a stationary
distribution.

As a consequence, for a given temperatureT , it makes
sense to talk about the statistical measures of the equilib-
rium, including its expected costµT (C) and its variance
σ2

T (C). Obviously, since the search algorithm is finite, it
does not reach an equilibrium in general, which is why one
generally talks about quasi-equilibria (which approximate
the “real” equilibria).

Estimating the Statistical Measures To automate the
choice of the temperatures and the termination conditions,
the algorithm estimates the valuesµT (C) and σ2

T (C) for
various pairs(T, ST ). The estimation process is simple: It
simply consists of performing a relatively large number of
transitions. IfN denotes the number of transitions andCk

denotes the cost afterk transitions, the estimations can be



specified as

µT (C) ' CT =
1

N

N
∑

k=1

Ck (1)

and

σ2
T (C) ' σ2

T =
1

N

N
∑

k=1

(Ck − CT )2 (2)

The valueN is simply chosen as the phase length of the
Metropolis algorithm.

The Initial Temparature Now that the valuesµT (C) and
σ2

T (C) can be estimated, the temperatureT is simply ini-
tialized toα × σ∞, i.e., a constant times the estimation of
the standard deviation when all moves are accepted. This
initialization is in fact a variation of the scheme proposedin
(Huang, Romeo, & Sangiovanni-Vincentelli 1986).

Updating the Temperature When the quasi-equilibrium
is reached for a temperatureT , simulated annealing de-
creasesT before applying the Metropolis algorithm again.
The stationary distribution of the schedules generated during
a phase generally depends on the temperatureT and, when-
ever the temperature is decreased, the algorithm will move
away from the previous equilibrium and reach a new one. In-
tuitively, one would expect that significant decreases in the
temperature (and hence few phases) require longer phases
to reach their quasi-equilibria. As consequence, there is a
tradeoff between the temperature decreases and the length
of the phases.

Experimental results on travelling tournament problems
(TTPs) (Anagnostopouloset al. 2003) have shown that slow
cooling schedules, together with short phases, produce high-
quality solutions in reasonable time. The algorithm pre-
sented here adopts, and automates, the same design deci-
sion. Informally speaking, the idea is to strive for a smooth
evolution of the equilibria. More precisely, the probabilities
qk(S) of having a schedule with costS in the stationary cost
distribution in phasek should be close to the same probabli-
ties in phasek + 1 or, in symbols,

∀S :
1

1 + β
<

qk(S)

qk+1(S)
< 1 + β, k = 1, 2, . . . , (3)

for some constantβ.
Aarts and van Laarhoven (Aarts & van Laarhoven 1985),

show that, under some reasonable assumptions, equation (3)
yields the following temperature update rule:

Tk+1 = Tk ·
(

1 +
ln(1 + β) · Tk

3σTk
(C)

)

−1

(4)

whereTk is the temperature of phasek.

Early Phase Termination A phase typically terminates
when it has performed its maximum number of iterations.

1. Metropolis(S, T, µT , σ2
T )

2. c ← 0;
3. while c ≤ phaseLength ∧ ¬equilibrium(µT , σ2

T ) do
4. select S′ ∈ neighborhood (S);
5. ∆← cost(S′)− cost(S);
6. if ∆ ≤ 0 then
7. accept ← true;
8. else
9. accept← true with probabilityexp(−∆/T ),
10. false otherwise;
11. if accept then
12. S ← S′;
13. if cost(S) < bestCost then
14. bestCost ← cost(S);
15. best ← S ;
16. c++;
17. return S;

Figure 2: The Metropolis Algorithm Revisted

However, now that estimations of the statistics of the quasi-
equilibria are available, it is possible to speed up the algo-
rithm by detecting that the search process is close to a quasi-
equilibrium (Huang, Romeo, & Sangiovanni-Vincentelli
1986). Assuming a normal distribution for the costs,1 the
probability of the cost being within the interval

[µT (C)− δ · σT (C), µT (C) + δ · σT (C)]

for a chosenδ is equal to

erf(δ/
√

2)

where

erf(x) =
2√
π

∫ x

0

e−t2dt

is the error function of the normal distribution. Thus, when
the number of the schedules with costs in the above inter-
val divided by the number of transitions performed in the
current phase gets close enough toerf(δ/

√
2) (e.g., within

1%), the phase is terminated prematurely.

Early Termination of the Cooling Process and Reheats
The cooling process itself can also be terminated early. This
happens when the temperature or the variance estimation are
too low, in which case the algorithm is typically stuck in a lo-
cal optimum. When this happens and additional computing
time is available, the simulated annealing algorithm perform
a reheat, i.e., it resets the temperature to two or three times
the temperature of the current best schedule. The algorithm
terminates when the computing time available is exhausted
or when it has performed a fixed number reheats without
improvement to the best solution.

1Normal distribution assumptions are supported by numerical
experiments for large random combinatorial optimization prob-
lems; see also Section (4.3) in (van Laarhoven & Aarts 1987).



1. S ← a random initial schedule;
2. bestCost ← cost(S);
3. best ← S ;
4. T ← α · σ∞

5. bestTemp ← T ;
6. reheat ← 0;
7. while reheat ≤ maxReheats do
8. k ← 0;
9. do
10. computeµT (C) andσ2

T (C);
11. oldBestCost ← bestCost ;
12. S ← metropolis(S, T, µT (C), σ2

T (C));
13. if bestCost < oldBestCost then
14. reheat ← 0;
15. k ← 0;
16. bestTemperature ← T ;

17. T ← T ·
(

1 + ln(1+β)·T
3σT (C)

)

−1

;

18. k++;
19. while k ≤ maxPhases ∧ T > ε ∧ σT (C) > 0 do
20. reheat++;
21. T ← γ · bestTemperature

Figure 3: The Simulated Annealing Algorithm

The Simulated Annealing Algorithm Figure 3 depicts
the simulated annealing scheme and Figure 2 revisits the
Metropolis to remove some of the initializations which are
no longer necessary and to incorporate the early termina-
tion criterion (line 3). The algorithm can be viewed as an
hybridization of the schemes proposed in (Huang, Romeo,
& Sangiovanni-Vincentelli 1986; Aarts & van Laarhoven
1985), together with some extensions to improve perfor-
mance. Line 1 initializes the schedule randomly, i.e., it as-
signs the home/away decisions randomly. Lines 2-5 per-
forms a number of initializations, including the tempera-
ture in line 4. Line 7-21 iterates the core of the algorithm.
Each iteration consists of a number of phases (lines 8-19)
and a reheat (lines 20-21). Line 20 simply increases the re-
heat counters, while line 21 resets the temperature to a con-
stant times the temperature of the best solution found so far.
The phases are executed formaxPhases iterations or until
the temperature or the standard deviation are too small (line
19). A phase estimates the mean and variance for the spe-
cific temperature, applies the Metropolis algorithm, and de-
creases the temperature. If the cost has improved during the
Metropolis algorithm, the reheat and the phase counters are
reset.

Experimental Results

This section presents the experimental results of the simu-
lated annealing algorithm (BMSA) and compares them to
the state-of-the-art algorithm presented in (Elf, Jünger, &
Rinaldi 2003) (MCMP). As mentioned earlier, MCMP is a
sophisticated algorithm based on a reduction to a cut maxi-
mization problem. It clearly dominates earlier approachesat
this point.

n = 24 BMSA under Restricted CPU times
sec Minimum Average Maximum
1 138 160.38 170
2 102 125.31 140
5 66 75.02 82
10 66 74.02 78
20 66 73.80 78
50 66 73.63 78
100 66 73.60 78

Table 3: Quality of BMSA with Limited CPU Time: 24
teams

The Instances The instances used in the experimental re-
sults were provided by the authors of (Elf, Jünger, & Rinaldi
2003). For some reasons, these instances are not exactly the
same as those they used in (Elf, Jünger, & Rinaldi 2003),
although they are generated in the same fashion. However,
the authors also gave us their optimal solutions, as well as
their computation times on a double processor PC running
Linux with two Intel Pentium 4 CPU at 2.80GHz with 512
KB cache and 1GB RAM. Their code uses CPLEX 7.1 and
runs only on one CPU. Note also that these authors ran their
code without any parameter tuning, leaving some room for
possible improvements (Elf, Jünger, & Rinaldi 2004).

The instances are generated as follows (Elf, Jünger, & Ri-
naldi 2003). For every value ofn, an optimal schedule with
n−2 breaks is computed using Schreuder’s algorithm. Then,
10 different instances are created by random permutations of
the columns. The resulting schedules typically feature many
more breaks in their optimal solutions.

Experimental Setting for BMSA The experimental re-
sults for BMSA were performed as follows. For each in-
stance, BMSA was applied on 20 different random sched-
ules with 100 phases of length

20 ∗ |neighborhood| = 20 ∗ n ∗ (n− 1)/2,

maxReheats = 200, α = 0.5, β = 0.1, γ = 3, δ = 1.2. No
special effort has been spent tuning these parameters, which
are rather natural. To increase performance, the algorithm
also terminates early when BMSA has not improved the best
solution for 2t seconds, wheret is the CPU time BMSA
took to find the current best solution. For instance, if BMSA
found the current best solution aftert = 15 CPU seconds,
it will terminates in the next2t = 30 seconds if no better
solution is found. BMSA was run on an AMD Athlon MP
2000+ at 1.66GHz.

Quality of the Schedules Table 1 depicts the quality re-
sults. It compares MCMP, a complete search method, and
BMSA. A line in the table correponds to a number of teams
n and the results report the minimum, maximum, and av-
erage number of breaks for all instances withn teams. In-
terestingly, for every number of teamsn and every instance
with n teams, BMSA finds the optimal number of breaks
and this regardless of the starting point. In other words, for



MCMP BMSA
n Minimum Average Maximum Minimum Average Maximum
4 2 2.0 2 2 2.0 2
6 4 4.0 4 4 4.0 4
8 6 7.2 8 6 7.2 8
10 10 12.2 14 10 12.2 14
12 14 17.6 20 14 17.6 20
14 22 24.8 28 22 24.8 28
16 28 31.0 34 28 31.0 34
18 38 41.4 46 38 41.4 46
20 48 52.0 54 48 52.0 54
22 56 61.0 66 56 61.0 66
24 66 73.6 78 66 73.6 78
26 82 85.0 90 82 85.0 90
28* 94 99.2 104 94 99.2 104
28 - - - 92 98.00 106
30 - - - 110 116.23 124

Table 1: Quality of the Schedules: Number of Breaks in MCMP and BMSA

n = 26 BMSA under Restricted CPU times
sec Minimum Average Maximum
1 192 206.28 216
2 142 169.35 184
5 82 95.54 110
10 82 85.74 92
20 82 85.32 92
50 82 85.08 90
100 82 85.00 90

Table 4: Quality of BMSA when Limited CPU Time: 26
teams

every number of teams, BMSA finds the optimal solution
for all instances and all the starting points. Note that there
are two line for the results for 28 teams. The line 28* re-
ports only results on the five instances that MCMP can solve
optimally.

Performance of the Algorithm Table 2 depicts the com-
putation times in seconds for both MCMP and BMSA. Re-
call that the results for MCMP are on a 2.8GHz machine,
while the results for BMSA are for a 1.66GHz machine
(about 40% slower). Whenn ≤ 20, MCMP is extremely
fast and BMSA does not bring any advantage besides its
simplicity. For larger number of teams, BMSA brings sig-
nificant benefits and it scales much better than MCMP. For
n = 28, BMSA is about 25 times faster than MCMP without
even accounting for the faster speed of their machine. As a
consequence, the performance, and the scaling, of BMSA is
quite remarkable, especially in light of the simplicity of the
implement, its generality, and the quality of the results.

Quality under Strict Time Constraints It is often the
case in sport scheduling that users like very fast interactions

n = 28 BMSA under Restricted CPU times
sec Minimum Average Maximum
1 230 251.85 266
2 198 217.77 230
5 98 131.11 148
10 92 98.84 108
20 92 98.62 106
50 92 98.17 106
100 92 98.05 106
200 92 98.02 106

Table 5: Quality of BMSA when Limited CPU Time: 28
teams

with the scheduler to find and evaluate different schedules
quickly. It is thus interesting to see how BMSA behaves
when the CPU time is limited. Tables 3, 4, and 5 depict
the results for large number teams (n = 24, 26, 28) under
different time constraints, where the CPU time is limited to
atmost1, 2, 5, 10, . . . seconds. Interestingly, for 24, 26, and
28 teams, BMSA finds near-optimal results in about 10 sec-
onds.

Restarting It is also interesting to study the impact of
restarting the algorithm from scratch periodically. Tables 6
and 7 report the quality and performance results for BMSA-
R wheremaxReheats = 20 but the recomputation is restarted
from scratch after that for a number of times. Note that the
results are given for all instances with 28 and 30 teams. In
the average, BMSA-R dominates slightly BSMA, although
there are some instances that are solved faster with BSMA.
The quality of the solutions of BMSA and BMSA-R is the
same on these instances.



MCMP BMSA
n Minimum Average Maximum Minimum Average Maximum
4 0.0 0.00 0.0 0.0 0.00 0.0
6 0.0 0.00 0.0 0.0 0.00 0.0
8 0.0 0.00 0.0 0.0 0.00 0.1
10 0.0 0.01 0.0 0.0 0.10 0.2
12 0.0 0.01 0.0 0.1 0.29 0.5
14 0.0 0.04 0.1 0.3 0.57 1.3
16 0.0 0.08 0.1 0.7 1.02 3.1
18 0.1 0.43 1.6 1.2 2.36 16.0
20 0.3 0.68 2.1 1.8 3.06 24.8
22 0.4 3.05 18.0 2.6 4.42 25.3
24 0.8 24.00 179.9 3.6 9.52 71.4
26 2.2 53.04 435.6 4.9 13.30 92.2
28* 7.0 465.60 1905.0 6.8 18.76 104.9
28 - - - 5.6 22.07 296.9
30 - - - 8.2 78.58 684.1

Table 2: Performance of the Algorithms: Computation Times in CPU seconds of MCMP and BMSA

MCMP BMSA-R
n Minimum Average Maximum Minimum Average Maximum
4 0.0 0.00 0.0 0.0 0.00 0.0
6 0.0 0.00 0.0 0.0 0.00 0.0
8 0.0 0.00 0.0 0.0 0.00 0.0
10 0.0 0.01 0.0 0.0 0.07 0.1
12 0.0 0.01 0.0 0.1 0.17 0.3
14 0.0 0.04 0.1 0.2 0.33 0.8
16 0.0 0.08 0.1 0.3 0.57 1.1
18 0.1 0.43 1.6 0.7 1.36 17.2
20 0.3 0.68 2.1 1.0 1.86 9.1
22 0.4 3.05 18.0 1.4 2.96 18.0
24 0.8 24.00 179.9 2.0 6.18 42.5
26 2.2 53.04 435.6 2.8 11.41 95.2
28 7.0 465.60 1905.0 3.1 16.10 116.5
30 - - - 4.2 61.39 719.8

Table 6: Quality of the Schedules: Number of Breaks in MCMP and BMSA-R

Conclusion

This paper considered the constrained break minimiza-
tion problem, which consists of finding an assignment of
home/away roles in a round-robin schedule to minimize the
number of breaks. It proposed a simulated annealing al-
gorithm based on a simple connected neighborhood and a
systematic scheme for cooling the temperature and deciding
termination.

The resulting algorithm is conceptually simple and easy
to implement. Yet it always finds optimal solutions on the
instances used in evaluating the state-of-the-art algorithm
of (Elf, Jünger, & Rinaldi 2003), regardless of its starting
points. The simulated annealing algorithm exhibits excel-
lent performance and significantly outperforms earlier ap-
proaches on instances with more than 20 teams. Moreover,
it was shown to produce near-optimal solutions within 10

seconds on a 1.66 GHz PC for instances with to 28 teams.
It is particular intriguing to notive the excellent perfor-

mance of simulated annealing on another sport-scheduling
applications. Indeed, simulated annealing was shown to
be the method of choice for finding high-quality solutions
to the Traveling Tournament Problem proposed in (Easton,
Nemhauser, & Trick 2001). The simulated annealing for the
TTP (Anagnostopouloset al. 2003) used a complex neigh-
borhood allowing infeasible schedules, while the algorithm
presented here uses a simple neighborhood and maintains
feasibility at all times.

An interesting issue is whether tabu search can be engi-
neered to be effective on the constrained break minimization
problem. Our preliminary experimental results were not en-
couraging but they were far from being exhaustive. Given
the simplicity of the neighborhood, this application seems
more amenable to tabu search than the TTP.



MCMP BMSA-R
n Minimum Average Maximum Minimum Average Maximum
4 2 2.00 2 2 2.00 2
6 4 4.00 4 4 4.00 4
8 6 7.20 8 6 7.20 8
10 10 12.20 14 10 12.20 14
12 14 17.60 20 14 17.60 20
14 22 24.80 28 22 24.80 28
16 28 31.00 34 28 31.00 34
18 38 41.40 46 38 41.40 46
20 48 52.00 54 48 52.00 54
22 56 61.00 66 56 61.00 66
24 66 73.60 78 66 73.60 78
26 82 85.00 90 82 85.00 90
28 92 98.00 106 92 98.00 106
30 - - - 110 116.25 124

Table 7: Performance of the Algorithms: Computation Times in CPU seconds of MCMP and BMSA-R
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