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This paper considers the scheduling of n independent jobs on m non-identical machines 
using the ideas from game theory and multi-agent systems. The values of n and m are 
fixed at 30 and 6 respectively giving a schedule space with a dimension of approximately 
10�� schedules. The agents are used to represent the jobs and they select machines on 
which the jobs should be processed, resulting into schedules. The schedules that are 
generated are evaluated using the makespan which is the total time taken for all the 
jobs to be processed. The makespan of the schedules that are generated vary when the 
agents that represent the jobs change the way they make their selection decisions. The 
agent selection policies that are investigated in this paper include pure random choice, 
potential game strategy and dispersion game strategy. The results that are obtained 
show that the random choice strategy and the potential game strategy generate the 
empirical best schedules by chance.  The dispersion game strategy however is shown to 
converge very quickly to a stable schedule type whose best makespan value is between 
�.1 to �.� times larger than the empirical best schedule. The main contributions in 
this paper include generating schedules in a concrete schedule space using ideas from 
game theory and multi-agent systems and the results that are obtained. 

1. Introduction 
Scheduling of a given number, n of independent jobs on a given number, m of non 
identical parallel machines is an area that has attracted much interest for several 
years especially from Operations Research [Graham et al. 1977; Sing & Sheik 1998; 
Cicirello 2003; Nowicki and Smatnicki 2005; T’Kind and Billaut 2006; Johannes 
2006; Trietsch and Baker 2008]. The scheduling problem has also attracted the 
interest of researchers from Artificial Intelligence [Jurgen 1998; Jennings and 
Jackson 1995; Sycara et al. 1995; Opiyo et al. 2005; Opiyo et al. 2006; Opiyo et 
al. 2007]. Scheduling independent jobs on parallel non identical machines seek 
algorithms that optimize, through minimization, such factors as the total time it 
takes for all the jobs to be completed, also called the makespan [Ibarra and Kim 
1977]. The scheduling problem has been well structured for the job shop related 
applications. Graham et al.  [1977] introduced a three component format for 
specifying the problems in which the machine properties are specified followed 
by the constraints then the optimization details. In that format the general class 
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of the scheduling problem handled in this paper is Q||Cmax, denoting uniform 
machines, with no constraints specified and minimizing the total completion time 
for al the jobs. In this paper the values of n and m are fixed at 30 and 6 respectively 
giving a schedule space with a dimension of approximately 1023 schedules. The 
schedules are generated using ideas from Game theory and Multiagent systems. 
This differs from other approaches based on Operations Research (OR). The issue 
with the OR approaches is that most solutions are limited to each class of the 
scheduling problem that is solved. This makes it necessary to seek the invention of 
algorithms or heuristics for different problem classes. For example algorithms for 
1||Cmax are not guaranteed to solve the 3||Cmax or the Q||Cmax problems. 
The agent-based approaches are different. The schedules are generated according 
to the agent behaviour. This associates the qualities of schedules that are produced 
with the behaviour of the agents. This shifts the burden of the scheduling problem 
from the invention of algorithms to determining the agent behaviour that would 
lead to good schedules. The main advantage of using the agent-based approach is 
that in the extreme case that the problem class is unfamiliar the agents can learn 
the behaviour that leads to good schedules on their own, see Galstyan et al. [2005].  
The scalability problem is also less restricting with the agent based approach.  
The agent based approach is also more appropriate for the emerging distributed 
systems environments such as the Internet, cellular networks and grid computing 
[Foster et al. 2001; Araujo et al. 2007; Berman et al. 2003].

1.1  The Scheduling Problem as a Multiagent Systems Game

In this section the way that the scheduling process is modeled as the agent game 
is outlined. The agents are entities that can sense and react to changes in their 
environments autonomously. The multiagent system is a system that consists of 
the agents [Wooldrige 2002]. Game theory is the study of interactions in contexts 
where the participants make the choices that are conflicting. A game is a structure 
that consists of a set of the agents, a set of the agent actions or choices and a set 
of the agent payoffs associated with their actions [Wooldrige 2002; Shoham and 
Leyton-Brown 2008]. The scheduling task under consideration involves assigning 
n independent jobs that are to be processed on m non identical machines so that 
the total processing time for all the jobs is minimized.  A game can be formulated 
in which the agents represent the jobs, the machines or both [Porter 2004; 
Heydenreich et al. 2006; Angel et al. 2006]. In this work the agents represent the 
jobs. The agents act by choosing the machines on which the jobs that they represent 
are to be processed. The agent payoffs are based on the makespan. A schedule with 
a smaller makespan is the one that is more preferred. The makespan is however, 
a group payoff rather than an individual payoff. The types of games that are of 
interest in this paper include dispersion games [Trond et al. 2002], potential games 
[Monderer and Shapley 1996], and random choice games. Random choice games 
are those in which the agents make choices at random without considering any 
other matters.
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Dispersion games are those in which the agents win positive payoffs when they 
choose distinct actions [Trond et al. 2002; Yuri et al. 1997]. The agents therefore 
prefer to be more dispersed over actions in that they choose deferent actions than 
those chosen by other agents. 
For example, setting up new businesses in areas where there are no similar businesses 
and choosing to drive on streets with low traffic, are some of the activities that can 
be modeled by dispersion games. 

Potential games are those in which the incentive of all players to change their 
strategy is expressed in one global function called the potential function [Monderer 
and Shapley 1996; Sandholm 2001]. The progressive actions of the participants 
lead to a stable state. The use of taxes or public charges to influence the decisions 
of people is a form of potential game. 

The schedules that are generated are evaluated using the makespan. The 
schedule with the least makespan is the better one. The behaviour of the agents 
is pre-determined and in each case the resulting schedules are examined. The 
agents represent the jobs and they select the machines on which the jobs should 
be processed. The way that the agents select the jobs constitute their behaviour. 
These different selection schemes give rise to different classes of schedules based on 
the makespan. The qualities of these schedules are compared. The broad objective 
of this work is to try to identify the agent selection scheme that would yield good 
schedules. The specific objective is to find out how the quality of the schedules 
is affected by the random choice games, the potential games and the dispersion 
games.

1.2  Game Theoretic Multi-agent Systems Scheduler 

In this section the scheduler that relies on the ideas from game theory and multi-
agent systems is presented. The core of the algorithm that is used is also given. 
There are 30 jobs each represented by an agent and there are 6 machines.  A typical 
best schedule that was generated is given in Figure 1.

Fig.1:  Typical best schedule with a makespan of 28
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The agents are labeled 0 – 29 and the machines are labeled 0 – 5. The machines are 
shown to the left. Each machine has the jobs scheduled on it labeled 0 – 29 on its 
right. The core of the allocation algorithm is outlined as follows:

Initialization: AgentList(0-��) each with processing time, MachineList(0-�) each with a speed
While (rounds < some pre-determined value- 100,000: 1,000,000 )
 Agents select machines ( random || potential || dispersion game strategy)
 Shortest processing time (SPT) heuristic is used to arrange agents on local machines
 Note schedule statistics; adjust rounds EndWhile
The remaining sections of this paper include related work where similar research 

is highlighted; the experimental set up that outlines the simulation experiments and 
the results that were found; the discussion of the findings, and the conclusion.  

2. Related Work
This work was motivated by the work of Heydenreich et al. [2006] and Porter [2004] 
in their work that is part of the broader area of algorithmic game theory [Marios 
et al. 2006; Nisan et al. 2007; Shoham and Leyton-Brown 2008]. Porter’s model 
had n jobs that were represented by the agents, a centre that applied a scheduling 
mechanism and one machine processor. This was of the type 1||Cmax using the 
notation of Graham et al. [1977]. This model was extended by Heydenreich et al. 
[2006] to the general type P||Cmax in which several jobs run on several identical 
parallel machines. The jobs are represented by the agents. The agents select the 
machines on which they want the jobs to be processed. This work differs from 
their work in that the problem class that is considered is in this work is of the type 
Q||Cmax, where the machines are not identical. It also differs in the approach in 
that these researches used analytical techniques to investigate the loss of efficiency 
from a central to a distributed environment using the price of anarchy. This work 
on the other hand conducts investigations in a concrete space, uses an empirical 
approach, and investigates the quality of schedules that can be obtained by varying 
the agent behaviour. 

3. The Experiment and the Results
This section gives an outline of the way that the experiments were conducted. 
The aim of the experiment was to determine the agent behaviour that generates 
the schedules that are good, that is with minimum makespan. The important 
properties of jobs include the release time, the deadline, the processing time and 
the weight. The important machine property is its speed. There were 30 jobs 
labeled 0 to 29. There were 6 machines labeled 0 to 5. The machine speeds and 
the job processing times were fixed using integer values. It was assumed that the 
scheduling process begins when all the jobs are available. The release time was 
therefore fixed to 0 in all cases. It was also assumed that the jobs were equally 
weighted. The schedules were produced in rounds. One round gave one schedule. 
After each round, the schedule, the round of the schedule and the makespan of the 
schedule were noted. 
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 If the schedule turned out to be better than the best schedule then its details 
were remembered, replacing those of the incumbent best schedule. If the schedule 
turned out to be the worse than the worst schedule then its details replaced those 
of the worst incumbent schedule. The rounds ranged from 100, 000 to 1 million. 

The empirical best makespan was 28 while the empirical worst makespan 
was 400. These values only hold for the fixed integer values that were used for 
the processing times of the jobs and the speeds of the machines. The results are 
summarized in Table 1, and Figure 2. 

Table 1: Summary of the results

Attribute Random Choice Potential Game Dispersion Game
Best makespan  28 - 30  28 – 30 30 -60
Worst makespan 350 - 480 270 – 380 100 - 220
Effort for best- 65% 75% Under 5 %
Effort for worst - 15% 10% Under 5%
Schedule quality- Just below 8 % 7% - 10 % 8% constant
Quality of best 98% 82 % 35 %
Quality of worst 5% 5% 10%
Probability distr. 90 % in 158 - 167 90% in 118 – 127 99 % in 88-97

Legend: best-: best makespan; worst-: worst makespan; quality-: quality index  distr.: distribution; 158-167, 118-127, 

88-97: intervals for makespan

Fig. 2:  Distribution of the makespan based on Random Choice and Dispersion 
game strategies     
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4. Discussion
The results on the best makespan obtainable using various agent selection schemes 
indicate that only the random choice and the potential game strategies give 
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a makespan equal to or close to 28. The makespan of 28 is the empirical best 
makespan for the given integer values of the job processing times and the machine 
speeds [Table 1]. The results from dispersion game strategy are not as good since 
the best makespan lies between 30 and 60. This is explained by the fact that the 
random effect that is present in both random choice and potential games causes the 
free exploration of the schedule space and makes it possible for them to stumble 
on schedules with the best makespan. The dispersion game strategy scheme on the 
other hand converges much faster to the load balanced configurations that restrict 
the makespan to a similar range of 88 – 97 [Table 1]. This makes the best and the 
worst schedules to occur around this range for the dispersion game strategy.  On 
whether there is some predictable amount of search effort required to get the 
best schedule the results indicate that no reliable predictable rule is immediately 
evident for random choice and potential game strategies. From the results it is only 
indicative that more rounds are needed to guarantee getting a good schedule when 
using the random choice or the potential game selection policies. The dispersion 
game gives a very different result. The number of rounds, for getting both the best 
and the worst schedules is extremely low. This is explained by the convergence to 
a balanced load on all machines that occurs very fast mostly by the third schedule 
generated or third round. The results indicate that highest quality and lowest 
quality schedules are generated using the random and potential game strategies. 
Dispersion game strategy, however, produces schedules that are moderate, though 
between 3.1 and 3.4 larger than the empirical best schedule. These schedules are 
not so good and not so bad. The distribution of schedules in the space was also 
investigated [Figure 2 and Table 1]. The random choice strategy scheme gives 
insight into the possible schedule distribution in the schedule space based on the 
quality of the makespan. This is because the random choice strategy generates 
schedules at random and independently and therefore draws random samples 
from the schedule space.  The distributions obtained from the potential game 
strategy and dispersion game strategy only depict the way the agent behaviour 
affects quality schedules.  The potential game is designed such that the agents will 
tend to repeat the actions that previously led to the best schedules. This is visible 
in Figure 2, where the displacement is to the left, or towards the good schedules, 
those with smaller makespan.  The dispersion game however led to the schedules 
with the makespan mostly in the range of 88 – 97 [Table 1]. 

5. Conclusion
This work has taken an empirical approach to handling the scheduling problem 
involving independent jobs on parallel non identical machines. The long term 
objective is to find a way of producing schedules that are good based on some 
measure and in this case, the makespan. It has been demonstrated that the ideas 
from game theory and multi-agent systems can be used to generate schedules in 
a concrete space. It has also been shown that the quality of schedules is affected 
by the agent behaviour as it selects a machine. It has also been demonstrated that 
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there is a schedule space in which the performance of load balanced solutions 
is consistently 3.1 to 3.4 times worse than the empirical best. In real life terms 
the scheduling scenarios occur in more complex contexts than the 30 jobs and 
6 machines scenario. The schedule spaces in such scenarios are much larger.  It 
means that there is much room, and by some chance, to operate with schedules 
that are close to the best and plenty of room, also by some chance, to operate with 
schedules that are bad. The findings in this work point to further investigations on 
the desired agent behaviour since none of the selection schemes seem satisfactory. 
The dispersion game converges very quickly to a solution but such as solution can 
be far from the empirical best schedules. This work has investigated the quality 
of schedules where some given integer values of the job processing times and the 
machine speeds are used, however, it may be extended to other selected integer 
values. It may also be extended to investigate contexts in which the jobs and the 
machines are dynamic. These are left as the issues for further work.  Another area 
for further work is to investigate if it is necessary to use any heuristics at all where 
the agents are used to produce schedules as they play the allocation game for the 
scheduling problems of the type Q||Cmax. 
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