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Abstract

In this paper we study a minimalist decentralized algo-
rithm for resource allocation in a simplified Grid-like envi-
ronment. We consider a system consisting of large number
of heterogenous reinforcement learning agents that share
common resources for their computational needs. There is
no communication between the agents: the only information
that agents receive is the (expected) completion time of a job
it submitted to a particular resource and which serves as a
reinforcement signal for the agent. The results of our ex-
periments suggest that reinforcement learning can be used
to improve the quality of resource allocation in large scale
heterogenous system.

1. Introduction

Grid computing is an emerging technology that enables
users to share a large number of computing resources dis-
tributed over a network. The dynamic, federating nature
of Grid policy environments is dominated by virtual orga-
nizations (VOs) which associate heterogeneous users and
resource providers. It is not known how large individual
VOs will be, but it is reasonable to imagine resource shar-
ing among populations with tens of thousands of users and
thousands of resources. Hence, allocation mechanisms need
to be highly scalable and robust to localized failures in re-
sources and communication paths. A further challenge to
Grid resource allocation lies in the lack of accurate resource
status information at the global scale. Hence, a feasible allo-
cation mechanisms should not depend strongly on the avail-
ability of current global knowledge.

Although there has been considerable attention given to
the resource allocation problem in the Grid [2], very few re-
searchers have addressed the problem from the perspective
of learning and adaptation. Meanwhile, the multi-agent sys-
tems (MAS) and distributed AI communities have shown
that groups of autonomous learning agents can successfully
solve different load balancing and resource allocation prob-

lems [3, 4]. The goal of this paper is to apply multi-agent
learning techniques to the problem of resource allocation
in the Grid. The MAS approach is well suited for describ-
ing the Grid, because the distributed, autonomous nature of
agents (Grid users and resources) reflects the federated na-
ture of the Grid. Introducing learning allows the multi-agent
system to adapt to changes, such as the changing resource
capacities, resource failure, or introduction of new agents
into the system. Furthermore, we believe that the MAS ap-
proach will prove useful for policy design, because it can
be used to study the performance of a VO implementing a
given resource allocation strategy to verify that it does not
lead to any unintended global consequences.

2. The Model

In real Grid applications the problem of mapping re-
sources to specific jobs can be very complex, and may re-
quire co-allocation of different resources such as specific
amount of CPU hours, system memory, network bandwidth
for data transfer, etc. In this paper we neglect the need for
co-allocation, and assume that jobs generated by a user re-
quire only certain CPU-time so that they are uniquely char-
acterized by their duration.

Resources Providers: The scheduling decision for a
contemporary batch system is too computationally expen-
sive for us to perform thousands of times per time-step in
our agent simulations. In our model, we consider a sim-
plified representation of the resources and local schedulers.
Namely, we assume that each resource is characterized by
its capacity C which is defined as an inverse CPU time
needed to complete a job of a unit length. Within this frame-
work, there is only a single job running at the system at
a given time (note that this approach is different from one
adopted in Ref[4] where the capacity of the resource was as-
sumed to be shared equally over all the jobs in the queue).
For simplicity, we will assume that all the local schedulers
prioritize the jobs by their arrival time (FCFS).

Users: We model users as heterogenous selfish agents
that try to maximize their utilities. Clearly, one can de-
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fine agent’s utilities in various ways. In this paper, we used
weighted contributions of two metrics: ρi = aiTw + (1 −
ai)Texc, where Tw is the queue wait time, and Texc is the
job execution time normalized to the duration of the job
(i.e., inverse resource capacity), and a is a constant de-
terming the weight of each contribution.

Resource Selection:To complete the definition of our
model, we need to describe how the agents use reinforce-
ment learning (RL) to select resources. In this paper we use
Q-learning with ε-greedy selection rule. For each possible
action (i.e., selecting a specific resource) the agent keeps
a Q-value that indicates the efficiency of that resource in
the past. After each completed job, the agent gets a rein-
forcement signal (containing the start-time and the end time
for that job), calculates the metric ρi, and translates it into
a reward r for resource i that we have chosen as follows:
r = sign(〈ρi〉 − ρi), where 〈〉 stands for averaging over
all the submitted jobs. Finally, the agent updates the Q val-
ues according to Qi,t+1 ← Qi,t + α(r − Qi,t), where α is
the learning rate.

To compare the performance of the RL algorithm we also
studied two other resource selection rules: 1)Random Se-
lection (RS): Agents choose randomly with uniform prob-
ability between the resources. 2)Least loaded (LL): In this
model agents choose the least loaded resource to submit a
job. To study the impact of crowding effect (where many
agents choose the least loaded resource simultaneously) we
introduce a parameter p so that once a job is submitted to
a resource, the load of that resource is updated only with
probability p (for the results presented in this paper we have
used p = 1/4).

3. Experimental Results

In this section we present the results of simulations for
N = 1000 agents and and R = 250 resources. At each time
step, agents independently generate jobs at rate P , and the
length of the jobs are taken randomly from the uniform dis-
tribution in the interval [Jmin, Jmax]. To take into account
the wide dispersion in the job sizes in real Grid applica-
tions, we chose Jmin = 10 and Jmax = 1000. The capac-
ities of the resources were also chosen uniformly in the in-
terval [Cmin, Cmax], with Cmax = 10, Cmin = 1000.

Our results indicate that for small value of job arrival rate
the RS algorithm performs comparably or even better than
both LL and RL–if the job load is sufficiently low, choos-
ing resources randomly guarantees load balancing. The sit-
uation changes drastically as one increase the job arrival
rate, however, and the performance of the RS algorithm de-
teriorates due to ”bottlenecks”. The RL algorithm, on the
other hand, allows the agents to distribute jobs among the
resources much more efficiently than the RS rule. More re-
markably, we find out that for some parameter settings the
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Figure 1. Average wait time for LL(least
loaded) and RL selection rules (P = 0.15)

RL algorithm performs quite well compared to the least
loaded algorithm, as it is illustrated in Fig 1 where we plot
the time evolution of the average job wait time. After a cer-
tain transient (learning) time the average wait for the RL al-
gorithm falls well below wait time for the LL rule. Thus,
although the agents do not exchange information nor have
any global knowledge on the current load levels in the sys-
tem, the learning mechanism allows them to efficiently dis-
tribute jobs among the resources.

4. Conclusion

The benefit we have observed for the RL algorithm over
random selection already suggests an improvement over
existing Grid metascheduling strategies, many of which,
while performing substantial planning of job sequences etc.,
make random or otherwise uniform distribution decisions
to spread work among several (or many) large-scale re-
sources [1]. Even when metaschedulers attempt to use envi-
ronmental information, such as load levels, our results sug-
gest that the RL algorithm can provide better adaptive be-
havior because each metascheduler would learn from the
environment’s responses to its own queries1.
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