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I. I NTRODUCTION
Envisioned smart city, intelligent transportation and mobile
cloud computing applications often consider shared computing
resources that are available for the applications’ computational
tasks [1]. These resources can be provided by an infrastructure,
like road side units in vehicular area networks [2], or by the
community of computationally powerful mobile nodes [3]. As
the resources are available for many applications or users, the
question of optimal resource sharing emerges.
If computational tasks are not divisible, then the question
is which resource among the many to use. However, many
of the complex tasks form divisible computational loads, like
visual analytics [4] or large scale graph processing [5]. The
possibility of parallel processing leads to a large body of
research on optimal task scheduling [6][7][8], considering the
instantaneously available computing resources. Clearly, if the
division of the task does not lead to any overhead, each task, as
well as the community benefits from using as many resources
as possible. There seems to be no common understanding
however on how much resources a single task should use if
dividing the load has some additional cost.
In this work we evaluate the efficiency of load division
when computational tasks arrive dynamically, and the division
of a computational task requires additional overhead, such
as the preprocessing of the input data, or the exchange of
partial results. We aim at reaching a basic understanding of
the following question: what is the optimal resource allocation,
if the average performance of the distributed computation
system needs to be optimized? How much resource would
a single tasks request if it were aiming at minimizing its own
task completion time? What would be the resulting system
performance in this case? How do the optimal operating
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Abstract—With the emergence of computing infrastructures in
the cloud or at the network edge we need to address the question
of how to utilize these shared resources when computational tasks
are generated dynamically. While small computing tasks may be
satisfied with the computing capacity of a single resource, large
tasks may want to utilize multiple computing nodes and perform
parallel processing to shorten the task completion time. In this
paper we evaluate how additional overhead in such divisible load
systems affect the efficiency of parallel processing - from the point
of view of the task itself, and for the entire resource sharing
system. We show that the preference of a single task may be in
conflict with the allocation needed for a social optimum, which
in turn depends heavily on the load as well as on the system size.
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Fig. 1. Average system time, broadcast model. 𝐿 = 1, 𝑝 = 1, 𝜎 = 0.003,
𝑚 = 16.

points depend on the overhead of load distribution? Since
these distributed computing systems are likely to serve large
communities, we are also interested in the asymptotic system
behaviour at constant system utilization level.
II. S YSTEM DESCRIPTION AND PROBLEM FORMULATION
We consider a computational resource sharing system,
where computational tasks arrive dynamically, and share a
number of processing nodes. When all nodes are busy, the
tasks wait in a shared virtual queue. The tasks are divisible,
but parallel processing may require overhead. Specifically, we
consider three types of overheads:
∙ Constant overhead: for computational tasks with a startup phase that needs to be performed at each node, but is
independent from the number of utilized nodes.
∙ Broadcast communication overhead: for tasks, where information exchange is required among the nodes, or to
a central unit, one node can transmit at a time, but the
information reaches all relevant nodes.
∙ Unicast communication overhead: for similar tasks, but
considering the case when broadcast communication is
not possible, and information needs to be transmitted
from all nodes to all other nodes separately.
We start by considering a simplified model of a computational resource sharing system, that allows tractable mathematical analysis while gives insights in the challenges of the optimal resource allocation. We consider that the computational
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Fig. 2. Optimal number of servers for three overhead models.

system has 𝑚 processing nodes, each with computational
power 𝑝 instructions per time unit. Tasks wait in a FIFO
queue, and when at the head of the queue, they access 𝑛
out of the 𝑚 servers. The size of the tasks is exponentially
distributed with a mean of 𝐿 instructions, and we consider
an overhead proportional to 𝐿 with parameter 𝛿. The computational requirement of the task is known, and the load is
divided ensuring that the sub-tasks are completed at the same
time. Consequently, the computational time at a server
( is still
)
Exponentially distributed with a mean of 𝑥𝐶 (𝑛) = 𝐿𝑝 𝑛1 + 𝜎 ,
(
(
)
)
𝑥𝐵 (𝑛) = 𝐿𝑝 𝑛1 + 𝑛𝜎 and 𝑥𝑈 (𝑛) = 𝐿𝑝 𝑛1 + (𝑛)(𝑛 − 1)𝜎 for
the three types of overhead. As the task occupies a block of 𝑛
servers, ⌊𝑚/𝑛⌋ tasks can be processed at a time, which results
in a M/M/⌊𝑚/𝑛⌋ system model
We address two scenarios: in the first scenario the number
of allocated servers 𝑛 is selected such that the average task
completion time is minimized; in the second scenario we
consider greedy users that want to minimize the completion
time of their own tasks, that is, once at the head of the queue,
tasks occupy a number of servers, such that the computational
time 𝑥(𝑛) is minimized.
III. N UMERICAL RESULTS
Fig. 1 shows the average system time for the broadcast
overhead model, as the load of the computing system, tuned
by the task arrival intensity 𝜆, is increased, and for different
𝑛 values. The figure shows that under low load the system
benefits from allocating many servers for the tasks, but this
changes as the load gets higher, and at very high loads tasks
would end up using only a few servers to avoid the overhead
that increases the system utilization. We compare the optimal
number of allocated servers, that minimises the system time,
on Fig. 2 for all three models. As we see, the optimal value
depends significantly on the load as well as on the type of the
overhead.
Fig. 3 compares the optimal number of servers with that
allocated by greedy users, as the system size 𝑚 increases.
Constant overhead allows the increase of 𝑛 together with 𝑚,
however, in the broadcast and uniform scenarios it becomes
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Fig. 3. Optimal and greedy number of servers under increasing 𝑚, with
constant, broadcast and unicast overhead, for 𝐿 = 1, 𝑝 = 1, 𝜆/𝑚 = 0.25.

limited by the introduced overhead. Note that a greedy system
divides the load into too many servers, increasing this way the
average system time.
IV. C ONCLUSIONS
We have evaluated the optimal level of load division in
dynamic resource sharing systems with divisible loads and
different types of overheads. We can conclude that the optimal
level of load depends on the system size, the system load
and the type of overhead. Moreover, we see that minimizing
the service time of the tasks does not lead to minimized task
completion time in dynamic resource sharing systems, and thus
additional system level control is required to achieve a social
optimum.
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