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Abstract. Cloud computing enables the accommodation of an increasing number of applications in shared infrastructures. The routing for the incoming jobs
in the cloud has become a real challenge due to the heterogeneity in both workload and machine hardware and the changes of load conditions over time. The
present paper design and investigate the adaptive dynamic allocation algorithms
that take decisions based on on-line and up-to-date measurements, and make fast
online decisions to achieve both desirable QoS levels and high resource utilization. The Task allocation platform(TAP) is implemented as a practical system to
accommodate the allocation algorithms and perform online measurement. The
paper studies the potential of our proposed algorithms to deal with multi-class
tasks in heterogeneous cloud environments and the experimental evaluations are
also presented.
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Introduction

Cloud computing enables the inhabitation of an increasing number of applications
from the general public or enterprise users which generate diverse sets of workloads
in terms of resource demands and performance requirements [2]. For example, Web
requests usually demand fast response and produce loads that may vary significantly
over time [18]; Scientific applications are commonly computation intensive and might
undergo several phases with varied workload profiles [10]; MapReduce jobs consist of
different tasks of various sizes and resource requirements [18]. The consolidation of
highly heterogeneous workloads in shared IT infrastructure causing inevitable interference between co-located workloads [20] can also degrade performance. Furthermore,
the heterogeneity in the hardware configuration of physical servers or virtual machines
in terms of the specific speeds and capacities of the processor, memory, storage, and
networking subsystems further complicates the matching of applications to available
machines. Therefore, it is really challenging for cloud service providers to dispatch
incoming tasks to servers with the assurance of the quality and reliability of the job
execution required by end users while improving resource usage efficiency.
Much research have been carried out on task allocation approaches for QoS improvement in the cloud, such as DAC-based modeling [14, 11], genetic algorithms [9],
colony optimization (ACO) [1], Particle Swarm Optimization [13], Random Neural
Networks [7], and auction-based mechanisms [17]. The authors in [2, 12] focus on
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modeling the diversity among applications on heterogenous servers. The trade-off between energy consumption and QoS was addressed in [5, 6, 19, 15]. Workload distribution across multiple clouds has been discussed in [16].
In this paper we evaluate the two adaptive task allocation algorithms, the sensible
algorithm [4] and the Random Neural Network-based Reinforcement Learning algorithm [3], that make measurement based fast online decisions to address quality of service (QoS) with low computational overhead. With no priori knowledge of workload
characteristics and the state of servers in terms of resource utilization and load conditions, our approach exploits on-line measurement related to the user required QoS and
make judicious allocation decisions based on the knowledge learned from the observations, adapting to changes in workload and on-going performance of the cloud environment. It is designed for the cloud service providers that use the SaaS model where the
service provider sets up the VMs with the installed software components which provide
the services requested by the customers.
In order to conduct experimental evaluations, we also use the Task Allocation Platform (TAP) [8], which is a Linux based portable software module and can be easily
installed on a machine with Linux OS, to accommodate the distinct static or dynamic
allocation algorithms and perform online measurement. In TAP, users are allowed to
declare QoS goals such as fastest job execution or optimising cloud provider’s profit
while maintaining service level agreements (SLAs). TAP accepts these directions and
carries out constant monitoring and measurement in order to keep awareness of the state
of cloud environment and service performance related to the QoS goals. On receiving
the jobs, TAP employs the accommodated allocation algorithm and dispatches the jobs
to the selected machines.
Experiments are conducted on a multiple host test-bed which is heterogeneous regarding processing speed and I/O capacity, running with low to high loads that are
achieved by varying arrival rates of tasks. We study the potential of our proposed algorithms when there is greater diversity both in the types of jobs, the class of QoS criteria
and the SLA they request. Multi-class tasks in terms of resource requirements, such as
the capacities of CPU and I/O, or agreed SLAs are injected into TAP simultaneously.
We also complicate the QoS goal from minimising job execution time to economic cost
of executing tasks: this cost includes the penalty that the cloud provider would have to
pay to the end user when a SLA (service level agreement) is violated, as well as the
intrinsic economic cost of using faster or slower hosts.
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Multi-class Task allocation

It is quite common in cloud environments that the services requested by customers
generate multiple workloads which are characterised differently in terms of their resource and performance requirements. For example, for an online financial management
and accounting software providing SaaS services, the web browsing requests which retrieve files from web servers generate I/O bound workload, while the profit and loss
accounting services which need a large amount of computation requiring high CPU capacity. Thus, the response time of the above two different web requests provided by
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a server relies on its capacities of the I/O and CPU respectively. TAP is designed to
support multi-class tasks by assigning a distinct QoS class to a class of tasks.
2.1

Multiple QoS classes

To illustrate the multi-class task allocation, we emulate two different classes of
tasks in our experiments. We first introduce a web browsing workload generated using
HTTPerf which is a web server performance tool. It originates HTTP requests which
retrieve files from web server, such as Apache 2 HTTP server, thereby generating I/O
bound workload on the web server without much CPU consumption. The load on the
I/O subsystem relies on the size of the retrieved files. In our TAP test-bed, the Apache
server is deployed on each host in the cluster. The HTTPerf generates HTTP requests
at a configurable rate and TAP receives the requests and dispatches them to the web
servers. The second class corresponds to the web services which require a large amount
of computation, mainly stress CPU and thus can be emulated by the CPU intensive job
which is a “prime number generator with an upper bound on the prime number being
generated”. We compare the RNN based algorithms with the Sensible Algorithm, both
using the goal of minimising the response time. Round-Robin scheduling is also applied
as a baseline.
We conduct our experiments on a hardware test-bed as shown in Figure 1. The three
hosts (with 2.8GHz, 2.4GHz, and 3.0GHz, respectively, dual-core CPU respectively)
are used for task execution, while a dedicated host (2.8GHz dual-core CPU) accommodates the allocation algorithms.
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Fig. 1. The test-bed for the task allocation platform with a central controller on a test-bed

The test-bed is in the small scale as we can easily vary the load of the system and
evaluate the algorithms under low, medium and high (including saturation) load conditions. The job requests arrive at TAP following a Poisson process with different average
rates of 1, 2, 3, 4 tasks/sec. To built the heterogeneous server environments, we introduce
a background load which stresses I/O distinctly on each host, namely Hosts 1, 2, 3, resulting in relative processing speeds of 6 : 2 : 1 with respect to I/O bound services, while
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a background load which stresses CPU differently, resulting in the relative processing
speed of 2 : 3 : 6 for the CPU bound services.
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Fig. 2. Average response time experienced by CPU intensive services and I/O bound services in a
heterogeneous cluster. We compare Round-Robin with RNN based Reinforcement Learning and
the Sensible Algorithm.

The results in Figure 2 show that our proposed algorithm, the RNN based algorithm
and the sensible algorithm, outperform Round-Robin as they are aware of the distinct
and updated performance level offered by the hosts by effective learning from the historical job experience. The RNN based algorithm performs particularly better due to its
potential to make more accurate decisions ( compared with Sensible) which direct I/O
bound tasks to the hosts which provide better I/O capacity and transfer CPU intensive
tasks to the hosts with higher processing speed. In the experiments, we also reduced the
background load in terms of both CPU and I/O stress on the Host 2 to the lowest level
as compared with the Hosts 1, 3. The RNN based algorithm was found to be able to
detect the load changes and dispatch the majority of subsequent tasks of both classes to
Host2, which also shows the host which is heavily loaded in terms of CPU can still offer
good performance to I/O bound tasks and thereby improving the resource utilization.
2.2

Contradictory QoS Requirements

In previous sections, we focus primarily on the simple QoS goal of minimising job
execution/response time which is of interest of end users. From the perspective of cloud
service providers, the economic cost of job execution is of greater importance. Given a
certain amount of revenue of the provided services with the agreed SLA, the provider
manages to use the most cost-saving machines while maintaining the requested QoS so
as to improve the resource efficiency while minimising the penalty due to the violation
of the SLAs.
Thus we can propose a QoS Goal which involves two contradictory requirements:
if a task is dispatched to a machine with fast processors and thus higher running cost,
a better response time will be offered resulting in a lower penalty due to the respect
of SLAs. On the contrary the allocation of a task to a slower machine causes a lower
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cost for running the task, but in turn a higher possibility of being penalised due to SLA
violations.
To formalise these two contradictory factors, we consider a set of host servers
having distinct processing capacities, and different classes of tasks with distinct SLA
agreed objects. We use I j to represent the revenue generated by serving the tasks of a
class j with the agreed SLAs. Next, we assume that the task of a class j being served
by a host m which is of type Mi , where the type of host includes the specific processing
capacities regarding the processor, memory and I/O, and the services offered by its software, will cause a cost to the cloud service of Ci j . However, the violation of SLAs will
also cause some penalty to be paid by the cloud provider to the end user, resulting in
the reduction of the expected revenue. For instance, there is no penalty if the response
time T of the task is below the SLA agreed target value T j,1 > 0 for class j tasks. More
generally, the penalty is c jl if T j,l−1 ≤ T < kT j,l , where T j0 = 0 and c j0 = 0 (no penalty).
Using the standard notation, let 1[X] be the function that takes the value 1 if X is true,
and 0 otherwise. Then from the perspective of a task of type j which is served by the
cloud service, the net income obtained after deducing the host operating cost and the
eventual penalty due to SLA violations, can be written as:
I ∗j = I j −Ci j 1[m=Mi ] −
n

∑ {c jl 1[Tj,l ≤T <Tj,l+1 ] } + c j,n+1 1[T ≥kTj,n+1 ] .
l=0

Obviously, the cloud providers is willing to maximise I ∗j , while I j is pre-defined in the
service agreement.
Thus in this section we apply the task allocation algorithm with the goal of minimising the net cost function:
n

C j = Ci j 1[m=Mi ] + ∑ {c jl 1[T j,l ≤T <T j,l+1 }

(1)

l=0

+c j,n+1 1[T ≥kT j,n+1 ] .
We consider the above online financial management and accounting service as an
example in the real world, the bookkeeping service requires fast response as they are
frequently-used operations, while users are tolerant of the long response time for bank
reconciliation service which is the time-consuming operation. It gives us an example of
the tasks of two classes with the distinct SLA agreed response time and thus the distinct
penalty functions.
To illustrate the preceding discussion with experiments, we use CPU intensive jobs
which either are “short” with an execution time of 56ms, or “long” with an execution
time of 190ms as measured on the fastest host. With regard to the first term in (1), we
have M1 : C1 j = 1000, M2 : C2 j = 2000 and M3 : C3 j = 4000 coinciding with our assumption that the faster machines cost more. The penalty function, which is the second
term in (1), for the two distinct classes of tasks is shown in Figure 3 where the job class
2 is tolerant of longer executiontime . We emulate a heterogeneous host environment
where there is a fast host, a slow host and a medium speed host by stressing the CPU
of each host differently, resulting in the relative processing speeds of 1 : 2 : 4 for Host
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Fig. 3. The penalty function for tasks belonging to Class 1 (left) and Class 2 (right), versus the
task response time on the x axis.

we can see that the RNN-based algorithm does better in reducing the overall cost
plus SLA violation penalty (indicated as the Total Penalty in the y-axis) as shown in
Figure 4 (c). Because the RNN is able to accurately dispatch the jobs which require
fast response to the faster machines resulting in fewer SLA violations and direct the
jobs which have the tolerance of long response to slower machines which can maintain
the agreed SLA and thereby avoiding the interference with each other which further
improves the performance.

3

Conclusions

The present paper presents the design and the evaluation through experiments, of
some adaptive dynamic allocation algorithms that take decisions for task allocation to
servers, based on on-line and up-to-date measurements, and make fast online decisions
to achieve desirable QoS level. To this effect, a Task allocation platform (TAP) is implemented as a practical system to accommodate the allocation algorithms, perform online
measurement and carry out performance evaluations. Our experiments have shown the
potential for enhanced performance offered by our proposed algorithms, namely the
RNN-based algorithm and the Sensible algorithm, to deal with multi-class tasks. These
algorithms outperform the Round-Robin scheme due to their ability to be aware of the
heterogeneity in both the workload and the machine hardware, and regarding changes
in load conditions in the Cloud over time. The performance of RNN based algorithm
with Reinforcement-Learning stands out among the others as it offers fine-grained QoSaware and accurate task allocation decisions.
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