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Abstract
Service composition provides a means of customized and flexible integration of service functionalities. Qualityof-Service (QoS) optimization algorithms select services to adapt workflows to the non-functional requirements
of the user. With increasing number of services in a workflow, previous approaches fail to achieve enough
reliability. Moreover, exorbitant ad-hoc re-planning is required to assign with service failures. The major
problem with such sequential application of planning and re-planning is that it ignores the potential costs during
the initial planning and they consequently are concealed from the decision maker. Our plan to overcome this
problem is to compute a QoS optimized selection of service cluster that includes a sufficient number of backup
services for each service employed. These backup services should be sufficiently distributed to prevent a task
failure in case of, e.g., a network failure. To support the decision maker in the selection task, our multi-objective
approach considers the possible restore costs directly in the initial composition. Our graphical user interface
envisions the resulting QoS of the workflow and the location of the services to enable the decision maker to
select compositions in line with risk preferences. We prove the benefits of our approach in our detailed
evaluation.
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1. Introduction
In Service-Oriented Architectures (SOA), services are arranged in workflows to create new functionality.
Providers offer services that in many cases perform the same task but with varying Quality-of-Service (QoS)
levels. QoS-aware service selection algorithms can be used to optimize the QoS of a given workflow during
runtime. These algorithms select for each task one service, by taking, e.g., the preferences of user towards the
price and reliability of the resulting workflow into consideration. Moreover, the user may also specify
constraints on the QoS of the workflow. Since the search space is exponential, heuristic algorithms are
employed to compute solutions in a feasible amount of time.
An examples scenarios for services compositions. A meaningful combination of tasks (white circles) is defined
as a workflow, and there are choices on which service (gray circle) to use for each task.
Our main goal is to support the human decision maker in selecting a set of services that best fits his/her needs.
We intend to compute QoS optimized compositions that can sustain a certain number of service failures. For
that purpose, we need an extended QoS model that covers the probabilistic nature of these service executions.
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The compositions are executed in open service environments, where certain service combinations might be
invalid.
Most service composition approaches neglect service failures and aggregate the reliability with other
QoS attributes (e.g., price), by using a simple additive weighting scheme. The algorithms might further
sacrifice reliability in order to optimize other QoS attributes.
Causes of failures are often not transient, e.g., imprecise interface description or hardware failures. Therefore
service substitution has been discussed actively (e.g., [1]), probably activated after failures of immediate
retries. When an invocation failure occurs, the erroneous service can be substituted ad-hoc by either searching
for a functional similar service [2] or by invoking replanning [3], [4]. If the constraints on the response time are
tight or services with very specific functionality crash, a substitutions might not be possible and, as a result, the
workflow execution fails. In our previous approach [5] we discussed how to collect backup services offline
during the selection phase to avoid these issues.
However, these methods neglect the physical location of the backup services. If a hardware failure occurs on,
e.g., a server host or a network router, all services on the same host or datacenter are affected. Depending on
the criticality of the application, physical distribution of the backup services has to be enforced, though this
also limits the possibilities of QoS optimization.
If the substitution is successful, it will have an impact on the resulting QoS of the workflow; the execution
will be delayed and, depending on the reimbursement policy, the price will also increase to a certain extent. For
that purpose, the QoS model needs to cover the probabilistic nature of the QoS of the workflows in order to
facilitate computations to predict the expected outcome as well as the outcome in the best and worst cases.

2. Related Works
The QoS vector Q of the workflow is computed according to the types of QoS attributes and the control flow
of the workflow. A detailed description of this aggregation can be found. Many related approaches simplify the
QoS optimization problem by treating it as a single-objective optimization problem (SOO).
In addition, environmental conditions should be discussed carefully. In classical cases, each service is deployed
on a specific host that the provider owns or is provided by a hosting service. In such cases, users should be
careful about and responsible for redundancy at the host-level by themselves. As host-level locations are likely
to be linked with IP addresses and thus can be detected with some confidence. On the other hand, in recent
cloud computing, datacenter and area are observed units of locations. Redundancy at the host level location is
often assured by the cloud providers. Host-level locations are rather not observable from users, controlled by
the cloud providers very dynamically. In such cases, it is not necessary for users to care about redundancy at
the host level, nor possible to obtain transient host-level locations precisely. We therefore expect users to select
a set of valid levels examined in the specific setting, and then consider preference on each level.
To group services by locations, it is necessary to obtain the location information of services. We expect that the
information at the datacenter or area levels are available in most cases. It is because there are increasing
demands on the location information, to be included in service level agreements, because it matters concerns
on not only redundancy but also legal compliance issues.
On the basis of these selections, the dialog. In the upper right section, the ranked solutions with all QoS values
are listed. When the user activates the checkbox of one or more solutions, their QoS are visualized in the
diagram in the upper left section. In this way, the user may balance different solutions.
The lower left section visualizes the services in the workflow of each selected solution. The number of services
for each task is indicated by the colors red, yellow, and green. The color green indicates two or more backup
services, yellow indicates only one backup service, and red means no backup service is provided. The combo
box “Redundancy level” corresponds to the filter levels, with “Host level” being the most strict level and
“Independent level” ignoring physical dependencies. When the user highlights tasks in the workflow view, the
services of the selected solutions are visualized on a world map in the lower right section. In this way, the user
can judge whether to accept weaker QoS values to increase the physical distribution of the services.
Each service has a price, response time, and reliability QoS attribute. The response time and reliability of each
service are taken from the QWS dataset [6-15], the price is generated 50% random and 50% correlated to these
two values; a low response time and a high reliability result in a high price and vice versa. We apply varying
constraints on price and response time.
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A solution is invalid if it contains an invalid link or a QoS constraint is violated. Each service is also associated
with a service host. We use 10 independent service providers available depending on the execution time. In
order to get a realistic estimate of the uptime of a service host we have monitored 100 real services by pinging
them every 1000ms over 24 hours, leading to 8.64 million measurements. Each virtual host is associated with a
random real world service host. If the host is unavailable, or the simulated service crashes, the service
invocation fails. Since a service host might provide services from different tasks, multiple tasks might be
affected. If all services from the execution order fail, the entire workflow execution fails.
We evaluate 100 test cases for each data point and limit the runtime of each algorithm to 5000 ms. The
solutions of each algorithm are executed within our simulator 1,000 times and the minimal, maximal, and
average values of price and response time are recorded. Moreover, the average reliability is measured by taking
the ratio of successful number of runs to the total number of runs.
Since the problem of finding the optimal service selection [16] is NP-hard, heuristic algorithms [17-22] have
been investigated as a means of computing near optimal solutions. To improve the performance of service
selection, some approaches attempt to prune the search space. In [23], global QoS-constraints are split up into
local constraints for each single service task. Subsequently, the configuration with the locally best services is
selected. In [24], services not part of the skyline, which may also include backup services, are removed.
Moreover, their definition of dominance [25-30] is not sufficient in our setting, since services that are not part
of the skyline might be part of the optimal solution, e.g. especially when only few functionally valid solutions
exist.
Genetic algorithms have been successfully used for multi-objective optimization; see, e.g. [31], [32]. These
approaches consider several QoS attributes based on a classical QoS model as an objective function of the
optimization problem. Thus, it is not possible to use the risk profile of the various feasible compositions. The
papers employ a multi-objective stochastic program to take probabilistic QoS values into account. Although
they consider the worst-case scenarios of QoS, they do not consider service failures.

3. Methods
The most common QoS model for service selection is presented. Several QoS attributes are characterized and
methods to aggregate the QoS are provided. In [33], a probabilistic QoS model is provided to compute the
expected case of the QoS values. The authors apply this model for predicting the average QoS of the workflow
through many executions. The computed QoS of both models are only valid if there are no service crashes. A
failure-aware model is presented in [34]. This model takes into account additional failure recovery times. The
authors infer the QoS by collecting past execution logs. In our study, we incorporate the reliability of a service
in the computation of the expected QoS a priori.
Regarding functionally diverse services, the matching quality of the service links is incorporated into the utility
function in [35]. The authors balance the compliance with the QoS values, not evaluating whether the
computed solution is executable. Our approach considers assurance of executability as a hard constraint. We
have introduced a genetic algorithm that leverages the functional clustering to find functionally valid service
compositions. This approach neglects the physical location and the reliability of the services. Moreover, it
provides no failure recovery. It investigates the gap between the conceptual and data structural level of service
composition. It will support more deep understanding of executability, but they do not take QoS-attributes into
account.
The use of clustering prior to the selection phase is described. The authors use a k-nearest neighbor algorithm
to arrange the services in QoS clusters, without caring functional compliance. The authors of the EASY project
arrange services in a functionality graph in order to facilitate an efficient service discovery. They define service
compliance in a different way from ours and do not consider QoS attributes. We presented an approach to
leverage service clustering in service planning, without the probabilistic QoS model.
In this paper we present the following contributions:
1) Our functional clustering that determines backup services for each service. It considers locations of
the backup services into account so that they are evaluated in terms of single points of failures.
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2) Our probabilistic QoS model helps predicting the expected outcome when backup services are
employed. It allows to estimate the range of possible QoS values even if service crashes occur. It
also includes different levels of locations so that preferences on failure tolerance can be reflected.
3) Our improved service selection algorithm SHUURI2 that is based on the multi-objective optimization
(MOO) algorithm NSGA-II. It leverages the clustering and the QoS model to compute a set of
feasible solutions, verifying that the services are functionally compatible. It also considers service
locations to efficiently find more reliable solutions.
4) Our graphical user interface that enables the user to compare solutions and to visualize the physical
locations of candidate services and their backup services. The decision maker chooses the
workflow selection that best fits his / her needs in terms of QoS and physical redundancy.
An evaluation of SHUURI2 by comparing it with its predecessor SHUURI and other related MOO algorithms
by using our workflow simulator.

4. Conclusion
We discussed our approach that supports decision makers in finding robust, QoS optimized service
compositions. Our approach takes into account functionally diverse services as a consequence of an open
environment. Physical locations of the services are considered to minimize the impact of hardware or network
failures. This result in a larger number of backup services grouped according to the location. The functional
clustering on the services enables algorithms to detect backup services easily and to determine physical
dependencies. Apart from that, we developed a new QoS model that helps to predict the resulting QoS of a
workflow by considering service failures during the initial selection phase. For each service, a set of possible
backup services and the corresponding QoS are computed beforehand.
We evaluated the performance of our selection algorithm SHUURI2 in various problem scenarios. It
outperforms its predecessor SHUURI and related multi objective optimization algorithms in all relevant
measures, especially with growing problem complexity. Finally, we presented a graphical interface that
enables the decision maker to compare and choose a solution that best fits his/her needs. He/she provides
his/her preferences, risk attitude, and constraints regarding the physical distribution of the services and receives
an ordered list of approximate pareto-optimal selections. The interface visualizes the physical location of the
services and helps to determine single points of failure.
As a next step, we plan to apply our approach in service planning that computes workflow templates. By
combining both approaches we can provide a flexible and QoS optimized solution for composing workflows
automatically. Moreover, we intend to extend our approach to consider inter-service-dependent QoS attributes.
In this way, the time and performance of preceding services are considered. Apart from that, the physical
locations of the services could be estimated by their latency, which could be modeled. Another direction is to
consider other kinds of dependencies, such as services rely on the same component service.
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