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Abstract. Services and service compositions are executed in an uncer-
tain environment with regard to several aspects of quality. Static service
selection approaches that determine the entire service selection prior to
the execution of a service composition are extensively discussed in the lit-
erature. Nevertheless, the uncertainty of quality aspects has been not well
addressed in the service selection phase so far, leading to time-consuming
and expensive reconfiguration of service compositions at their execution
time. Due to the uncertain and dynamic nature of the execution envi-
ronment, a dynamic service selection approach is highly desirable. In
a dynamic service selection, the services are selected during the execu-
tion of a service composition taking into account the conditions caused
by already executed services. A dynamic service selection contributes to
implement robust service compositions to support reliable business pro-
cesses, where robustness is measured in terms of fulfilling quality con-
straints of a service composition. In this paper, we examine a dynamic
service selection approach based on a Markov decision process. The ser-
vice selection is considered from a cost minimizing point of view with an
end-to-end constrained execution time. A simulation study demonstrates
that the dynamic service selection outperforms an optimal static service
selection in an uncertain environment with respect to robustness of the
service compositions and cost minimizing.

Keywords: Dynamic Service Selection, Uncertain QoS, Markov Deci-
sion Process.

1 Introduction

Complex business functionality is implemented by the composition of already
existing services in Service-oriented Architectures (SOAs) [7]. Process models
are used to formulate the business or application logic of a service composition.
A task within a process model represents certain functionality associated with
functional requirements. These requirements have to be provided by a service to
execute the corresponding service composition. Therefore, for each task a certain
service has to be selected from a set of appropriate services which is known as
the service selection problem (SSP). Taken into account the principle of loose
coupling, the service selection for each task can be postponed until its execution,
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i.e., late binding. The quality of a service (QoS) and its cost are considered to
distinguish between services providing an identical or a similar functionality [10].
A service selection aims for optimizing certain QoS attributes of a service com-
position while other QoS attributes are end-to-end constrained [13,14].

Service compositions are executed in an uncertain environment with regard to
several QoS aspects. For example, the response time of a service depends on the
utilization of the service itself and the underlying network. Because the value of
an uncertain QoS attribute is unknown until the service is executed, estimated
values are taken into account when a service selection is determined. The actual
QoS value will often deviate from the estimated one. The deviation of a QoS
value may cause a violation of end-to-end constraints or the deterioration of
QoS attributes to be optimized. When end-to-end constraints are exceeded, the
execution of the entire service compositions fails.

Most of the approaches for the SSP discussed in the literature deal with a
static service selection [4,11,14]. The services for all tasks are selected prior to
the execution of the composition in a static service selection. Those approaches
are not able to react on unforeseen events like the deviation of QoS values during
the execution of a service composition. An apparent approach to deal with devi-
ations is to adjust the service selection for unexecuted tasks in a reconfiguration
step taking into account the conditions caused by already executed services [1].
Because the reconfiguration of a service composition considering the entire set
of services leads to a high computational and communication effort [5], several
efficient reconfiguration approaches based on heuristics are proposed in the lit-
erature [5,6]. Due to the uncertainty of several QoS attributes, the execution of
a service composition is dynamic and hard to predict. Therefore, a dynamic ser-
vice selection that takes into account the uncertainty inherent to estimated QoS
attributes is appropriate. In contrast to a static service selection, in a dynamic
service selection the services are determined individually for each task consid-
ering the conditions caused by formerly executed tasks. Although the service
selection is carried out locally for each task using an appropriate decision model,
a dynamic service selection is able to account for end-to-end constrained QoS
attributes.

In this paper, we propose a dynamic service selection approach for sequential
service compositions. The SSP is modeled as a Markov Decision Process (MDP)
that is able to capture the uncertainty of the QoS attributes. Solving the MDP,
we obtain a service selection strategy that is used to drive the dynamic service
selection at the execution time. We study the proposed dynamic service selec-
tion model for a cost minimizing service selection considering an end-to-end con-
strained execution time. Its performance is compared to an optimal static service
selection approach with reconfiguration by means of randomly generated prob-
lem instances. We show that the dynamic service selection ensures robust service
compositions fullfiling their end-to-end constraints with lower costs compared to
an optimal static service selection approach when an uncertain environment is
assumed.
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The rest of the paper is organized as follows. The service composition model is
formalized in Section 2. The MDP formalism is briefly summarized in Section 3.
Furthermore, it is described how the dynamic service selection is modeled as an
MDP. The design of the computational experiments and the results are presented
in Section 4. Related work is discussed in Section 5. Finally, Section 6 concludes
the paper summarizing the major findings and motivating future research.

2 Service Composition Model

The process or business logic, i.e., control and data flow, of a service composition
is formulated using a process model. We consider abstract process models based
on tasks. A task ti represents a certain functionality with associated functional
requirements. An approach to formulate and execute abstract process models is
proposed in [2]. The set of services, a service class, that fulfills the functional
requirements of a task ti is denoted with Si. A service from Si offered by a
provider j is denoted as sij ∈ Si. Each task ti has to be bound to a service sij to
execute the corresponding service composition. The binding of the service sij to
the task ti is indicated by ti ← sij . For abbreviation, we denote the service sij for
which ti ← sij holds with si. In this paper, we consider sequential process models
with n tasks. The predecessor of the task ti+1 is the task ti, i = 1, . . . , n − 1.
The task ti+1 can only be started after the processing of ti is completed, i.e., the
service si+1 is invoked after the service si has been terminated.

The cost of a service and its response time are considered as non-functional
attributes. The cost of a service sij , assumed to be known in advance, is de-
noted with c(sij). In contrast to the cost, the response time of a service sij
can only be estimated prior to the execution of sij . We distinguish between the
actual response time p(sij), the expected response time E[p(sij)], and the vari-
ance of the response time V ar[p(sij)] of a service sij . The quantities E[p(sij)]
and V ar[p(sij)] can be determined using a monitoring system for gathering
execution-related information.

We consider the total cost c(sc) and the total execution time p(sc) for a given
service composition sc. The cost of a service composition is the sum of costs
c(si) of the services si bound to the tasks:

c(sc) =
n∑

i=1

c(si). (1)

Since we consider sequential service compositions, the total execution time p(sc)
is the sum of the response times of the services bound to the tasks:

p(sc) =

n∑

i=1

p(si). (2)

The total execution time of a service composition is restricted to a predefined
value R > 0. The execution of a service composition is feasible if p(sc) ≤ R
holds. Otherwise, the execution of sc is failed. When penalty costs for failed



240 R. Ramacher and L. Mönch

service compositions are known, e.g. due to an Service Level Agreement, we
denote them by cp.

3 Dynamic Service Selection

3.1 Markov Decision Processes

An MDP can be used to model decision processes containing uncertainty. For-
mally, an MDP is represented as a four-tuple (Γ,A, T,R) where Γ is the set of
states the decision process consists of and A is the set of possible actions. The
mapping T : Γ × A × Γ → [0, 1] provides for γ1, γ2 ∈ Γ and a ∈ A the proba-
bility T (γ1, a, γ2) that the process moves to state γ2 when action a is performed
in state γ1. The mapping R : Γ ×A× Γ → IR is the reward function. The value
of R(γ1, a, γ2) is for γ1, γ2 ∈ Γ and a ∈ A the expected utility when action a is
performed in state γ1 and the process moves to state γ2. Solving an MDP results
in a strategy π : Γ → A that maps each state γ ∈ Γ to an appropriate action
a ∈ A such that the expected total reward of the entire process is maximized.

A dynamic service selection based on an MDP requires an appropriate mod-
eling of states and actions as well as determining the transition probabilities and
choosing an appropriate reward function. For the researched problem, states are
used to represent the task currently to be processed and a time interval in which
the processing of a task will be started. The processing of a task ti is modeled as
an action. The state model with the corresponding actions, the state transitions
probability, and the cost function as negative reward function are formulated in
Subsection 3.2. Based on the proposed state model, Subsection 3.3 describes the
probability model used to define the state transition function.

3.2 State Model

The execution of a service composition requires the selection of a service sij ∈ Si

that is invoked to execute the task ti. With regard to a constrained execution
time, the service selection for a certain task has to be driven by the time already
consumed by previously executed services. The difference of the consumed time
and the execution time restriction R determines the time that is still available
to execute the remaining tasks. For this reason, we propose a state model that
captures the already consumed time. A set of states Γi is used for each single task
ti. The state γik ∈ Γi is associated with a time interval [lik, uik]. The processing
of task ti cannot start before lik and not later than uik in state γik.

We distinguish mi states with disjunct time intervals for each task ti, i =
2, . . . , n. The task t1 is represented by the single state γ11 with l11 = 0 and
u11 = 0. Moreover, two final states γn+1,1 and γn+1,2 are introduced. The interval
boundaries of these states are set to ln+1,1 = 0 and un+1,1 = R as well as
ln+1,2 = R and un+1,2 = ∞, respectively. The complete state model consists of∑n+1

i=1 mi + 3 states. The set of all states is Γ =
⋃n+1

i=1 Γi.
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The interval boundaries of the states in Γi with i = 2, . . . , n are determined
taking into account the earliest time (pi) and the latest time (pi) at which the
processing of task ti can be started. These quantities are calculate as:

pi =

i−1∑

a=1

min{E[p(saj)]|saj ∈ Sa}. (3)

pi =
i−1∑

a=1

max{E[p(saj)]|saj ∈ Sa}. (4)

Taking into account pi and pi, the interval boundaries lik and uik of each state
γik ∈ Γi are determined as:

– state γi1: li,1 = 0 and ui1 = pi
– state γik, k = 2, . . . ,mi − 1: lik = pi + (k − 2)Δ and uik = pi + (k − 1)Δ,

where Δ :=
(
pi − pi

)
/(mi − 2)

– state γi,mi : li,mi = pi and ui,mi =∞.

The quantities mi are parameters of the approach. Note that because of our
choice of Δ the model requires mi > 2.

The set of actions Ai that can be performed in each state γik ∈ Γi is derived
from the service class Si. Note that each γik ∈ Γi represents the task ti. An
action aij ∈ Ai corresponds to the invocation of the service sij ∈ Si. The final
states in Γn+1 are associated with the empty action set An+1 = ∅. The set of all
actions is A =

⋃n+1
i=1 Ai.

The state transitions of the MDP reflect the sequential processing of the tasks
of a service composition. The selection of an action aij ∈ Ai in state γik ∈ Γi

corresponds to the invocation of the service sij ∈ Si to process the task ti. The
invocation of the service sij terminates with a certain probability in the time
interval of each state γi+1,y ∈ Γi+1 in which either the processing of the task
ti+1 can be started for i < n or the processing of the service composition is
completed for i = n. Accordingly, the decision process moves from γik to each
state γi+1,y ∈ Γi+1 with a certain probability when aij is selected for γik. The
probability T (γik, aij , γi+1,y) of moving to γi+1,y ∈ Γi+1 depends on the response
time of service sij that is associated with aij and the time interval represented
by γik. Details on calculating the probability T (γik, aij , γzy) are discussed in
Subsection 3.3.

A state model for a simple service composition consisting of three tasks and
m1 = m2 = 3 is shown in Figure 1. For each state except of γ11, the associated
time interval is plotted on the horizontal axis. The state γ11 is associated with
the degenerated interval 0. For the sake of simplicity, some state transitions are
only indicated by a dashed line.

The cost function C maps each state transition to the cost c(sij) resulting
from the invocation of the service associated with the action aij and a penalty
value p that is applied when the decision process moves to an undesired state.
We obtain:
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Final statesTask t3Task t2Task t1

11 22

23

time
Ru2,1

= l2,2

u2,2

= l2,3

u3,1

= l3,2

u3,2

= l3,3

Fig. 1. State model of a service composition consisting of three tasks and m1 = m2 = 3

C(γik, aij , γzy) = c(sij) + p. (5)

The decision process contains only the single undesired state γn+1,2. This is the
state the process is moved to when the execution time restriction R is exceeded.
Therefore, p is 0 for all states γzy with z �= n + 1 and y �= 2. When penalty
costs are available (cf. Section 2), then p is set to cp. Otherwise, the value of p
is calculated dependening on a risk factor rf as:

p = rf
n∑

i=1

(max{c(sij)|sij ∈ Si} −min{c(sij)|sij ∈ Si}) . (6)

Modeling the dynamic service selection as an MDP requires that the Markov
condition is fulfilled. It states that the optimality of an action does not depend on
the sequence of actions already performed. Based on the proposed state model,
the Markov condition is fulfilled because the consequences of already performed
actions are summarized in the time interval of a certain state. Therefore, the
optimality of an action in a certain state only depends on the state and the
expected costs of the states the process is supposed to move to.

3.3 State Transition Probability Model

The quantity T (γik, aij , γzy) is the probability that the process moves to γzy
when the action aij is performed in γik. Because of the sequential processing
of the service composition, T (γik, aij , γzy) is 0 for all γzy ∈ Γz with z �= i + 1.
To determine T (γik, aij , γi+1,y), we assume that the processing of task ti starts
at some point βik ∈ [lik, uik]. Thus, the service sij that is associated with the
action aij is invoked at time βik. T (γik, aij , γi+1,y) is the probability that the
invocation of sij terminates at some point in the time interval [ui+1,y, li+1,y]
represented by γi+1,y.
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We assume that βik is uniformely distributed on the interval [lik, uik], i.e.
βik ∼ U [lik, uik]. The assumption is reasonable when the intervals [lik, uik] are
small which is ensured by an appropriate selection of mi. The response time of a
service sij is modeled as a random variable ρij . We assume that the distribution
information of ρij is available either in closed form or in form of an empirical
distribution function. The later one can be derived using information from a
monitoring system. When the service sij is invoked in the interval [lik, uik] then
the time at which the invocation of sij terminates is a random variable Ψijk,
with Ψijk = βik + ρij . Accordingly, T (γik, aij , γi+1,y) is the probability that
Ψijk ≥ li+1,y and Ψijk ≤ ui+1,y holds. We obtain:

T (γik, aij , γi+1,y) = (1− F (li+1,y))F (ui+1,y), (7)

where F (x) = P (Ψijk ≤ x) is the probability distribution of Ψijk. The distribu-
tion F can be calculated as a convolution of βik and ρij because the two random
variables are independent. When the convolution of βik and ρij is not available
in closed form, then F has to be numerically evaluated by sampling βik + ρij .

In this paper, we assume that the response time of a service sij follows a
normal distribution with μij = E[p(sij)] and σ2

ij = V ar[p(sij)], i.e., we have

ρij ∼ N(μij , σ
2
ij). A closed form expression can be derived for the density func-

tion of Ψijk in this specific situation. Figure 2 shows the density function of Ψijk

for an action aij that is performed in state γik. The integral of the shaded area
(b) represents the state transition probability T (γik, aij , γi+1,y). The probability
density of the equal distribution is depicted as the shaded area (a).

time
li,k ui,k li+1,y ui+1,y

(b)(a)

E[p(si,j)]

i,k i+1,y

ai,jState transition

Probability density

i,j,ki,k

Fig. 2. State transition probability T (γik, aij , γi+1,y) when ρij ∼ N(μij , σ
2
ij)

3.4 Algorithm

A strategy π : Γ → A determines the action π(γ) ∈ A that is chosen in the state
γ ∈ Γ . An optimal solution of the dynamic SSP is a strategy π that minimizes the
expected cost of a service composition. Algorithms to solve an MDP are based
on the expected costs V (γ) for each state γ ∈ Γ . With regard to the dynamic
service selection, the expected cost V (γik) for a state γik ∈ Γi represents the
immediate cost associated with γik, i.e. invocation of a service and penalty costs
if an undesired state is reached, and the cost V (γzy) of the states γzy the process
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is expected to move to. For z < n the cost of each γzy consists of the sum of
costs resulting from the invocation of services to process the remaining tasks
tz, . . . , tn and the penalty costs that occur when an undesired state is reached.
Therefore, the expected cost of a state γ ∈ Γ is calculated recursively as:

V (γ) = min
a∈A

∑

γ′∈Γ

T (γ, a, γ′) {C(γ, a, γ′) + λV (γ′)} , (8)

where C(γ, a, γ′) represents the immediate cost when action a is performed in
γ and the process is moved to γ′ (cf. Subsection 3.2). The sum of the immedi-
ate costs and the expected costs of a subsequent state γ′ is weighted with the
probability T (γ, a, γ′) that the process is moved to γ′. Note that the cost of a
service associated with the action a is considered in total because the proba-
bilities T (γ, a, γ′) sum up to 1. The penalty cost included in C(γ, a, γ′) when
an undesired state γ′ is reached is considered only as a fraction depending on
the probability that the process is moved to γ′. The equation (8) is known as
the Bellman update. The parameter λ in expression (8) represents the impact
of the costs expected for future states on the costs of earlier states. A standard
algorithm to calculate the expected costs for each state γ ∈ Γ is given by the
backward value iteration. Here, the Bellman update is applied iteratively where
convergence of the scheme is ensured by choosing 0 ≤ λ < 1.

The dynamic SSP is formulated as a finite MDP with non-stationary expected
costs and due to the sequential processing, each strategy π is guaranteed to be
a proper strategy, i.e. it ends in a finite state of the MDP. Therefore, it turns
out that the special case of additive costs, i.e. λ = 1, is approved without losing
the convergence property of the backward value iteration algorithm [8]. Hence,
based on the expected cost for each state, the action a ∈ A chosen in a state
γ ∈ Γ is determined as follows:

π(γ) = argmin
a∈A

∑

γ′∈Γ

T (γ, a, γ′) {C(γ, a, γ′) + V (γ′)} . (9)

4 Performance Study

A simulation study is conducted to evaluate the performance of the dynamic ser-
vice selection. The MDP approach described in Section 3 is compared with an
optimal static service selection approach with reconfiguration. The average cost
of a service composition and the number of failed service compositions are con-
sidered as performance indicators. Furthermore, we examine the computational
effort required to evaluate the service selection strategy at the execution time
of a service composition. Randomly generated problem instances are used. The
experimental design is described in Subsection 4.1. Subsection 4.2 elaborates on
the optimal static service selection approach with reconfiguration. The results of
the computational experiments are presented and discussed in Subsection 4.3.
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4.1 Generation of Problem Instances

A problem instance consists of n tasks. A set of m services is generated for each
task. The services are distinguished into the gold, silver, and bronze categories
with respect to their prices and response times. These categories mimic the
assumption that a service of a higher price is also expected to have a higher
quality, i.e. a lower response time.

The price of a service depends on the categorie the service belongs to and the
factor mclass that represents the ratio between the price and the quality of the
services in different categories. We consider crefsilver = 100r, crefgold = mclass · crefsilver ,

and prefbronze = 1/mclass · prefsilver as reference prices for each service category,
where r is a realization of a random variable X ∼ U [0, 1]. Moreover, we consider

prefgold = 10, prefsilver = 50, and prefbronze = 90 as reference response times for the
different service categories.

The price and the expected response time of a service sij that belongs to the
service category cat ∈ {gold, silver, bronze} is chosen as:

c(sij) = crefcat + (r − 0.5)crefcat , (10)

and

E[p(sij)] = prefcat + (r − 0.5)prefcat , (11)

where r is a realization of an random variable X ∼ U [0, 1]. The variance of the
response time is selected depending on the factor mσ as follows:

V ar[p(sij)] = mσE[p(sij)]. (12)

Because our comparison approach likewise the majority of existing reconfigura-
tion approaches does not consider penalty costs, we exclude the evaluation of
the effects caused by penalty costs from the experimentation. Instead, we eval-
uate the influence of the risk factor rf (see equation (6)) on the performance
of the dynamic service selection. The factors and their levels are summarized in
Table 1.

Table 1. Factors used to generated problem instances

Factor Level Count

Number of tasks n ∈ {5, 10, 15, 20} 4
Number of providers per task m ∈ {5, 10, 15} 3
Expected price difference mclass ∈ {1, 3, 5, 6} 4
Variance in response time mσ ∈ {0.1, 0.15, 0.2, 0.25} 4

Risk factor rf ∈ {0.3, 0.5, 0.7} 3
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4.2 Comparison Approach

We use a Mixed Inter Programming (MIP)-based service selection with reconfig-
uration as an optimal service selection approach. The approach is based on the
MIP shown in (13) - (16). The MIP determines a cost minimizing service selec-
tion taking into account an end-to-end constrained execution time. In addition
to the price c(sij) of a service sij and its expected processing time E[p(sij)], the
MIP contains two parameters α and β. These parameters are required to use the
MIP in a reconfiguration setting. The quantities α and β represent the current
progress of a service composition. The parameter α = 1, . . . , n− 1 identifies the
task that is to be processed next. The value of β represents the time, passed
since the start of processing the service composition.

The MIP contains the binary decision variables zij . The value of zij is 1, if
the service sij is used to execute the task ti, otherwise 0. The MIP model is
formulated as follows:

min

n∑

i=α

m∑

j=1

c(sij)zij (13)

subject to:
m∑

j=1

zij = 1, ∀i : i = {α, . . . , n} (14)

n∑

i=α

E[p(sij)]zij ≤ R− β (15)

zij ∈ {0, 1}, ∀i, j : i = {1, . . . , n}, j = {1, . . . ,m}. (16)

The objective function (13) minimizes the costs resulting from the services used
to execute the tasks. The equations (14) force that exactly one service sij is
selected for each task ti. The inequality (15) ensures that the expected amount
of time to process the remaining tasks tk, k = α, . . . , n is smaller than the
difference of the execution time restriction R the time β already passed. The
constraints (16) make sure that the decision variables are binary.

Instead of using the reconfiguration in a heuristic manner, i.e. only by ex-
ceeding a threshold, the reconfiguration is invoked after the processing of each
task.

4.3 Simulation Results

The execution of a service composition is simulated using the discrete-event
simulation engine SLX. The response time of each service sij follows a normal
distribution N(E[p(sij)], V ar[p(sij)]). The MIP is implemented and solved by
ILOG OPL 6.3 and CPLEX solver 12.3, respectively.

The influence of the number of states used in the MDP approach is evaluated.
Therefore, each problem instance is solved with mi = 10, 20, and 40 states for
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each i = 2, . . . , n + 1, respectively. The corresponding approaches are denoted
by MDP (10), MDP (20), and MDP (40).

For each approach A ∈ {MIP,MDP (10),MPD(20),MDP (40)}, 100 invo-
cations are simulated for each problem instance. The simulation records the
average cost cA per successfully executed service composition and the percent-
age of requests vA that are successfully executed for each approach A. Moreover,
the simulation keeps tracks of the average computation time ctA, required by
the approach A to determine the service selection of all tasks at the execution
time of the service composition.

Figure 3 shows an evaluation of the MIP and the MDP(40) approach with
respect to the uncertainty expressed through the factor mσ. Different values of
the risk factor rf are considered for MDP(40). The average cost per service
composition is summarized in Figure 3 a). In general, the results state that
the MIP is outperformed by the MDP approaches with respect to costs. The
advantage of the MDP approaches increases with increasing uncertainty. The
lowest average cost are observed for MDP (40) with rf = 0.3 independently
of mσ. The average costs observed for the MDP approaches increase with an
increasing risk factor.

Results with repect to v are shown in Figure 3 b). The data reveals that the
MIP leads to a large fraction of failed service compositions, i.e., a low value
of v. The value of v decreases from 87 percent for mσ = 0.1 to 81 percent
for mσ = 0.25. For mσ = 0.1 and mσ = 0.15, a value close to 100 percent of
successfully executed service compositions is observed for all MDP approaches.
For the remaining values of mσ, it can be concluded that a higher risk factor
leads to a higher value of v. The execution time restriction is fulfilled in 99
percent for rf = 0.7.

An evaluation of cA with respect to different values of mclass is shown in
Figure 4 a). The data reveals that in the case of homogenous costs, i.e. mclass =
1, a similar performance is observed for all approaches. The MIP leads to the
minimal average cost per service composition for mclass = 1. However, the costs
determined by the MDP approaches are lower than the cost of the MIP for the
remaining values of mclass. The results point out that a larger number of states
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improves the performance of the MDP. The lowest values for cA are obtained for
MDP (40). Results of a sensitive analysis with respect to the number of tasks
are shown in Figure 4 b). The performance gap of the MIP compared to the
MDP increases with an increasing number of tasks.

Figure 5 presents the results of an sensitive analysis of v for different values
of m and n. It can be observed that v is close to 100 percent for all MDP
approaches, independently from n and m. The values of v observed for the MIP
point out that an increasing number of tasks as well as an increasing number
of providers lead to a higher fraction of failed service compositions. Taken into
account the number of tasks, the fraction of failed service compositions increases
from 9 percent for n = 5 tasks up to more than 30 percent for n = 20 tasks.

The computation time ctA required to evaluate the service selection strategy
varies from 0.4 seconds for the MDP(40) approach on average for n = 15 to less
than 0.03 seconds on average for the MDP(10) approach for n = 5.
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Fig. 5. Percentage of succesful executions for different m (a) and n (b)

5 Related Work

The service selection with uncertain QoS values has been tackled by researchers
in the recent years. The majority of the existing work is devoted to the recon-
figuration of service compositions. A reconfiguration is required when services
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fail [12] or the QoS values deviate from the original specification [1,5,6]. Service
breakdowns are addressed by Yu and Lin [12]. Two algorithms are proposed
to reconfigure the service compositions which are already in execution and to
provide a backup service selection that is used by future requests of a service
composition, respectively. Both algorithms are offline approaches, i.e., the service
reconfiguration as well as the backup path are determined simultaneously with
the initial service selection. Both approaches are restricted to a single service
failure. A failure of several services can neither be handled by the reconfigura-
tion nor by the backup service selection. The violation of end-to-end constrained
QoS values due to the deviation of QoS values is not considered at all.

Canfora et al. [1] consider the reconfiguration of end-to-end constrained service
compositions with uncertain QoS attributes. An approach for an online reconfig-
uration of service compositions is presented. Reconfiguration regions are identi-
fied taking into account conditional branches, parallelizing operators, and loops.
A reconfiguration region consists of all unexecuted tasks that will be reselected to
avoid the violation of the end-to-end constraints. The reselection is performed
by a common static service selection approach e.g. an Integer Programming-
based [14] or Genetic Algorithm-based [4] service selection.

Another reconfiguration approach is discussed by Lin, Zhang, and Zhai [6].
The efficiency of the reconfiguration is addressed. A heuristic is proposed that
restricts the size of the reconfiguration regions using a distance measure [6].
The distance is increased iteratively until a reconfiguration region is identified
that is of a sufficient size to successful reconfigure the service composition. In
addition to restricting the size of a reconfiguration region, Li et al. [5] propose a
restriction of the number of tasks considered by the reconfiguration. Supplement
services are identified during the initial service selection. The reconfiguration of
each task is then narrowed to the set of supplement services to improve the
efficiency of the reconfiguration.

Each of the reconfiguration approaches discussed so far has to be regarded as a
static service selection. Gao et al. [3] propose an approach for a dynamic service
selectionbased onMDP.The uncertaintywith respect to the availability of services
is taken into account. The service selection aims for the optimization of a single
QoS attribute, e.g. the total cost of a service composition or their execution time.

A further MDP-based dynamic service selection approach for the adaption of
processes with inter-process dependencies is discussed by Verma et al [9]. The
process execution is affected by exogenous factors. The corresponding implica-
tions require an adaption of the service selection at the execution time. The
combination of services is restricted by the inter-process dependencies i.e. the
combination of services used for different tasks has to be coordinated. As exoge-
nous factor they consider a delayed delivery that requires a decision to wait for
the delayed delivery or to place a new order at a different service provider.

End-to-end constrained QoS attributes are neither considered in [3] nor in [9].
Therefore, both approaches are not suitable for a dynamic service selection with
an end-to-end constrained execution time. Although delays are considered in [9],
the approach is only based on the information that a delay occurs but the
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delay itself is not quantified. However, the quantification of the actual delay
is mandatory with regard to an end-to-end constrained processing time to drive
the service selection for the tasks to be executed.

6 Conclusion

Services and service compositions are executed in an uncertain environment
with respect to several aspects of quality. The uncertainty is not addressed suf-
ficiently by existing static service selection approaches leading to expensive and
time-consuming reconfigurations at the execution time of a service composition.
Anticipating deviations resulting from estimated QoS values improve the over-
all quality of service compositions and their robustness, measured in terms of
violated end-to-end constraints.

A dynamic service selection approach modeled as an MDP is proposed in this
paper. Modeling the service selection decision as an MDP allows for explicating
the uncertainty inherent to several QoS attributes within the decision model. The
performance of the proposed approach is studied for a cost minimizing service
selection with an end-to-end constrained execution time. An extensive simulation
study reveals that in an uncertain environment the dynamic service selection
outperforms a static service selection approach with reconfiguration with respect
to robustness of the service compositions and to costs. Furthermore, it is shown
that the approach is efficient with respect to the computational burden resulting
from the service selection decision at the execution time of a service composition.

There are several directions for future research. Although the proposed ap-
proach allows for taking into account arbitrary distributed response times, the
experiments conducted in this paper are based on the assumption that the re-
sponse times of the serivces are normally distributed. The normal dsitribution
assumption for response times might be violated in a real-world environment.
Therefore, further experiments should be performed to assess the performance
of the proposed dynamic service selection approach when arbitrary distributions
are considered. It should also be evaluated whether the normal distribution as-
sumption represents a sufficient approximation to deal with arbitrary distributed
response times or not.

Furthermore, the decision model proposed in this paper is based on sequential
process models. Although the sequential process model is a fundamental service
composition pattern and serves as a basis for many other service composition
patterns with regard to an QoS optimizing service selection [11], a further di-
rection for future research is to extend the model proposed in this paper to
more complex process models including conditional branches and parallelizing
operators.
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