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Abstract. Quality of Service (QoS) prediction and aggregation for composite services is one of the key issues in service computing. Existing solutions model service QoSs either as deterministic values or probabilistic
distributions. However, these works overlooked an important aspect in
QoS modeling, time. Most QoS metrics, such as response time, availability, are time-dependent. We believe time variation should be explicitly
reflected in QoS modeling as well as aggregation. In this paper, we propose a dynamic web service QoS model to capture the time based QoS
patterns, based on which QoS of composite services are aggregated.

1

Introduction

The QoS aspect of web services has attracted much attention from the research
community [1,2,3,4,5,6,7]. QoS aggregation, i.e., estimating the QoS of a composite service based on the available QoS information of the component services,
becomes crutial for QoS-based service selection [1,2,3,4]. Here, two issues need to
be addressed: (1) how QoS of web services can be eﬀectively modeled? (2) how
the QoS of individual services can be aggregated according to the composition
structure.
QoS modeling of web services in existing works can be classiﬁed as following:
(1) Deterministic QoS value [2,3]. (2) Probability Mass Function (PMF) [4],
which represents the probability of a QoS over its discrete values; (3) Probability
Density Function (PDF) of some standard statistical distributions [1,5]; (4) PDF
of irregular distributions [6]. However, all the above works have neglected a
commonly observed phenomenon in reality: service QoSs often exhibit some time
related patterns. Taking stock service as an example, usually the service is mostly
accessed during trading hours and the usage of the service outside these peak
hours is relatively low. As a result, within diﬀerent time periods, service QoS
can vary dramatically. A static QoS model is inadequate to represent service
QoS with diﬀerent characteristics in diﬀerent time periods, and the aggregated
QoS for composite service based on these models can not eﬀectively reﬂect the
impact of time.
Modeling and aggregating time based QoS is challenging. First of all, how can
we ﬁnd the time-based QoS Change Cycle? This cycle of QoS change presents
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repeating patterns on the regular basis. Secondly, how can we capture the individual time spans within the cycle, in which the QoSs exhibit diﬀerent patterns?
Thirdly, aggregating component QoSs need to consider both the composition
structure and the distinctive characteristics for each QoS aspect. In this paper,
we will tackle this challenge by establishing dynamic QoS models for web services
and providing methods for QoS aggregation based on these dynamic models.
The paper is organized as follows: Section 2 discusses the related work. In
Section 3, we develop the time based dynamic QoS model for web services. In
Section 4, QoS aggregation based on the dynamic model is explained. Section 5
presents the simulation results and Section 6 concludes the paper.

2

Related Work

Several previous studies have addressed the problems of QoS modeling and QoS
aggregation. Cardoso et al [1] propose a Stochastic Workﬂow Reduction (SWR)
algorithm to compute the QoS of a composition with sequential, parallel, conditional and simple loop blocks. Jaeger et al [2] examine more composition patterns and Dumas et al [3] propose a QoS aggregation method that can handle
unstructured acyclic fragments. Hwang et al [4] propose a probability-based QoS
model where a QoS measure of an atomic or composite service is quantiﬁed as
a PMF. Zheng et al [6] adopts a Gaussian Kernel Density estimation approach
to generate the PDFs for component services, based on which, QoS aggregation
is implemented to get more accurate estimations for composite services.
None of the above studies take the timing characteristics of QoS into consideration. Klein et al [7] address the inherent variability in the actual values of
QoS at runtime. Our research is motivated by the similar concern as Klein’s.
However, we focus more on the details of setting up dynamic QoS models and
computing aggregated QoSs for composite services.

3

Dynamic QoS Modeling for Web Services

Web services can exhibit diﬀerent quality in diﬀerent environmental conditions
such as usage, network traﬃc. In many real-world cases, the change of the environmental conditions presents certain periodical patterns, which leads to the
changes on the service QoSs. We use time cycle (TC) to represent the period
when the service has diﬀerent qualities which will re-appear in the next cycle.
We diﬀerentiate two kinds of QoS metrics based on the feature of their value
space: continuous values and discrete values, which bring diﬀerent complexities
into QoS aggregation. We use PDF to model continuous QoS metrics such as
response time. For discrete QoS metrics including reliability and cost, we use
PMF. Moreover, as diﬀerent QoS metrics always correlate in the same time
period, it is preferable to integrate all QoS metrics into one dynamic model in
order to capture the impact of time pattern on the service. In this work, we
will consider three representative QoS metrics: response time, reliability and cost.
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Definition. A Dynamic QoS Model(DQM) for a service is a tuple (T C, I, DM ),
where
• T C = [T0 , T0 + T ) is the QoS change time cycle and T0 is the cycle starting
time; T is the length of the time cycle.
 • I = {I0 , I1 , ..., IN −1 } is a segmentation of T C, where Ii = [ti , ti+1 ) , and
i Ii = T C
• DM =< SM0 , SM1 , ..., SMN −1 > is a sequence of QoS models in the time
segments, where SMi = (frespi , Preli , Pcosti ) is a vector of probability models
corresponding to the segment Ii , and
frespi is the PDF of response time
Preli is the PMF of reliability
Pcosti is the PMF of cost
Given the DQM of a service, the QoS probability model can be represented
as a function of time, i.e., Q(t) = (frespi , Preli , Pcosti ), where t ∈ [ti , ti+1 ).
The construction of the segment models can be achieved using existing probabilistic methods that have been discussed in previous works. Here, we focus on
identifying the time cycle T C of QoS and getting a reasonable segmentation of
the cycle for the DQM of a service.
We regard a service combined with its executing environment as a ’QoSgenerating’ system. We observe the dynamic QoS displayed by the system to
ﬁnd the internal mechanism that generates the QoS. For this purpose, we adopt
a Hidden Markov Model (HMM) [8] based method, assuming that the hidden
mechanism is a state machine, each state corresponds to a certain environmental
condition, within which the system exhibits stable behavior (i.e., the QoS the
system generates within each state demonstrates the stable statistical properties), and state transitions have certain regularity.
A HMM is formally deﬁned as λ = (S, A, B, Π), where
• S is a ﬁnite set of states;
• A = {aij } is the transition probability matrix, in which, aij is the probability
of state i transiting to state j in the next step;
• B = {bi (o)} is the emission probability matrix, where o is an observation
and bi (o) represents the probability of observing o when the system is in state i;
• Π = {πi }, in which πi is the probability of the system beginning in state i.
In this paper, we adopt two traditional HMM algorithms. The ﬁrst one is
Baum-Welch algorithm, i.e., given an observation sequence Oi (i = 1, 2, ...) generated by a system, to get a model λ to best describe the system. And the second
one is Viterbi algorithm, i.e., given a model λ and a sequence of observations
Oi , to ﬁnd the hidden state sequence Si .
To model the system as a HMM, we ﬁrst partition the time into equal intervals.
Next, we get the QoS statistics of the service in each time interval and take them
as the interval’s observation. As discussed before, some QoS metrics have discrete
value domains while others have inherently continuous values. In order to uniformly represent the QoS metrics in HMM, for each time interval, we compute the
expectation value of each QoS metric by taking the mean of the observed values,
and combine them into a QoS observation vector. The QoS observation vector of
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the ith time interval is Oi (Erespi , Ereli , Ecosti ), where Erespi ,Ereli ,Ecosti represent the expectation values of response time, reliability and cost respectively. In
this vector, Ereli and Ecosti are represented as continuous values with the sample spaces as Dom(Ereli ) = [0, 1] and Dom(Ecosti ) = [min(cost), max(cost)],
respectively. In this way, all the QoS metrics are represented as continuous variables uniformly. As diﬀerent QoS features have quite diﬀerent scales, we normalize all variables into the scale range of [0, 1] according to the following formula:


Eqi =

⎧
⎨

Eqi −Eqmin

Eqmax −Eqmin

⎩1

if Eqmax − Eqmin = 0
if Eqmax − Eqmin = 0

where Eqi represents the element of Oi , Eqmax = max(Eqi ) and Eqmin =
min(Eqi ). So, we get a sequence of observation vectors represented as:




Oi (Erespi , Ereli , Ecosti ), i = 1, 2, ...n, where n is the total number of the time
intervals created. As now the elements of the vector have continuous values,
we assume they obey Gaussian Mixture distribution. Therefore, the system is
eventually modeled as a Gaussian Mixture HMM with the emission probability
density function for each state deﬁned by multivariate Gaussian distribution.



Given the observation vector sequence O =< O1 , O2 , ..., On >, we use the
Baum-Welch algorithm to get the HMM λ that best describes the system. Then,
with λ and O, utilize the Viterbi algorithm to get the hidden state sequence.
Next, self-transitive states are gradually merged, from which we get the segmentation of the state sequence. The time cycle T C will be eventually recognized
from the segmentation.
With the time cycle pattern recognized, we can set up segment QoS models
for each time segment and integrate them into the ﬁnal DQM.

4

QoS Aggregation Based on DQM

In this section, we shall address the issue of estimating the QoS of a composite
service based on the DQMs of its component services. We focus on composite
services with four structured composition patterns, including sequential pattern,
parallel pattern, conditional pattern and loop pattern. Three challenge issues
remain: (1) determining the time cycle of a composite service; (2) estimating the
QoS of the composite service if it is invoked at a certain time point; (3) obtaining
the DQM of the composite service.
4.1

Estimating the Time Cycle Length of Composite Services

The cycle length of a composite service (denoted as T ) is computed as the least
common multiple (LCM) of all the cycle lengths of its component services. We
then standardize the DQMs of all the component services. That is, expanding
the cycles of all the component services to the standard T . By doing this, all
services under consideration have the same cycle length, and the time can be
represented uniformly in all the DQMs.
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Estimating QoS of Composite Services for Single Invocation

Problem Statement: Suppose composite service CS is recursively constructed
using the following basic composition patterns: sequential, parallel, conditional,
and loop, its component services are ws1 , ..., wsM , and the respective standardized DQMs are DQM1 , ..., DQMM , given an invocation time t0 , (T0 ≤ t0 <
T0 +T , where T0 is the standardized cycle starting time and T is the standardized
cycle length), estimate the QoS of CS for this invocation.
The impact of a single component service wsi on the overall QoS of CS correlates with the time when wsi is invoked. So, we need to estimate the invocation
time for every wsi . Furthermore, as the response time of wsi aﬀects the invocation
time of all services that are invoked after it, the estimation of invocation time have
to be conducted in one direction, i.e., traversing the composition process step by
step and from the beginning to the end. We identify two set of parameters in relation to the reduction of a composition pattern: input QoS parameters and output
QoS parameters. We use SubCS to represent a sub composition structure of CS.
Given the input QoS parameters of SubCS, we compute its output parameters
according to its composition pattern, which will then be transferred to its direct
successor as the inputs. The reduction algorithm will be repeatedly executed from
the very beginning and the eﬀect of each component service is gradually reduced
and merged till the end of CS’s process.
Input QoS parameters of a SubCS include: (1) startT ime, a continuous
variable that represents the time when SubCS is invoked, with its PDF denoted
as fstime ; (2) startRel, a discrete variable whose value domain is {0, 1}, where
P (startRel = 1) represents the probability of SubCS can be successfully
invoked, with its PMF denoted as Psrel ; (3) startCost, a discrete variable that
represents the cumulated cost of CS before SubCS is invoked, with its PMF
denoted as Pscost . And output parameters of a SubCS include: (1) endT ime,
a continuous variable that represents the time when the executing of SubCS
is ﬁnished, with its PDF denoted as fetime ; (2) endRel, a discrete variable
whose value domain is {0, 1}, where P (endRel = 1) represents the probability
that SubCS is just successfully executed, with its PMF denoted as Perel ; (3)
endCost, a discrete variable that represents the cumulated cost of CS just after
SubCS is executed, with its PMF denoted as Pecost .
For the ﬁrst SubCS that should be invoked in CS, the initial input parameter models are as follows: fstime (x) = δ(x − t0 ), Psrel (1) = 1, Psrel (0) = 0,
Pscost (0) = 1. Below, we will introduce the method for calculating output
parameters for diﬀerent structured SubCS, including a single service, parallel
composition, conditional composition and loop composition. Sequential composition will not be discussed here since it is just the simple repeating of single
services.
A Single Service: endT ime is the sum of startT ime and ws’s response time;
The probability of ws being successfully executed is the product of the probability of it being successfully invoked and the reliability of ws; endCost is the
sum of startCost and ws’s cost.
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fetime (x) = fstime (x) 
Perel (1) = Psrel (1) ·

N−1


(



ti+1 +mT

ti +mT
i=0 m
N−1
   ti+1 +mT

(

i=0

ti +mT

m

fstime (x)dx) · frespi (x)

fstime (x)dx) · Preli (1)
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(1)

(2)

Perel (0) = 1 − Perel (1)
Pecost (z) =



Pscost (y1 ) ·

y1 +y2 =z

N−1


(

i=0



ti+1 +mT
ti +mT

m

fstime (x)dx) · Pcosti (y2 )

(3)

Parallel Composition: We ﬁrst compute the output models for each branch.
The models for the jth branch are calculated according to Formula (1), (2) and
j
j
j
(3), and we denote them as fetime
, Perel
and Pecost
. The endT ime of the composition is the maximum endT ime of each branch; the composition is successfully
ended if and only if all the branches are successfully ended; the endCost of the
composition is the sum of each branch’s endCost.
j
Fetime
(x) =

fetime (x) =



j
fetime
(x)dx

k


j
fetime
(x) ·

j=1

Perel (1) =

k


Pecost (z) =

l
Fetime
(x)

(4)

l=1,...,k&l=j

j
Perel
(1)

j=1



Perel (0) = 1 − Perel (1)



k


j
Pecost
(yj )

(5)
(6)

y1 +...+yk =z j=1

Conditional Composition: We ﬁrst compute the output models for each
branch. The output parameters are the probability weighted sum of each branch.
fetime (x) =
Perel (1) =

k


k


j
pj fetime
(x)

(7)

j=1
j
pj Perel
(1)

j=1

Pecost (z) =

Perel (0) = 1 − Perel (1)
k


j
pj Pecost
(z)

(8)
(9)

j=1

Loop Composition: We model the iteration number as a PMF. So a loop
composition can be transformed into a conditional composition with a sequential
composition in each path. The output models are then calculated according to
the corresponding formulas.
By applying the above calculation methods, we get the probabilistic model
for a composite service’s endT ime, endRel and endCost when it is invoked
at a certain time t0 . The deﬁnitions of endRel and endCost remain the same
with reliability and cost respectively. However, endT ime is not the response
time of the composite service. We get the response time model as fresp (x) =
fetime (x + t0 ).
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Establishing DQM for a Composite Service

With the problem of QoS estimation for single invocation solved, now we
discuss how DQM is established for a composite service to reveal its QoS change
patterns in a time cycle. If two invocation time points (to the same service)
are very close, it is very likely that the QoS of these two invocations are very
similar. Based on this observation, we ﬁrst select a sequence of time points t0 ,
t1 , ..., tl (T0 ≤ t0 < t1 < . . . < tl ≤ T0 + T , where T0 is the cycle starting time
and T is the cycle length). Then we compute the corresponding QoS models and
get a model sequence Mt0 ,...,Mtl . Next, we gradually merge adjacent models
which are most similar. A merged model is computed as the average of two
adjacent models. The merge procedure will continue until the similarities of
current resultant models are all below a certain threshold. When the merge
is ﬁnished, a new model sequence Mt0 ...ta , Mta+1 ...tb , ......, Mtx ...tl is generated.
Then, we segment the time cycle in the following way: if two adjacent time
point ty and ty+1 are assigned to two diﬀerent models, then we set the middle
t +t
of them as a split time point: st = y 2y+1 . And Mtp ...tq is the corresponding
tp−1 +tp tq +tq+1
).
segment model for time span [ 2 ,
2
In the merging process, we use Kullback-Leibler divergence to measure the
diﬀerence of two probability distributions. Two distributions are similar if the
KL divergence of them is small. There are three elements in our QoS model and
we need to compute the KL divergence for every element and compute the sum
of them as the ﬁnal distance of two models.
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Fig. 1. PDFs of Real World Services

5

Experiment and Evaluation

To justify the eﬀectiveness of the proposed dynamic QoS model and approach,
we collect the response time from three real world web services: StockInfoWS 1 ,
ExchangeRateWebService 2 , and WeatherWS 3 . We ﬁrst identify the QoS change
1
2
3

http://www.webxml.com.cn/WebServices/StockInfoWS.asmx?wsdl
http://webservice.webxml.com.cn/WebServices/
ExchangeRateWebService.asmx?wsdl
http://webservice.webxml.com.cn/WebServices/WeatherWS.asmx?wsdl
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pattern for these services based on the HMM method. The results show that all
three services possess a circle length of 24 hours. StockInfoWS exhibits higher
values for response time during work hours from approximately 9:30 to 15:00,
medium values during lunch time and lower values for other time periods; The
QoS pattern of ExchangeRateWebService is similar to StockInfoWS except that
it does not present medium values during lunch time; For WeatherWS, the response time is high only within the peak hours between 9:15 and 10:45, and
relatively low outside this time range. The PDFs of the services during peak
hours and oﬀ peak hours are shown in Figure 1.
Next, we will show the accuracy of the QoS aggre;
:6
gation method proposed in Section IV. We create three
;
;
:6
web services ws1, ws2 and ws3, and their response


time values are generated randomly from the collected
:6
samples of StockInfoWS, ExchangeRateWebService and
WeatherWS, respectively. Then, these services are com- Fig. 2. A Composition
posed according to the composition structure shown in Figure 2. The probability
of each conditional branch is set to be 0.5. And the probabilities that the loop
structure will be executed 2 and 3 times are all set to be 0.5.
Monte Carlo simulation method is
PDFs of the Composite Service
0.03
then used to simulate the QoS of the
simulation
0.025
dynamic estimation
composite service. Based on the DQMs
static estimation
0.02
of the component services, we apply our
estimation method to compute the PDF
0.015
for the composite service. In addition, we
0.01
also generate static QoS models for the
0.005
component services when the time cycle
0
100
150
200
250
300
related QoS changes are not taken into
Response Time
consideration, and compute the PDF of
Fig. 3. PDFs of the Composition
the composition accordingly. Figure 3 illustrates the experiment results when the invocation time is set that all component services are within peak hours. It shows that the PDF computed based on
DQMs is very close to the simulation results, while the static models generate
more deviations.
3





3

Density



6

Conclusion

In this paper we propose a dynamic QoS model to represent the time related
characteristics of QoS. Various techniques are employed to develop the DQMs
for component services as well as composite services. Experiments show that the
proposed solution achieves high accuracy in QoS modeling and prediction.
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