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Abstract
The service composition problem in Cloud computing is formulated as a multiple 
criteria decision-making problem. Due to the extensive search space, Cloud service 
composition is addressed as an NP-hard problem. In addition, it is a long term based 
and economically driven. Building an accurate economic model for service com-
position has great attention to interest and importance for the Cloud consumer. A 
deep learning based service composition (DLSC) framework has been proposed in 
this paper. The proposed DLSC framework is considered an amalgamation between 
the deep learning long short term memory (LSTM) network and particle swarm 
optimization (PSO) algorithm. The LSTM network is applied to accurately predict 
the Cloud QoS provisioned values, and the output of LSTM network is fed to PSO 
algorithm to compose the best Cloud providers to contract with them for composing 
the needed services to minimize the consumer cost function. The proposed DLSC 
framework has been implemented using a real QoS dataset. According to the com-
parative results, it is found that the performance of the proposed framework outper-
forms the existing models with respect to the predictive accuracy and composition 
accuracy.
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1 Introduction

The Cloud Computing, as the next generation platform for conducting business, 
is Internet-based computing where computing resources (e.g., machines, net-
work, storage, operating system, software applications, etc.) are offered over the 
internet on-demand and based on pay-as-you-go [1]. Now a day, a large num-
ber of companies offer several Cloud computing services such as Amazon, IBM, 
Microsoft, and Google [2]. These services attract more attention through afford-
able access, reliable high-performance hardware, and software resources, scaling 
up and down, and avoiding security concerns and maintenance costs. Therefore, 
many institution managers and stakeholders of information technology companies 
have encouraged migrating to Cloud computing.

Cloud service composition is essentially a mechanism to build up meta-ser-
vices with simple function for a complex composite service functionally satisfy-
ing the consumers’ requirements. When meta-service of each function is unique, 
it can be quite simple. However, the basic fact of the Cloud environment is that 
there is no stand-alone Cloud service [3]. Also, the pay-as-you-go feature of the 
Cloud computing technology enables the service providers to offer their services 
with different configurations according to the service level agreement (SLA) [4]. 
So, a challenge is brought out from the proliferation of meta-services from differ-
ent Cloud providers. These services overlap the functional properties but diverge 
in non-functional behaviors (i.e. Quality of Service, QoS). Therefore, Cloud con-
sumers will face a challenge to select proper services in the presence of the vari-
ations of the functionally overlapped services offered at different QoS levels. So, 
the Cloud service composition models become urgently needed [5].

Several approaches have been proposed to solve the QoS-aware service compo-
sition problem [6–9]. These approaches consider service quality at the composing 
time while neglecting the instability in the Cloud environment, which does not com-
ply with the practical situations. The large corporations and institutions usually are 
more willing to build a long-term business relationship with Cloud service providers 
[1, 10]. But, the consumers’ behavior (i.e., QoS requirements) and the selected ser-
vices’ performance (i.e., QoS attributes) are practically volatile [11]. As a result, the 
composite service with the best current QoS performance is not necessarily the best 
after a period of time. So, the Cloud service composition is considered as a long-
term based economic strategy relative to traditional web services.

Typically, the Cloud consumer’s economic model aims to achieve shorter 
response time, more throughput, and minimum capital cost, etc. In this paper, we 
assume that QoS attributes are represented as a time series (see Fig. 1). The QoS 
attribute may be correlated with one or many other QoS attributes. In [12, 13], 
the correlation operator between QoS attributes is tested, it is found that there is a 
strong negative correlation between throughput and response time attributes. The 
correlation factor among QoS attributes is useful to predict the time series of spe-
cific QoS attributes with considering the correlated time series ones. So far, the 
correlations among QoS attributes aren’t considered in most existing QoS-aware 
prediction models [14–19].
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Therefore, Cloud service composition models should be different than tradi-
tional web services. The long-term issue is first considered where an economic 
model is adopted to predict future consumers’ QoS requirements [11]. In [20], a 
time series analysis is presented where the Cloud service composition problem 
is transformed into a similarity search problem. However, finding the composite 
service that has the most similar QoS characteristics to consumers’ QoS require-
ments is not a benefit maximization solution. To better meet consumers’ actual 
needs, Cloud service composition problem should be solved by optimizing the 
long-term QoS performance of the composite service and modeling accurately 
the correlations between multiple QoS attributes.

The main contributions of this paper can be summarized as follows:

• A deep learning based service composition framework (DLSC) has been 
introduced, which considers an amalgamation between the deep learning 
long short term memory (LSTM) network and particle swarm optimization 
(PSO) algorithm.

• A cloud consumer economic model is constructed using the LSTM network 
which has the ability to capture the nonlinear correlations among QoS attrib-
utes and learn the strong nonlinear long term dependencies of the time series 
data.

• The service composition problem is modeled as a multi-objective optimiza-
tion problem to be solved using the PSO algorithm.

• Experiments have been conducted to illustrates the efficiency of the proposed 
DLSC framework.

The remainder of the paper is organized as follows; the Cloud service com-
position formulation is presented in Sect. 2. In Sect. 3, the related work is intro-
duced. The proposed deep learning based Cloud service composition framework 
is introduced in Sect. 4. The experimental results are presented in Sect. 5. Con-
clusions and future work are presented in Sect. 6.

Fig. 1  QoS attributes values over time [12, 13]
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2  Cloud service composition formulation

Service-oriented computing (SOC) is an emerged powerful concept for building 
software systems [21]. The SOC paradigm provides composing and reusing exist-
ing services to construct value-added composed service which able to fulfill com-
plex tasks required by the consumers. One of the requirements of the service com-
position is to meet the consumer quality of services (QoS) constraints and satisfy 
his preferences. One of the difficult problems in the service composition problem 
is the selection of optimal individual services needed to combine together to pro-
vide value-added composed services [22]. Mathematically, the composition of QoS 
aware service composition can be formulated as a multi-dimensional, multi-choice 
knapsack problem (MMKP), which is an NP-hard problem. So, studying and analyz-
ing this problem is an optimization challenge [23]. Therefore, the composite service 
problem can be defined as the composition of the required services classes SC which 
is presented in Eq. (1):

where C refers to a concrete single service class and n refers to the number of the 
needed single service classes. The single service class Cj is defined in Eq. (2):

where the single service class Cj contains f (f > 1) functionally equivalent services 
with different QoS values. So, the quality of SC can be determined using Eq. (3):

The ultimate goal in the selection process is to find the optimal composited ser-
vices which have the best QoS attributes to meet the Cloud consumer requirements. 
If m QoS attributes should be considered to find the optimal single service. In this 
paper, cost, throughput and response time are considered as the QoS attributes (i.e., 
m = 3). Therefore, the overall QoS vector of the composite service can be defined in 
Eq. (4):

By substitution, Eq. (4) will be as follow:

where Qth(SC), Qcost(SC) and  Qrt(SC) indicate the overall aggregated quality vec-
tors of throughput, cost and response-time attributes respectively of all composed 
services. As, there is a number of the workflow required for the Cloud service com-
position, which continues to vary according to the complex task specification and 
its requirements. A composite service can be built according to four basic composi-
tion patterns (e.g., workflow patterns); sequential pattern, conditional pattern, loop 
pattern, and parallel pattern. However, in any composition pattern, the aggregation 

(1)SC =
[
C1, C2,… , Cj,… , Cn

]

(2)Cj =
{
S1, S2,… , Sf

}

(3)QoS(SC) =
[
QoS

(
C1

)
, QoS

(
C2

)
,… , QoS

(
Cj

)
,… , QoS

(
Cn

)]

(4)QoStotal(SC) =
[
Q1(SC), Q2(SC),… , Qm(SC)

]

QoStotal(SC) =
[
Qth(SC), Qcost(SC), Qrt(SC)

]
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functions of different QoS attributes are often different. So, in order to define and 
calculate the overall quality of the composite Cloud service, the composition pattern 
[24], and its corresponding aggregated functions presented in Table 1 [25] should be 
considered (see Fig. 2).

The solution of the composite service problem is to optimize the QoStotal(SC) 
vector through minimizing/maximizing the vector components. By selecting the 
concrete services providers for the composited service, the composition system has 
no idea about how the eventual composited service behaves during a long period. 
Therefore, there is an urgent need to predict the long-term preferences of Cloud con-
sumer which presented through the economic model.

On the other hand, the economic model is described as “a theoretical con-
struct that represents economic processes by a set of variables and a set of logi-
cal and quantitative relationships between them” [26]. The Cloud service com-
position problem is considered as a multi-objective optimization problem to 

Table 1  Aggregation functions where n is the total number of composed services, k is the loop times 
number and p is probabilistic variable [25]

Sequential Parallel Conditional Loop

Cost n∑
i=1

Qcost(i)
n∑
i=1

Qcost(i)
n∑
i=1

�
P(i) ∗ Qcost(i)

� K ∗ Qcost(i)

Response time (rt) n∑
i=1

Qrt(i)
max
i=1…n

(Qrt(i))
n∑
i=1

�
P(i) ∗ Qrt(i)

� K ∗ Qrt(i)

Throughput (th) min
i=1…n

(Qth(i)) min
i=1…n

(Qth(i))
n∑
i=1

�
P(i) ∗ Qth(i)

� Qth(i)

Fig. 2  Basic composition pattern [24]
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improve throughput and minimize cost and response time. The QoS attributes 
values during period T for the requested services can be denoted as a matrix q 
(SC (T)).

where, qCj(t) is the quality vector of the composed service class j at time period t, 
and denoted as:

The consumer defines his preferences for all requested services through a 
score/weight function during the long period T, where W(t) is the weighted vec-
tor of the composed services at time period t, and denoted as:

The overall realized QoS value of certain QoS attribute at period t is obtained 
by using an aggregation function (see Table  1). The aggregated cost attribute 
values during time period t are denoted in Eq. (8).

Similarly, the throughput and response time attributes could be formulated 
using the same equation.

By using the common weighted score function, the realized QoS values and 
their assigned weights by the consumer during period time t have score function 
S denotes as follows:

Therefore, for building a composite plan, the score function is the summation 
of all QoS scores over the full period T which defined using Eq. (10).

Since there is a huge number of Cloud software and infrastructure providers 
with different combinations. These combinations generate different plans. The 
main objective of Cloud service composition is to find the composing services 
which maximize S(plan). To improve the composition accuracy, the work in 
this paper proposes a deep learning based framework to predict the long term 
realized QoS values and accurately recommend services that maximize the con-
sumer objective function.

(5)q(SC(T)) =

⎡
⎢⎢⎢⎣

qC1(1) qC1(2) ⋯ qC1(T)

qC2(1) qC2(2) … qC2(T)

… … … …

qCn(1) qCn(2) ⋯ qCn(T)

⎤
⎥⎥⎥⎦

(6)qCj(t) =
[
qth(t) qcost(t) qrt(t)

]

(7)W(t) =
[
Wth(t) Wcost(t) Wrt(t)

]

(8)qcost(t) = aggregate
(
qc1
cost

(t), qc2
cost

(t),… .., qcn
cost

(t)
)

(9)S(t) = Wth(t) ∗ qth(t) +Wcost(t) ∗ qcost(t) +Wrt(t) ∗ qrt(t)

(10)S(plan)=

T

∫
1

s(t)dt
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3  Related work

Cloud service composition problem can be classified into two groups; functional 
attributes and non-functional attributes which called quality of services (QoS). 
Different consumers may have different behaviors, preferences, and requirements 
regarding QoS. Therefore, QoS based composition approaches are required.

In [27], a broker system is introduced to select the best requests using the allo-
cation policies. However, it tries to maximize the provider’s profit in the hybrid 
environment. In [28, 29], service composition approaches have been proposed 
to select the best services based on QoS attributes, trust/reputation and the data 
uncertainty. However, these approaches don’t consider the long term based ser-
vice composition.

In [6], the integer linear programming (ILP) is adopted to solve the compo-
sition problem by transforming the problem constraints and objective functions 
into linear equations, then adjusting a specific software solver like LPSolve [30] 
to solve them. Unfortunately, the integer program approach needs exponential 
time as the problem scale increases. To overcome the time cost shortcoming 
problem, a genetic algorithm (GA) based approach is used for the service compo-
sition problem, where each gene of the chromosome represents the abstract ser-
vice of a composite service and its value represents a candidate service [31]. The 
GA based approach searches quickly to find near-optimal solutions. However, it 
isn’t well suitable for Cloud service composition because it considers static QoS 
values during the composition time.

In [32], the Predicted future QoS for designing the composite service is defined 
using the matrix factorization of the user-service matrix. Then, singular value 
decomposition is used to decompose the user-service matrix into the product of 
the user matrix and the service matrix. However, this model has relied on instan-
taneous QoS values. Another model has formulated the long-term based QoS ser-
vice composition as an optimization problem using meta-heuristic approaches; 
Genetic algorithm, Simulated Annealing and Tabu search [33]. According to this 
model, the best average long-term QoS services are selected only. However, the 
correlations among QoS parameters haven’t been considered.

In [34], the auto-regressive integrated moving average (ARIMA) model is 
used to predict future behaviors of service requests. It has not gathered stochastic 
request arrivals, so it is not suitable for long-term composition designing. In [35], 
a long-term qualitative model for Cloud providers is defined to compose customer 
requests. It considered the IaaS composition as a preference optimization prob-
lem. In [36], a model for the Cloud provider is defined for maximizing Cloud 
provider’s incomes through predicting consumer’s next requests, then calculating 
the cost of these requests.

The deep recurrent neural network to forecast future QoS for Cloud provid-
ers is introduced to maximize resource utilization [37]. It considered one QoS 
attribute only. As a result, it can’t consider the correlations between multiple QoS 
attributes. In [11], the Bayesian Network with the Influence Diagram is adopted 
to model the long-term vision and solve the Cloud service composition problem. 
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However, a conditional probability relationship is assumed among multiple QoS 
attributes. As a result, it cannot represent the general case in practice.

In [13], the Cloud Service Composition problem is introduced using multivariate 
time series analysis. It has two phases; multivariate QoS prediction model (MQPM) 
and the time series group (TSG) service selection process. At first, The ARIMA 
model is used to predict long term behavior then, the composition problem is intro-
duced as a similarity search problem, and the Euclidian distance is used to compare 
between services.

However, finding the most similar composite service to end user’ QoS require-
ments is not a benefit maximization approach. In general, considering service com-
position as an optimization problem is more in line with user’ needs. However, 
the benefit maximization and the correlations among QoS attributes have not been 
considered.

4  The proposed deep learning based service composition (DLSC) 
framework

The success of the Cloud business is based on building accurate expectant economic 
plans. This would be done by predicting future behavior. The proposed deep learn-
ing based service composition (DLSC) framework is introduced based on amalgam-
ating the long short term memory (LSTM) network to build an economic model 
with the particle swarm optimization algorithm (PSO) to select the best providers to 
contract with them. The flowchart of the proposed model is presented in Fig. 3. The 
components of the proposed DLSC framework will be discussed in details in the fol-
lowing sections.

4.1  Preprocess time series

The time series data is a set of data point taken in chronological  order at regular 
equally space. A time series of data is decomposed into four components; level, 
trend, seasonality, and noise. The level refers to the mean of the series. The trend is 
the optional long term trajectory which may be positive or negative direction over 
time. Seasonality is the optional periodical cycles or patterns of behavior. Noise is 

Fig. 3  The proposed service composition framework (DLSC)
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the optional randomness in the observations that aren’t correlated with any explained 
trends.

To improve the predictive accuracy, three data preprocessing steps are applied. 
According to the first step, the wavelet transform is used to decompose the QoS 
time series to remove noise, because wavelet transform is able to handle the non-
stationary and highly irregular time series data [38, 39]. In the second step, the data 
normalization is required by rescaling data values from the original space to real 
numbers ranged from 0 to 1 as in Eq. (11), because the QoS time series have values 
with different scales.

where, min and max are minimum and maximum values of the series respectively, 
while, x and y are an observation value and its new scaled value respectively.

In the third step, QoS data is transformed from time series form (i.e., a sequence 
of observation values  x1,  x2,…,  xn) into machine learning supervised form (X, Y), 
where X is the input patterns and Y is the output/label patterns. In this step, shift 
function is considered the core of this transformation process as observations are 
shifted forward and backward using the desired length of lagged observations (X) 
and expected/next observations (Y) as illustrated in Fig. 4.

4.2  Long short term memory (LSTM) network

Long short term memory is one type of recurrent neural network architectures 
(RNN) that can learn and predict long sequences. The RNN is a type of deep neural 
network (DNN) which used in time series modeling. As a result of the independence 
of input and output vectors of the traditional neural network, it can’t make analysis 

(11)y =
x − min

max − min

Fig. 4  Machine learning 
supervised form (X, Y) when 
lagged observations = 3 and next 
observations = 2
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or use sequential information (time series). In contrast, the RNN is designed for 
treating with sequences where the order of the data is matter. The input of RNN at 
certain time step is the current input besides a hidden state vector obtained from the 
previous observation. RNN architecture is illustrated in Fig. 5 [40].

The symbols in Fig. 5 are:

1 U, V, and W are the weights for the hidden layer, output layer, and hidden state 
respectively.

2 xt, ot and st are the input, output and hidden state vectors at time t respectively.
3 st can be calculated based on the input vector and the previous hidden state by 

using the following formula:

where; s0 is initialized by zeros to calculate s1, and f is the activation function 
which has many alternatives non-linear functions such as rectifier linear units 
(Relu), which operates mostly in a linear regime and Tangent hyperbolic (tanh), 
which is a rescaled version of the logistic function.

4 ot is calculated using the following formula:

In the standard RNN models, it is hard to learn long-term dependencies because 
of the vanishing gradient problem where the input values sensitivity decays over 
time. Therefore, LSTM is an effective solution to overcome this problem by using 
memory cells, where memory cell would remember the inputs as long as it needed. 
LSTM memory cell composes four units; forget gate, input gate, update gate, and 
output gate. The interactions between adjacent memory cells and the memory cell 
itself are controlled by these gates. The cell state is seen as a conveyor belt. Figure 6 
illustrates the unrolled LSTM network and describes how each gate value is updated.

(12)st = f
(
Uxt +Wst−1

)

(13)ot = f
(
Vst

)

Fig. 5  Unfolded RNN architecture [40]
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The symbols in Fig. 6 are as follows:

1. xt and ht are the input vector and output result to/from the memory cell at time t, 
respectively.

2. it, ft and ot are the values of the input gate, the forget gate and the output gate at 
time t, respectively.

3. C̃t is the candidate state of the memory cell at time t.

The LSTM network has the ability to add or remove information to/from the cell 
state through the structuring of the cell gates. The forget gate decides what information 
is going to throw away from the cell state by using the sigmoid layer. The value of for-
get gate can be estimated using the following formula:

On the other hand, the input gate decides what new information is going to store 
in the cell state. At first, it decides which information values will be updated, then, 
it creates new candidates values using tanh layer. The value of the input gate and the 
candidate state of the memory cell at time t can be formulated using Eqs. (15) and (16) 
respectively.

The update gate amalgamates the output of forget and input gates to create an 
updated cell state. The state of the memory cell at time t is calculated by Eq. (17):

Finally, the output will be based on the cell state. The value of the output gate and 
the memory cell can be estimated by the following formulas:

(14)ft = �
(
Wf ⋅

[
ht−1, xt

]
+ bf

)

(15)it = �
(
Wi ⋅

[
ht−1, xt

]
+ bi

)

(16)C̃t = tanh
(
Wc ⋅

[
ht−1, x

]
t
+ bc

)

(17)Ct = it ∗ C̃t + ft ∗ Ct − 1

(18)ot = �
(
Wo ⋅

[
ht−1, xt

]
+ bo

)

Fig. 6  LSTM cell [40]
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According to our conducted experiments, the prediction model architecture con-
sists mainly of LSTM layer, dropout process, and the dense layer as illustrated in 
Fig. 7.

At first, the LSTM layer is applied to input matrices shaped of four lagged val-
ues for each QoS attribute (X) and four next values/look ahead values (Y). Then, to 
prevent the DLSC prediction model from being over fitted, the dropout process is 
applied to LSTM layer output. After that, the output from the dropout process goes 
through the dense layer which is a fully connected neural network (NN) with lin-
ear activation function. Then, MSE is calculated as the loss function. To minimize 
the loss function, the “Adam” optimizer is employed and therefore, it optimizes the 
model parameters. After many experiments have been done to best train the network 
and get best generalization case, the dropout parameter is set to 0.7. In Fig. 8, the 
effect of network training without dropout, and with values equals 0.3, and 0.7 on 

(19)ht = ot ∗ tanh
(
Ct

)

Fig. 7  Flow chart of the DLSC 
prediction model

Fig. 8  Dropout effect
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the train and test losses is illustrated. Without the dropout, the network is overfitted 
to the traing examples but when adding dropout, the network begins to improve its 
learning behaviour. According to data splitting, the division has a proportion of 80% 
for training, 10% validation, and 10% testing. Also, hidden states are set to 16.

4.3  Particle swarm optimization

The service composition is modeled by using particle swarm optimization (PSO) 
to explore the problem search space for finding the best parameters to maximize 
a particular objective target by maintaining simultaneously several candidate solu-
tions in the search space. Through the algorithm iterations, each candidate solution 
is evaluated using the optimized objective function to determine the fitness value of 
that solution as expressed in Eq. (20):

The fitness value F is calculated over the total expected period T using the pre-
dicted provisioned QoS values. There is no way for the PSO algorithm to know if 
any of the candidate solutions are near to or far away from a local or global maxi-
mum. Therefore, the objective function is used to evaluate and produce candidate 
solutions.

Initially, the PSO algorithm randomly selects candidate solutions (particles/Cloud 
providers) within the search space, which consists of all the possible solutions. Each 
particle maintains its position, its velocity and its best fitness value which achieved 
during the algorithm, and referred to as the individual best fitness (pbest). Finally, 
the PSO algorithm maintains the best fitness value achieved among all particles in 
the swarm, called the global best fitness (pgbest), and the candidate solution that 
achieved this fitness, called the global best position or global best candidate solu-
tion. The PSO algorithm consists of three steps, which are repeated until a stopping 
condition is met [41]:

1. Evaluate the fitness of each particle.
2. Update individual (pbest) and global (pgbest) best fitness values.
3. Update velocity and position of each particle as follow:

where w is the inertia weight used to measure the sensitivity of pgbest and 
pbest and to control the swarm exploration behavior. While r1 and r2 are uni-
formly distributed random vectors. Also, c1 and c2 are the cognitive ratios and 
the social ratio used to control the pgbest and pbest influence on new particle’s 

(20)F = S(plan) =

T

∫
1

s(t)dt

(21)vt+1
id

= w ⋅ vt
id
+ c1 ⋅ r1 ⋅

(
pbest(t) − xt

id

)
+ c2 ⋅ r2

(
pgbest(t) − xt

id

)
.

(22)xt+1
id

= xt
id
+ vt+1

id



1130 S. Haytamy, F. Omara 

1 3

velocity. In our conducted experiments, the number of particles (candidate solu-
tions) is considered 20, c1 = c2 = 2, and w = 0.8.

In our DLSC framework, the PSO algorithm is employed to solve the multi-
objective service composition problem as it is considered as a cooperative distrib-
uted algorithm. The PSO algorithm is updated to compose cloud services during 
the long period T as the integral operator is used by the fitness function to integrate 
future QoS values resulted from previous step/prediction step then output the best 
composed service which has the best integral value. Compared to similarity algo-
rithms, the PSO algorithm has few parameters, low execution time and it is easy to 
understand. Also, its convergence is faster.

4.4  Aggregator

In this paper, QoS provisioned attributes values are represented using time series 
technology. By using the composition schema as shown in Fig.  2 and the corre-
sponding aggregation function as mentioned in Table 1, the composite QoS values 
can be calculated for the composite service. In this paper, three QoS attributes are 
addressed for the Cloud service; throughput, response time and cost because they 
are the most used and available QoS attributes as well, there is a significant observed 
absence of other QoS attributes [12]. However, the DLSC framework is still applica-
ble on other QoS attributes (e.g., availability, trust) as the target function is a multi-
objective weighted score function.

Throughput is the number of requests the Cloud provider is able to handle per 
second, response time is the delay in seconds between sending a request and the 
receiving results, and Cost is the fee of single request the customer needs to pay 
[13].

The composition service process will activate the aggregator process during the 
long period T of the composition.

5  Experiments and results

To assess the performance of the proposed service composition framework (DLSC), 
a set of experiments are conducted and compared with the existing framework in 
[13] using the same environment setting. The experiments are conducted using a 
computer with Intel Core i7 (2.13 GHz and 4 GB RAM).

5.1  Data description

A synthetic dataset is used to represent the Cloud consumer preferences or his 
requirements which are a time series data follows Gaussian distribution to represent 
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his preferred weights for response time, throughput, and cost for the required ser-
vice. It is generated using the TimeSynth open source library [42].

Another real Cloud service data1 is used to represent the Cloud providers’ dataset 
in [43] which is updated to include the cost parameter in [12]. It contains six histori-
cal time series (Availability, Max Response time, Min Response time, Avg. Response 
time, Throughput and cost) for 100 Cloud service providers collected through 6 months 
as 28-time slots. When applying the correlation operator between QoS attributes, it is 
found that, it equals to − 0.72 which indicates that there is a strong negative correlation 
between throughput and response time attributes [12].

5.2  The performance parameters

The evaluation parameters which will be used to evaluate our proposed DLSC frame-
work are the prediction accuracy and the service composition accuracy.

For the prediction accuracy, the root mean square error is used because the loss 
becomes a parabola so it converges more quickly compared to the graph of absolute 
value created by mean absolute error (MAE). It learns more quickly when the loss is 
high. So, RMSE penalizes large deviations more. RMSE is denoted as:

where m is the time series length, xi is the observed value and xi is the correspond-
ing predicted value. RMSE measures the error size. The lesser RMSE is the better 
prediction model.

To measure the service composition accuracy, the recall and precision metrics are 
used [44].

To calculate these metrics, the brute force algorithm is conducted [45]. Then, the 
candidate compositions result from the algorithm is sorted. After that, the first 20 can-
didate composition is taken as the relevant results. Based on the notations in Table 2, 
the recall and precision metrics can be calculated as follows:

(23)RMSE =

�∑m

i=1

�
xi − xi

�2
m

(24)Precision (P) =
tp

tp + fp

Table 2  Information retrieval 
notations [44]

Notations Relevant Non relevant

Retrieved True positives (tp) False positives (fp)
Not retrieved False negatives (fn) True negatives (tn)

1 https ://githu b.com/Samar Shaba nCS/Math_for_ML/tree/maste r/time series data QoS.

https://github.com/SamarShabanCS/Math_for_ML/tree/master/time
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5.3  Predictive accuracy performance

By using the RMSE metric to evaluate the proposed model, our framework has 
lower RMSE values than the existing MQPM model in [13] for all QoS attributes 

(25)Recall (R) =
tp

tp + fn

Fig. 9  RMSE for response time attribute

Fig. 10  RMSE for throughput attribute
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during the long-predicted period. For some randomly selected services, Fig.  9 
presents RMSE values for response time, Fig.  10 presents RMSE values for 
throughput, and Table  3 presents the results. These illustrate that our model 
DLSC significantly outperforms the existing MQPM model.

According to Table  3, the results indicate that our proposed predictive model 
achieves in average 44% reduced error for throughput, 51% reduced error for 
response time and 15% reduced error for cost. These significant improvements are 
achieved due to the using of LSTM which capture the long term nonlinear correla-
tions among QoS attributes. In the opposite, the existing MQPM model uses the 
recursive mechanism in its ARIMA model to forecast the next points. So, the per-
formance of the MQPM model degrades as the forecasting time horizon increases 
because of the accumulated prediction errors.

Therefore, by using the output of the LSTM prediction step, the service composi-
tion phase will depend on accurate QoS provisioned values which lead to select best 
cloud providers to contract with in the future. Also, by using the LSTM network, 
it is dispensable to conduct the prior time series analysis and put some strict con-
ditions. Therefore, it is not required to know the time series structure [46]. Also, 
the impact of converting the non-stationary time series into stationary is quite small 
[47]. The classic time series models such as ARIMA require some assumptions 
regarding stationary and distribution of the time series. It is necessary for the appli-
cations of those classic models to conduct a priori analysis to know the time series 
properties. Without that analysis, the prediction effort would be ineffective. Also, it 
is dispensable to mathematically calculate the implicit relationships (e.g., correla-
tion) between QoS attributes as done in MQPM model which of course is hard pro-
cess and may be incorrectly calculated due to the human factor. But, through traing 
the LSTM network, the network weights are capable of capturing the implicit and 
long term dependencies. As result, it helps to achieve best composition plans con-
tinues for long period (e.g., year, 3 years) which minimize the cloud consumer cost 
function, as illustrated in the next subsection.

5.4  Composition accuracy performance

To measure the information retrieval accuracy of our proposed framework and com-
pare it to the existing time series group (TSG) service selection process in [13], 
10 requests for the Cloud consumer are conducted. We assume that the Real QoS 

Table 3  Prediction performance 
summary

Prediction model RMSE

Avg. throughput Avg. 
response 
time

Avg. cost

Existing model 0.32 59 236
DLSC 0.18 29 201
RMSE reduction by DLSC 44% 51% 15%
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dataset is classified into three groups based on their functional requirements. Also, 
a simple service composition pattern is considered where the composite service is 
composed using three service classes continuing for four periods. The experiment of 
each request aims to return the best candidate solutions and it is conducted 10 times, 
then the average is taken. In Fig. 11, the output of the DLSC framework (i.e., the 
best composition services) is presented where each number inside the matrix rep-
resents the service id. Also, the effect of the DLSC framework on the average total 

Fig. 11  Best composition services for 3 service classes during 4 periods

Fig. 12  Average cost ($)
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Fig. 13  Precision and recall during the increasing number of retrieved candidate solutions
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cost is presented and compared against the TSG composition process in [13] (see 
Fig. 12) while increasing the number of requests from 100 to 1000. According to the 
results, the DLSC minimizes the composite service cost by 22%. This is because the 
DLSC framework takes the best decisions based on the predicted QoS provisioned 
values. According to Fig. 12, as the number of requests it is higher, the cost is fur-
ther reduced. Figure 13 illustrates the precision metric, which is the fraction of the 
retrieved results that are relevant to the Cloud consumer request. Also, it illustrates 
the recall metric, which is the fraction of the relevant results that are retrieved to the 
Cloud consumer request.

It is noticed that when the number of retrieved composition plans getting larger, 
our approach achieves higher precision and slightly higher recall than that TSG pro-
cess. This means that our framework retrieves more relevant composition plans than 
that TSG process. This is because our framework uses accurate QoS attributes values 
and the correlation ship between the parameters is still kept. The averaged precision 
value using our DLSC framework is increased by 21% relative to existing frame-
work. Also, the averaged recall value using our DLSC framework is increased by 
8% relative to existing framework. By calculating the accuracy, it is clarified that the 
average accuracy of the TSG process is 83%, while our framework achieves 99.4%. 
According to these experiments, we can conclude that our framework achieves sig-
nificant results in the Cloud service composition environment.

6  Conclusions and future work

In this paper, a deep learning based service composition framework (DLSC) has 
been introduced to accurately recommend Cloud services based on the QoS attrib-
utes. The amalgamation between the deep learning long short term memory (LSTM) 
network and particle swarm optimization (PSO) algorithm is conducted in order 
to benefit from the power of LSTM in remembering the long term dependencies 
between the multivariate QoS attributes time series besides the strength of PSO 
algorithm for solving the multi-objective problems. According to conducted experi-
ments, we can conclude that our framework achieves significant results in the Cloud 
service composition environment. In the future, we study how to optimize the com-
position framework to reduce the time complexity using various parallel data pro-
cessing platforms.
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