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Abstract—Several studies leverage fog computing as a solu-
tion to overcome cloud delays, including computation, network,
and data storage. Along with the increase in demands for
computing resources in fog infrastructures, heterogeneous fog
devices are used towards forming highly available clusters.
Existing approaches support the use of heterogeneous fogs and
enable dynamic updates and management of services through
containerization and orchestration technologies. However, none
of the existing works proposed a proactive solution to horizontally
scale these resources based on the IoT workload fluctuations, in
addition to deciding on proper placement of the scaled instances
on fogs with minimal cost on the fly. An effective scaling results
in improving the response time and avoid service instability
on fog devices. Therefore, we propose in this work FScaler, a
reinforcement learning agent that horizontally scales container’s
instances after studying user’s demands, and schedules the
placement of newly created instances based on defined cost
functions after studying the change in resources availability. The
environment of FScaler is modeled as an MDP to be solved by
any RL algorithm. For this work, we study the efficiency of
our MDP formulation by solving the problem using SARSA.
Promising results are shown through testing using a real-life
dataset presenting the variation of user’s demands of a particular
service and the change in resource availability over time.

Index Terms—Fog Computing, Horizontal Scaling, Service
Placement, Reinforcement Learning, Container, Kubernetes

I. INTRODUCTION

Fog computing is utilized to work out the limitations of

distant clouds affecting IoT devices in terms of networking,

computation, and data storage. Fog can be any computing

device located close to the user. The creation of these fogs

can be static [1] or dynamic [2], depending on the envi-

ronment it is serving. Furthermore, virtual machines (VM)

were used to facilitate service hosting as a flexible solution

supporting any operating system and coping with the rise of

fog computing. On the other hand, the increase in the number

of IoT devices drain fog resources with service requests and

raise the need for dynamically placing and updating fog

services. Therefore, researchers deviate from using VMs to

using containers to meet these demands [3]. Containers are

proven to be more lightweight compared to VMs because they

use the device’s operating system rather than a new copy of

it. More importantly, it is also more flexible to manage a large

number of containers and resources in clusters of fogs using

orchestrators. Kubernetes [4] is an example of a container

orchestration tool capable of (1) monitoring the health of

containers, (2) load balancing requests on multiple instances

to avoid service overload and instability, and (3) managing the

cluster resources.

To fulfill the increasing demands and requests for services

hosted on fog devices, dynamic on-demand horizontal scaling

of containers resources is imperative. Horizontal scaling is the

act of adding and/or removing instances of containers to meet

an acceptable response rate for users, or to clean resources

to be consumed by other applications. A challenging factor in

such decisions is the fact that fog resources’ are heterogeneous

and can change over time depending on the demands of other

applications. This necessitates an automated approach that

predicts the demand of groups of users to act proactively

and scale the required number of instances. This approach

must also decide upon the new instances placements inside

the orchestrated fog clusters based on the changing available

resources in order not to affect other running applications.

Meanwhile, Reinforcement Learning (RL), a category of ma-

chine learning, utilizes intelligent agents to build knowledge,

take actions, and adapt to the changes in its environment

through a load balance between exploration and exploitation.

The agent aims to maximize a certain reward or minimize a

given cost. This knowledge can either be built from scratch

and is called model-free or uses a model of the environ-

ment to learn faster, which is called model-based. The agent

environment is formulated as a Markov Decision Process

(MDP) to be solved using RL algorithms. The model-free

approach can be used to learn from the environment from

scratch because it is hard to model the randomly changing

service demands over time. RL is proven to excel in the

areas of robotics, studying behaviors, scheduling, and many

more [5]. Motivated by the advancement in RL, we propose

in this paper Fscaler (Fog scaler), a model-free RL to solve

our scaling problem taking into account the aforementioned

challenges. Fscaler generates four combined decisions serving

the horizontal resource scaling of containers in fog clusters

based on defined cost functions. These four decisions are: (1)

the number of containers to add, (2) the number of containers

to remove, (3) an efficient placement of the service instances

on fogs considering contradicting objectives and available

resources, and (4) selection of fogs to stop and remove running

instances that are not useful or can block other applications.

Through a series of experiments, we obtain promising results

978-1-7281-3129-0/20/$31.00 ©2020 IEEE 1824

Authorized licensed use limited to: Bibliothèque ÉTS. Downloaded on June 25,2021 at 07:51:01 UTC from IEEE Xplore.  Restrictions apply. 



showing the correctness and efficiency of our proposed MDP

formulation after solving it using a model-free RL algorithm

called SARSA. To the best of our knowledge, we are the first

to propose the horizontal scaling of containers in fog clusters

that is capable of making such decisions. The contributions of

this paper are:

• A novel architecture to account for dynamic resource

scaling of containers through integrating FScaler, an RL

agent, in Kubernetes fog clusters.

• A novel MDP formulation of the scaling problem, which

can be later solved by various RL agents depending on

the fog cluster and application scale.

• Proposing the use of SARSA to build the FScaler agent,

which is proven to reach optimal policy through a series

of realistic experiments.

The rest of this paper is organized as follows. The related

work is depicted in Section II. In Section III, we illustrate

the integration of Fscaler in Kubernetes. In Section IV, we

formulate the horizontal scaling and placement problems as

MDP. In Section V, we present the SARSA algorithm to build

FScaler. In Section VI, we present a series of experiments

using real-world datasets of servers loads and capacities. We

finally conclude with future directions in Section VII.

II. RELATED WORK

In this section, we discuss different related proposals con-

sidering the problem of resource scaling in fog environments.

A. Resource Scaling and Placement in Fog Clusters

Authors in [6] studied the current trends and architectures

of fog computing. In this survey, the authors highlighted the

limitations of such architectures and pointed out the deploy-

ment issue of services in fog environments. The main problem

is the ability to scale fog resources in order to achieve efficient

placement of new services without affecting the running ones.

B. Resource Scaling Using RL

Many approaches used RL to horizontally and vertically

scale resources on the cloud, taking into account the deploy-

ment cost [7]. This is different in the fog computing context,

where containers are used for deployment and scaling, and

placement happens under different conditions such as the

change in resource availability of fogs and their different

locations. Few works considered scaling containers in fog

environment. For instance, Authors in [8] built an MDP for

horizontally and vertically scaling containers resources inside

one fog. This work considers scaling on multiple fogs having

different locations. The limitation of [8] is the use of Linear

Integer Programming to do the placement of newly created

instances on fog devices, which might take time if the input

is large and therefore delays the scaling procedure. On the

other hand, FScaler is able to proactively do the scaling and

placement at once using our Formulation.

C. Studying Behaviors and Scheduling Tasks Using RL

Several approaches have used RL to study users’ behavior in

terms of demands for services. One application where studying

the demands is useful is caching. For instance, authors in [9]

formulated their problem as MDP and used RL to decide on

the files to cache in small base stations deployed in different

locations based on the changes in users demands.

III. PROPOSED ARCHITECTURE

The motivation behind our proposed scheme is to decide

upon efficient scaling of containers resources in fog clusters

in order to handle the demands of users and avoid overloading

containers on fogs, which can result in its failure or instability.

The challenges facing our approach can be summarized as the

randomly changing demands of users, the randomly changing

load of fogs and therefore the availability of resources, de-

ciding on the exact number of containers to be added and/or

removed at a time-step, and finally the proper placement and/or

removal of containers on/from specific fogs.

In order to overcome these challenges, we propose the

Fig. 1: Proposed Architecture

architecture illustrated in Fig. 1. The core of this architecture

is FScaler, an RL agent that is capable of making the scaling

and placement decisions. In short, fog devices receive requests

from users. After serving these requests, the fog sends use-

ful information about its performance and current resources

state. Fscaler, in turn, utilizes this information to advance

its knowledge and take effective actions for releasing and/or

using more resources in its cluster. Fog and worker are used

interchangeably throughout the paper with the same meaning.

Fogs as Kubernetes Workers: The cluster size represents

the number of workers it has. For instance, two workers are

considered in our sample case in Figure 1. Each device’s

resources containing CPU, Memory, and Disk are divided

into three parts. First, resources reserved by other applica-

tions running on the fog (shown in gray). Second, resources

consumed by containers running our application (shown in

pink). The third is the available idle resources that can be

used to add more instances for our application or can be used

by other applications. Noting that containers in the case of

Kubernetes clusters run in the form of pods. Resources utilized

by pods of our application must not be idle for not wasting

the worker resources. Besides, overloading pods can result in

instability of the service and possibly affect its availability.

Therefore, it is relevant to smartly use more of the workers’
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available resources in case needed, while not blocking other

applications, to achieve load-balancing. It is also important to

mention that pods addition or creation does not affect other

instances running the service [4].

Kubernetes Master: Kubernetes master in our architecture is

composed of two entities: The standard kubernetes master and

the FScaler RL agent. These entities couple together to achieve

the desired management and resource scaling of the cluster.

The standard Kubernetes master role is to manage the state

of the cluster by monitoring the performance of pods in every

worker, restarting or creating new copies of failing ones, load

balancing the incoming traffic on pods to avoid overloads,

and scheduling the creation of new pods on available nodes.

We disable the scheduling functionality of the traditional

Kubernetes master and replace it with FScaler for placement

and scheduling of the new instances based on defined cost

functions that better serve the fog computing purpose, and

study the changes in resources available on the workers. As

shown in Figure 1, the Kubernetes master periodically receives

data from its workers to be used by FScaler for learning. These

data represent the response time of requests sent to the user,

the current placement of containers, and the newly available

resources of workers. FScaler is a model-free RL agent that

periodically takes actions and learns by capturing data about

its environment. FScaler interacts with the environment based

on our MDP formulation detailed in the next section.

IV. MODELING FSCALER

MDP is a mathematical framework for modeling sequential

decision making in stochastic environments. An MDP model

is defined by the tuple (S,A,P, C, γ). S is a set of states

that represents all possible states of the environment. A is

the set of all possible actions or decisions to take. P is

the transition probability matrix that represents a probability

distribution over the next states s′ after taking action a ∈ A.

Based on the Markov property, the agent transitions to a new

state independent from all previous states and actions. C is

the cost function evaluated after taking action a on state s
and representing different objectives. γ ∈ [0, 1] is the discount

factor that decides on how much the agent cares about future

rewards or costs for the current state. The ultimate goal is

to obtain an optimal policy π∗ that given state s, it outputs

action π∗(s) that minimizes the given cost. RL is a well-known

technique used to find π.

In the context of our problem, we formulate the horizontal

resource scaling of containers in orchestrated fog clusters as

MDP, taking into consideration the change of users’ demands

and available resources of fogs over time. In our formulation,

we consider scaling for one application. A single pod P of

the application is to be scaled in the cluster, which requires

resources described in terms of CPU, Memory, and Disk. A

pod is represented as P = [PCPU , PMem, PDisk]. Replica-

tions or removal of pod instances can happen on any fog in

the cluster. We denote by H the set of fogs in the cluster,

where Hi = [HiCPU
, HiMem

, HiDisk
]. In our environment, the

performance of fogs is measured by response time U(t) of

users’ requests in ms at time t. Furthermore, we denote by k
a constant in ms to represent the maximum response time users

can tolerate. If U(t) � k, this means enough pods should be

placed in the cluster to handle the excess of requests. In such

a case, our model should intelligently decide on the number

of pods to create in order to utilize the available resources

in the cluster efficiently. On the other hand, if U(t) < k
no additional instances of pods should be created. For this

reason, we denote M(t) the placement vector of size m × 1
of pods on m devices in the cluster. Supposing a Kubernetes

cluster contains three workers (m = 3) and our agent decides

to create five new pods on the cluster, a possible placement

would be: M(t) = (2, 2, 1). We also denote by R(t) the

vector of size m×1 the available resources of each fog in the

cluster at time t, where each element of the vector contains

information about the available CPU, Memory, and Disk.

Available resources can change depending on the reserved

resources by other applications running on the cluster. We

assume that available resources on each node are normalized

with respect to the total resources. A possible R(t) can be

([0.8, 0.6, 0.4], [0.7, 0.5, 0.7], [0.9, 0.4, 0.5]).
An action a(t) in our action space A is a vector of size

m× 1, such that every entry ai(t) ∈ [−Mmaxi
,Mmaxi

] | i ∈
[1,m], and Mmaxi

is the maximum number of placements on

worker i. Mmaxi is calculated using (1):

Mmaxi
= min(�HiCPU

PCPU
�, �HiMem

PMem
�, �HiDisk

PDisk
�) (1)

The action space is the set of all possible actions, taking into

account that some actions will not be feasible based on the

availability of resources for each worker/fog node. Therefore

a single action combines four decisions discussed previously:

number of new pods to create or remove, and the placement

or removal of pods from worker nodes.

We denote by s(t) ∈ S a state in our state space, such

that s(t) = (U(t),M(t), R(t)). Fscaler receives an update of

the environment state periodically. Following Fig. 2, suppose

that Fscaler receives information about state s(t− 1), Fscaler

then takes a scaling and placement action a(t) at time t to be

performed on the environment. M(t) is then calculated based

on the previous placement. Workers then store information

about the response time experienced by the user, as well as

the resources available on each fog during the period t. For

simplicity, U(t) is then calculated based on the average of the

responses, and R(t) is calculated as the average of available

resources over the period of t. The cost Ct is then calculated

for state st−1 and action at knowing Ut,Mt, and Rt. This cost

can also be written as Ct((st−1, at|st)). The next state st is

then formed and forwarded to FScaler to take action at+1. This

cycle repeats infinitely since our environment is continuous.

A. Cost function and placement objectives

The efficiency of our scaling decision in terms of the number

of instances to add is measured by our response cost. The

resource cost is also used to measure the amount of resources

used by the scaled pods, which blocked other applications
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Fig. 2: The Steps to Get Our MDP Quantities Through Time

from running on the machine. This motivates the agent to

intelligently manage the utilization of the resources on each

fog in a way that allows other applications to run by learning

the device’s load over time. Last is our distance cost, which is

dedicated to maintaining the proximity of fogs from requesting

users in terms of distance. In other words, selecting fogs in

the cluster that are furthest from the user is more expensive.

Our first cost C1,t(st) is the response cost measuring the

efficiency of the scaling decision at time t. This cost can be

mathematically formulated as:

C1,t(s(t)) =

⎧
⎪⎨

⎪⎩

[U(t)−k]−[ε×∑m
i=1 Mi(t)]

U(t) , if 0 < ε×∑m
i=1

Mi(t) < U(t)− k

0, otherwise
(2)

where ε is a constant decimal defined depending on the pod’s

performance towards minimizing the response time. Further-

more, [ε × M(t)
T
1] denotes the response time minimized

because of the pods scaling action at. Furthermore, we have

two cases in (2). First is when our placement failed to improve

the response time experienced by the user by k−U(t). In this

case, we take the response time that is experienced by the

user after the placement using [U(t) − k] − [ε × (M(t)
T
1)]

and divide it by Ut for normalization. Otherwise, the cost is

zero because the scaling was able to achieve the best in terms

of response time.

The second cost C2,t(s(t)) is related to the resource con-

sumption, which accounts for the amount of resources used

by pods that blocked other applications from running on each

fog during t. C2,t(s(t)) allows the agent to intelligently study

the changes in resource usage of every fog during t where

the placement of Fscaler already happened. To calculate this

cost, we denote by N(t) a vector of size m× 1, representing

the amount of additional resources needed for each fog to run

other applications after the placement of Fscaler. Furthermore,

Ni(t) is a vector of size three containing the additional

resources used for CPU, Memory, and Disk. Nicpu(t) is

calculated using (3). Similar calculations apply for Nimem
(t)

and Nidisk(t):

Nicpu(t) =

⎧
⎪⎨

⎪⎩

(Mi(t)× Pcpu)−Ri(t), if Mi(t)× Pcpu

> Ricpu(t)

0, otherwise
(3)

Thereafter, C2,t(s(t)) is computed as follows:

C2,t(s(t)) =
∑m

i=1 Nicpu(t) +Nimem
(t) +Nidisk(t)∑m

i=1 Rmaxi
(4)

In (4), Rmaxj
is the maximum resource available at fog j. The

sum of Rmaxj
is used for normalization.

The third cost motivates the main purpose behind fog

computing, which is bringing services closer to users. We

measure this using a distance cost calculated as follows:

C3,t(s(t)) =
∑m

i=1 HiD ×Mi(t)∑m
i=1 HmaxD

×Mi(t)
(5)

In (5), HD is a vector that contains the distances of each host

in the cluster, assuming that the closest fog has HiD = 0. We

take the final number of instances running in the cluster on

each host and multiply it by the host distance. HmaxD
is the

distance furthest from the user and used for normalization.

Therefore, our cost function becomes:

Ct((st−1, at)|Ut,Mt, Rt) = λ1×C1,t+λ2×C2,t+λ3×C3,t

(6)

Where each λ ∈ [0, 1] is a weight multiplied by each

cost function given
∑3

i=1 λi = 1. These weights are tuned

depending on the requirement of the application and the nature

of the cluster to give some cost functions more importance

over the others, where the aim is to minimize Ct

B. Dynamics of the model
In s(t), U(t) and R(t) are calculated after observing the

behavior of users and usage of resources on fog nodes.

Knowing that U(t) and R(t) are stochastic, we assume that

the probability matrix P is unknown, which is practical.

Therefore, Fscaler uses model-free RL algorithms to model the

environment transitions through exploration and exploitation.

C. RL-based Solution
In RL, the agent tries to find the policy π(s) : S → A by

minimizing a cost function, for instance (6). Action a(t + 1)
in our MDP is incurred from the previous action and state,

which tells the agent about the scaling and placement decisions

to be performed. The performance of a(t + 1) is done using

state value function Vπ(s), which is calculated by observing

the rewards during an infinite time horizon. In order to do

a model-free control to improve our policy, the agent should

know P in order to figure out how to act greedily towards this

value function. In our case, we do not know the dynamics of

the environment. An alternative is to use the state-action value

function Q(s, a), where acting greedily is possible through

maximizing or minimizing Q(s, a) of a given state. Our aim in

this paper is to find the optimal policy π∗, which can minimize

Ct. The best π∗ for FScaler is the one that allows the agent to

make optimal scaling and placement decisions in its cluster.

π∗ can be expressed as follows:

π∗(s) = argmin
a

Q∗(s, a) ∀s ∈ S (7)

In the next section, we present the Bellman equation used to

optimize our policy π and introduce the use of SARSA for

solving (7).
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V. SOLUTION FOR SMALL SCALE APPLICATION

Exploration and exploitation are necessary for an agent to

try different possibilities in the action space in order to prop-

erly act greedily. One of the ways to load balance exploration

and exploitation is using ε-greedy policy improvement, which

uses ε as a value that decays over time in order to reduce the

number of explorations as the agent converges to an optimal

policy π∗. In the context of our scaling problem, an RL agent

evaluates his performance in a certain state and action by

calculating a state-action value function Q(s, a). In its simplest

forms, RL agents can store Q(s, a) in a matrix or QTable of

size |S| × |A|. This matrix is usually initialized to zero or to

arbitrary values. SARSA is a model-free on-policy algorithm

used to find the optimal Q-function Q∗. Q-values in SARSA

are updated every time-step using the equation shown in (8)

built using the Bellman equation. In (8), α is the learning rate,

and s′, a′ are the next state and action.

Q(S,A)← Q(S,A)+α(C(S,A′, S′)+γQ(S′, A′)−Q(S,A))
(8)

In order to find the optimal policy based on our MDP, we use

SARSA algorithm. The advantages of using SARSA are: (1)

its ability to learn online from incomplete sequences; (2) its

low variance to the true action value function and (3) it is

proven to reach optimal policy [10]. The SARSA algorithm is

shown in Algorithm 1.

Algorithm 1 FScaler Using SARSA

1: Initialize Q(s, a) = 0, and ∀s ∈ S, a ∈ A randomly

2: for Each episode do
3: Initialize s
4: Select a from s using ε-greedy

5: for Each time-step of episode do
6: Take action a, observe C,S ′

7: Select a′ from s′ using ε-greedy

8: Apply (8) to update Q(s, a)
9: s← s′; a← a′;

10: end for
11: end for

Despite the advantages of SARSA, SARSA for FScaler only

works for small scale applications and clusters because of the

”curse of dimensionality” problem.

VI. NUMERICAL TESTS

In this section, we experiment with FScaler using SARSA

to show its efficiency in scaling and placing containers in fog

clusters, while considering randomly changing users’ demands

and available resources. In order to prove that FScaler is able

to converge to an optimal solution, we build two test cases

with different input sizes, weights, and parameters. We then

plot the cost function showing the performance of FScaler

in each scenario. In order to prove that FScaler is indeed

reaching optimal policy, we plot the response time the user

is experiencing after the scaling and placement decisions, in

addition to the amount of resources blocked on fogs because

Scenario PCPU PMem PDisk m H1D H2D H3D k ε Max
Response

1 0.5 0.4 0.45 2 10 20 - 1 1 7
2 0.26 0.28 0.3 3 10 20 30 1 1 3

TABLE I: Experiments Settings

Scenario γ α λ1 λ2 λ3

1 0.9 0.1 0.4 0.4 0.2
2 0.9 0.1 0.3 0.5 0.2

TABLE II: SARSA Parameters and Cost Weights

of the scaling decision.

Two datasets are used to build our scenarios. The first one

is WS-DREAM dataset [11], which maintains a set of QoS

datasets collected from real web services. From this data, we

built U(t) from the response times in ms of the web services

experienced by the user. The second dataset is Google cluster

Trace 2011-2 [12], which illustrates a real set of available

resources and demands of services that change over time. We

built R(t) from the normalized resources demands of three

hosts from this dataset. In Table I, we show the experiments’

settings of two scenarios. The choice of these parameters is

based on various experiments to show the behavior of FScaler

under different settings. As shown in Table I, the available

CPU changes in both scenarios, as well as the number of hosts

and their distances to study the performance and convergence

of FScaler. In our experiments, we set a limit on the number

of hosts and response time read from both datasets to avoid

the curse of dimensionality problem. In Table II, we show the

different parameters used to tune SARSA and the cost weights.

We ran Algorithm 1 multiple times for each scenario using

the settings of Tables I and II. The results showing the costs

evolution over time for each scenario are depicted in Fig. 3. As

shown in this figure, FScaler is able to converge to a certain

behavior after some time. Scenario 1 has a higher cost because

m is small and Pcpu is large compared to scenario 2. However,

FScaler in Scenario 1 converged faster compared to scenario

2 because the QTable is smaller in terms of states with fewer

hosts. In order to prove that FScaler is reaching the optimal

solutions in both scenarios, we display the results of Fig. 4

following scenario 2. In this scenario, λ1 < λ2, therefore

giving more importance to minimize the resource consumption

cost C2 over the response cost C1. As shown in the graph of

Fig. 4a, the agent was able to minimize the average response

to a value less than 1.6 ms. The best the agent can do is to

Fig. 3: FScaler Performance Using SARSA
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(a) Response Time (b) Fog 1 - Available Resources

(c) Fog 2 - Available Resources (d) Fog 3 - Available Resources

Fig. 4: Scenario 2: Response Time and Resources Available

N Using FScaler

minimize this response to 0. However, because C2 has higher

importance, FScaler puts more attention to not block the new

demands of fogs. Fig. 4b shows the resources available on fog

one after the placement, where the agent utilizes all available

resources without blocking other applications as the model

converges. A negative value means the agent utilizes more

than the available resources of the fog, which is not the case

after convergence. Furthermore, the distance cost C3 motivates

the agent to use less resources on fogs far from the user. This

is why the agent is not using much resources on fogs 2 and

3. This also explains why the agent did not drop the response

time to 0 in Fig.4a. Therefore, the agent is able to behave

optimally using SARSA in Scenario 2.

VII. CONCLUSION

In this paper, we propose FScaler, an RL agent capable

of scaling and distributing containers based on the demands

of users and available fog resources. We integrated FScaler

in Kubernetes cluster architecture for easier management,

scalability, and placement in containerized fog clusters. We

were then able to model the scaling and placement problem

as an MDP with three different costs: response, resources,

and distance costs. Our model is able to accommodate the

randomly changing users’ demands and available resources

of fogs in the cluster. Through our modeling, the agent is

able to make the scaling and placement decisions at once.

We then used SARSA in order to build FScaler that can

intelligently manage the scaling and placement decisions by

reaching the optimal policy. A series of experiments were

conducted with real datasets that showed the ability of FScaler

to converge by reaching the optimal policy. In our experiments,

we considered two small test cases in terms of the cluster size

and maximum possible response. In other scenarios, SARSA is

not guaranteed to converge for larger test cases due to the curse

of dimensionality problem. Therefore, our future direction is

to build a function approximation for our formulation to form

agents that can scale for large test cases. Finally, it is also

important to note that this scaling approach can serve many

other purposes such as distributing the load on the cloud to

accommodate for unpredicted heavy demands like offloading

tasks [13], improving security detections [14], and can be

integrated into different clustering protocols [15], [16].
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results for single-step on-policy reinforcement-learning algorithms,”
Machine learning, vol. 38, no. 3, pp. 287–308, 2000.

[11] Z. Zheng and M. Lyu, “WS-Dream-Web Service QoS Datasets,” Re-
trieved from WS-Dream: http://www. wsdream. com/dataset. html, 2012.

[12] C. Reiss, J. Wilkes, and J. L. Hellerstein, “Google cluster-usage traces:
format+ schema,” Google Inc., White Paper, pp. 1–14, 2011.

[13] H. Tout, C. Talhi, N. Kara, and A. Mourad, “Selective mobile cloud
offloading to augment multi-persona performance and viability,” IEEE
Transactions on Cloud Computing, 2016.

[14] O. A. Wahab, J. Bentahar, H. Otrok, and A. Mourad, “Optimal load
distribution for the detection of vm-based DDoS attacks in the cloud,”
IEEE transactions on services computing, 2017.

[15] H. Otrok, A. Mourad, J.-M. Robert, N. Moati, and H. Sanadiki, “A
cluster-based model for QoS-OLSR protocol,” in 2011 7th International
Wireless Communications and Mobile Computing Conference. IEEE,
2011, pp. 1099–1104.

[16] N. Moati, H. Otrok, A. Mourad, and J.-M. Robert, “Reputation-based
cooperative detection model of selfish nodes in cluster-based QoS-OLSR
protocol,” Wireless personal communications, vol. 75, no. 3, pp. 1747–
1768, 2014.

1829

Authorized licensed use limited to: Bibliothèque ÉTS. Downloaded on June 25,2021 at 07:51:01 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


