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1- Introduction

1. INTRODUCTION

The exponential growth of the Internet, in the last few years, has completely changed the
global population’s behaviour. Within the last decades, we have witnessed a tremendous
evolution in communication’s technologies, in which the mobile computing systems and
networks have been the real protagonists. Many new communication solutions have been
developed, from the first WAP (wireless access protocol) to the most recent wireless
communication protocols (like 4G and expected 5G) which guarantee high-speed data

transmission for all mobile devices.

The new mobile communication systems, supported by the worldwide increase in
smartphone and tablets usage, have opened the possibility of being constantly connected
to the Internet. The mobile systems performance enhancement has led to the development
of upgraded mobile data platforms and applications. Indeed, through a high data rate
leverage, delivered by the last generation networks, it has been possible to offer to users

new services and applications such as video streaming and social networking.

According to the latest estimates, in figure 1.1, the traffic data growth seems to be endless,

owing to the possibility to have a constant access to news, email, video content and other
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1- Introduction

personal data, anywhere and anytime. The next 5 years forecast predicts an increase in
tenfold for the data traffic and in twofold for mobile networks speed. This incredible
phenomenon is strongly supported by the unstoppable diffusion of hand-held devices.
Every day new smarter and more sophisticated devices become an integral part of our
daily lives. It has been estimated that in 2020 the number of this kind of handset will be
greater than the earth’s population [1]. The rapid proliferation of smartphones and tablets
is also due to the high performance delivered: everyone seems to have the world in his/her
hand and it inevitably leads customers to desire more and more. New technologies create
new desires and new services. For example, larger and high-definition display opened up
to the consumers the chance to take advantages of services like video sharing and video-

on-demand.

Other
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Figura 1-1 Mobile data traffic by application [3]

In fact, the video traffic represents the highest percentage of mobile data and the forecast

predicts a further increase over the coming three years.

The advent of smartphones and, in turn, the increasing interest in video contents, yielded
to the birth of a huge number of apps, generating the need of good throughput and latency
performance; the first has to guarantee no freezing effects during the streaming and the

second is extremely important for real-time service. This led to a new communication
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degree, which may pledge good performance to the huge number of devices, in terms of

latency, data rates, energy consumption and throughput [3].

In order to manage the new data burden, without completely overthrowing the network
infrastructure, the mobile network operators (MNOSs) are developing new communication
systems based on the deployment of small cells, changing the topology of the traditional
cellular network. The small cell network is made of different low-power small base

stations comparable to many access points.

In order to get along with the growing of data traffic and to meet the ubiquitous user’s
requirements, especially in crowded areas, the aim of the mobile operators is to deploy
cells of different sizes (micro, pico, femto) able to improve coverage through re-usage of
the resources, and, at the same time, to offload the macro cells directly connected to the
backhaul. The cooperation among macro cell and small cells has led to the generation of
heterogeneous network with higher performance, in particular in terms of bit rates, for

the final user [6].

Femtocell WiFi Macrocell

—

Figura 1-2: Example of Heterogeneous network [http://www.telecomabc.com/h/hetnet.html]
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The main objective of heterogeneous networks, is not only to unburden the backhaul but
also to get the data closer to the final user. In order to achieve this, every access point has
in it a cache memory that is able to store relevant contents. This opportunity results to be
very appealing, particularly in an area where an important event is taking place, and a lot
of people demand for similar contents. In this case, most of the contents will be already

stored in the small cell, avoiding a very high number of requests to the mobile network

[4].

1.1 Caching

By leveraging on the evolution of the memory and storage technologies achieved in the
last decades, caching may represent a promising solution to support the increasing data
demand in mobile wireless networks. The use of the memory cache, which is mainly used
in computers technology, has the main purpose to support the functions of the CPU, by
prefetching instructions that could be quickly and frequently accessed through the
application software. This initial idea has been extended to the browser cache, that stores
the information related to the most frequently accessed web platforms, providing a

quicker access afterwards.

Beside to browser caching, a copy of the requested files is stored in a cache memory on
the client device in order to speed up the page downloading. Caching can also
significantly reduce communication costs also in terms of energy, thereby improving the
efficiency of the accesses to the networks. This concept of caching, applied to the small-

cell world, could represent the solution to speed up network access to data files.
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A cache memory installed in a small-cell base station functions more efficiently if
provided with an intelligent system that is capable of analysing the traffic flow and

predicting future requests.

Caching and
offloading cut

Running apps

backhaul costs closer to users
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Benefits { I Cuts backhaul traffic Improves the user experience
Method - e : R
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content management
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want to download

Figura 1-3: Intelligence in a small cell [http://www.jdsu.com/ProductL iterature/smallcellhetnet_wp_nsd_tm_ae.pdf]

In this new environment, the old reactive paradigm, which immediately served the
impatient users, is replaced with the new strategy of proactive caching, whose objective

is to store the data in advance.

As a demand arrives, the application simply fetches the information from the internal

memory, avoiding the access to the wireless network.
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Afterwards, through analysing the data flow, a base station is able to create a traffic
pattern towards the terminal users, and store the appropriate contents before the user

demand comes.

1.2 OSNs’ Impact on Data Traffic

A big portion of mobile data is represented by the OSNs, according to the latest data about
the increase in data traffic [1]. The dissemination of information over platforms, like
Facebook, Twitter etc, has achieved a very high degree. As soon as the social networks

came to light, each user began sharing and spreading a large amount of data.

Furthermore, thanks to the astonishing technological evolution of latest devices, furnished
with several communications technology (NFC, GPS, etc), it has been possible to track
the activity of the user, not only in terms of possible future demands, but also in terms of
mobility. This has made the human behaviour to be more predictable [8]. Online social
network are an integral part of our lives. This is cconfirmed by the latest statistics, which
declare that the 31% of the Facebook users use a smartphone or a tablet to enter their

personal profile [9].

These new hand-held devices offer high performance and a lot of features but they have
to deal with a limited battery life. The issue of energy consumption is very important for
the success of handheld devices. For example, during video streaming, the user requires
good network performance and good channel quality in order to avoid loss of packet and
consequently the freezing effect. It is not always feasible to keep a high standard in data
flow, anywhere and anytime, and sometimes a significantly higher energy consumption

IS required.
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Decreasing the energy consumption of smartphones and tablets is one of the most
important challenges. The need for ubiquitous connection has to deal with two main
factors: the inevitable variations in network conditions and the demand for high
performance during peak hours. Especially in crowded places, demand for high data rate
content leads not only to a decay of the data flow, but also the consumption of more

power.

In this work, the aforementioned problem of the energy consumption is tackled with a
similar caching approach developed for the small-cell-networks, but directly at the user’s
devices. The high predictability of the users’ action plays a key role, because it gives the
possibility to anticipate his/her the future requests. Apparently, the knowledge of the
future demands in terms of contents seems not to be enough, due to the variability of the

mobile network.

Finally, it is essential also to associate a user’s mobility pattern to his predictable
information, as it would be helpful to draw an accurate profile of the channel conditions.
In a mobile environment, the wireless channel condition plays an important role because
a communication over a low quality channel could lead to a greater consumption of

energy by the user’s device.

1.3 Energy Efficient Proactive Caching for mobile device

To wholly exploit the predictability of the final user and minimize the energy
consumption, the Proactive Caching for mobile wireless networks will been analysed in

this work.
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The idea of proactive caching is not merely related to the network and its resources’
management, but is applied directly to the user’s device with the objective to minimize

the energy consumption.

As aforementioned, the battery represents the biggest obstacle to mobile innovation. Even
with all the work that has been put into battery development, the basic problem remains
that we are trying to make the linear growth of batteries serve the exponentially growing

demands for power.

Due to the large amount of energy consumed, mobile devices have to be continually

charged. Being often wired, the smartphones are losing their mobile characteristics.

For this reason, we need to device methods that use the battery as efficiently as possible.

In order to do this, assuming that the channel statistics of the user is known, based on
user’s mobility predictability, the main objective is to select the right moment to download
a content in order to “pay the lowest cost” in terms of energy depletion. This idea finds

its actual implementation in an OSN environment.

Every user frequently accesses his profile to watch the latest news about his
friends/groups of interest and, in turn, it will be easy to predict which contents the user is
interested in. The reason to anticipate the fetching is not related to the content itself, but

to the channel condition.

Hence, the aim of proactive caching for mobile device is taking as much advantage as
possible since the channel condition shows a good condition. It allows to download a
content that will be definitely asked in the future by the user, leveraging on the knowledge

of the stochastic distribution of the channel and the future user’s demand.

12
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The proactivity’s benefit is a better efficiency in energy consumption. This will be
possible only if the content is cached over the best channel condition: when a transmission

requires less energy.

As pointed out in the section caching, the user requests of contents already stored in his

cache, can be served directly from the local memory.

1.4 Online Approach

To completely benefit from all the information related to the user’s demand and channel

state, two different methods proffer possible solutions to the problem [11]:

(i) Offline algorithm, in which it is assumed that all the evolution of the process
is known a priori
(i) Online algorithm, in which the evolution of the process is known only

partially or in stochastic distribution terms.

In this work, the online method has been analysed, because the assumption is that only
the stochastic model of the processes involved is given. Considering a slotted time, each
time the algorithm checks if the user has accessed, checks the quality condition of the
channel and, unaware of what is going to happen in the next time slot, makes a decision:
cache or not. Obviously the choice of an action entails a cost, which in this study
represents the energy consumed. The final objective is to choose every time the best
action that minimizes the expected cost. In order to minimize the cost, it is important to
make the right decision on the basis of the current state of the process and the incurred

cost.

As mentioned beforehand, the problem of the proactive caching may be model as a

sequential decision making problem, where the system evolve over time, going from one
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stage to another. This evolution, from a state to the next, occurs stochastically depending
on the algorithm, which choose the right action to take in each stage and at each time,

where to each action there is a corresponding immediate cost (or reward).

The proactive caching process is structured this way:

a set of states, which is represented by the different channel condition;

the actions, that the algorithm may choose, are: {download now, wait};

for each action there’s a cost that depends on the channel condition;

the transition probability, the random part of the model, which contains for each

state the probability to go to another state of the set in the next time slot.

For every time slot, the algorithm can make a decision, only checking the channel and the
user’s demand in that precise moment. What has been done in the past is irrelevant for

the current decision[14].

For this reason, the mathematical model used to treat the proactive caching, is the Markov

Decision Process (MDP).

These kind of processes are usually handled with Dynamic Programming (DP), whose
solving approach is iterative, thus making it very suitable for sequential problems like the

MDP[14].

Assuming that the user is interested in some contents, the cost, in terms of power, is paid
only when the user demands. The objective of this proposal is to find the right moment
to cache in order to spend less energy. Every time that the user does not require a file, it
Is possible to apply proactive caching. This justifies the aforementioned set of actions, in
fact the proactive strategy has to choose, in each time slot, whether the current cost is
sufficiently low to download or it is better to wait, in anticipation that the user may access

in the next time slot at a higher or lower cost as the case may be.
14
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In order to pursue this aim, that is to minimize the cost, the proactive caching process
has been approached with a particular case of dynamic programming: the optimal
stopping problem. In particular in this work we will show that the optimal stopping

problem can be solved through an optimal threshold policy.

This means that the algorithm, at each time, decides to cache only if the cost is under a
certain threshold, otherwise is better to wait. Obviously the threshold is evaluated

dynamically, based on the distribution of the random processes of the system.

1.5 Report Overview

After this short overview about the motivation and the description of the objective, which
have led to this work, the literature review will present the most common approaches to

the proactive caching and energy-efficiency problems.

The third chapter will provide more information about the Markov Decision Processes

and Dynamic Programming.

The forth chapter will present the details about the energy efficient online proactive

caching for mobile devices, showing all the analysed approaches and the results obtained.

In the further chapter we will show the experimental results and then the conclusion.
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2- Literature review

2. LITERATURE REVIEW

In the last years, the wireless traffic has shown a massive growth with an increasing rate
of 69 percent within the last year [1]. This tremendous increase in the data traffic has been
possible thanks to the simultaneous technological developments in the design of mobile
devices, like tablets and smartphones, which permitted the access to Internet contents any

time and anywhere enabling people to be constantly connected to the network.

In this mobile environment, the online social networks (OSNs) have found breeding
ground for the spread of contents. According to the latest estimates, the percentage of

traffic sourced by social networks is second only to the video traffic[1].

There is consensus among technology experts that the demand for more content and data,

as well as diffusion of smart devices is going to increase within the next years.

This continuous growth of mobile data has led many researchers to develop new
communications techniques to guarantee a wide coverage, better allocation of bandwidth,

with high rate and low latency, and above all, high energy efficiency.

16
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These simultaneous and conflicting goals constitute the core challenges in the design of
the fifth generation mobile wireless networks [5], which will be a turning point in the

communications’ world. [5][24].

In order to increase network coverage, and spectral and energy efficiency in the most
effective way, the most promising approach is to create small cell employing small base
stations (SBS) characterized by self-configuration, rapid deployment and low-cost. To
increase the efficiency of content delivery through SBSs, an idea that has gained
popularity in recent years is to bring the content as close as possible to the end user[5][24].
This requires caching not only within the core network, but also at the network edge, that
is, at the SBSs. In this thesis, we go one step further and consider content caching at the

user devices.

Obviously, for content caching at user devices, we need to change completely the
networking approach, replacing the reactive paradigm with a new way to use the network

resources smartly.

Therefore, the objective has been to introduce a proactive caching approach, which,
knowing in advance the user’s future requests, allows the network to manage user

resources in the most efficient manner.

For example, the network can push a content to a wireless device in advance when the
the channel conditions are better, and when the request for that data actually comes, the
information is fetched from the memory instead of accessing the network. This reduces
not only the energy cost of downloading content, but also the outage probability and

latency.

In [25] the attention is focused on the small cell networks, consisting of SBSs equipped

with high storage capacity and limited backhaul link. In this environment by predicting

17
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the user’s behaviour, it has been shown that a better performance for the cache algorithm

can be obtained through proactive caching when the amount of requests increases.

The idea to store contents at the edge of networks to guarantee a better connectivity has
been analysed in [27]-[28]. In [28] distributed caching helpers, with a large storage
memory, have been used to cache the high predictable data, such as traffic video, which
requiring high transmission rates, can be easily managed. While the backhaul has to
replace the helper’s content with a lower rate, according with the temporal evolution of
the user’s demand. The goal has been to minimize the expected download time, finding

the optimal policy to serve the helpers.

Hence, caching data at the edge of a network generates a decrease in the backhaul load,
particularly tangible when special events, like a football match, occur and multiple users
wants to download the same content. In [26] the locally caching contents is faced with a
transfer learning approach. The T-L paradigm exploit the user’s features, taken from the

source domain, to minimize the backhaul load.

In addition to the SBS, the users can also share the content thanks to the device to device
(D2D) communications, by which close mobile users have the possibility to communicate
directly without resorting to the cellular infrastructure [5]-[24]. Hence, it is possible to
offload some of the network traffic by exploiting the D2D connectivity between users
that are in the same area [29]-[30]. This paradigm finds ever more applications with the
spreading of the OSNs. OSNs (like Facebook, Twitter etc.), nowadays, have achieved a
leading position for the information distribution, due to the continuous sharing of data
among friends and people in the same group. At the same time, smartphones and other
mobile devices provide regular access to service, increasing the mobile traffic. Thus, in

[29] an algorithm has been developed, which proactively seeds the content to the final

18
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user anticipating his requests, leveraging the mobile-to-mobile link and sensitive
information about the members available on the social network. Furthermore, in [29] they
have analysed two different cases: (i) offline case where the information diffusion on
OSN is given; (ii) online case where the knowledge of the information cascade is

stochastic.

A study about offline policy has been carried out in [31]. Assuming that the user’s
demands and the channel characteristics, the optimal transmission policy is characterized
in order to minimize the energy depletion. The user’s requests are satisfied in advance
respect to the demand extending the transmission time and downloading with a good

channel state.

In [22] an offloading algorithm learns the most popular contents in an online way and
store them in order to manage efficiently the cache at an access point when multiple users

are served.

In [20] they faced the problem of power allocation for the single queue of a time-varying
channel in order to minimize the queueing delay. Under the constraints on power, they
defined the optimal power allocation policy as a threshold-policy, which transmits at peak

power given a channel state according with the queue length.

In [21] the authors provide an optimal policy to allocate power and transmission rate in
order to minimize the mean buffer delay, considering a single user that transmits to a base

station over a fading channel. The problem was formulated as a Markov decision process.

The predictable behaviour of the mobile users, in terms of both interests and mobility, led
the authors of the paper [18] to present a proactive scheduling strategy for the services
providers. The predictable nature of the requests is exploited to serve the user’s demands

during the light-loaded hours resulting in a significant cost reduction.

19
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Moreover, the human behaviour is not only predictable in terms of contents and requests,
but also in terms of mobility. Nowadays users are more mobile than ever. According with
this mobility, the quality of the connectivity changes. Thus, in [19] the authors developed
a model that track the user’s movements and for each position saves the related network
conditions. Based on these information, it is possible to predict the quality of the
connection, given the current user position. Forecasting mobile connectivity let some
applications manage the future user’s requests in a smart way, improving the performance

or reducing the power depletion of the terminal device [19].

The growing of data traffic has led the developing of techniques to offload the traffic from
cellular networks to Wi-Fi. In [23], assuming to know the user’s mobility distribution and
the related coverage, the authors present an offloading scheme, which minimize the total

data usage payment, taking in account the quality of service.

As described in this section, proactive caching is utilized to minimize the load of the
backhaul, to improve network performance, to minimize latency and to optimize power

allocation for an access point.

In this work, we exploit proactive caching in order to minimize the energy consumption
of a mobile device. The main idea of our online approach is to download data when the

channel conditions require the least energy consumption.

20



2- Literature review

21



3- Markov Decision Processes

3. MARKOV DECISION

PROCESSES

In this chapter, we present an overview of the Markov Decision Processes and some the

most common methods of solving them.

3.1 Markov decision processes (MDPs)
The Markov Decision Processes represents a mathematical definition for the sequential
decision making problems when the evolution of the problem is not known a priori [14].

Indeed, the outcomes are systematically evaluated on the observation of the system and
its random future evolution. For this reason, the MDPs are also known as stochastic

control problems or stochastic dynamic programming [14].
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The MDP theory was studied by Bellman for the first time in 1950. Over the last decades,
these mathematical concepts has been developed and now provide the best theoretical

model for a wide spectrum of problems.

Nowadays, the MDPs find practical applications in diverse fields as economics,

engineering, medicine and biology.

— -

St Ct a;

Ct+1 f .
| Environment

St+1

Figura 3-1: MDP scheme

In figure 3.1 we provide a symbolic representation of an MDP. At a certain time t, the
agent, which represents the decision maker, takes an action based on the observation of
the environment’s state s;. For each action chosen, the agent incurs an immediate cost
¢ (or gains an immediate reward), while the environment reaches a new state s;, 4

according to the probability distribution of the states.

Hence, an MDP consists of the following characteristics:

i. A set of decision time-slots — The decisions are made over a sequence of discrete
time-slots t = {0,1,2...T}. If T < oo the process is defined as a finite horizon
problem, otherwise if T = oo it is defined an infinite horizon problem.

ii.  Asetofsystem’s state — At each slot-time t, the system is in a state s;. S represents

the set of all the system’s states.

23
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ii. A set of actions — At each slot-time t, the decision maker observes the state s;
and chooses an action ag from the actions’ set A, which contains all the actions
admissible for the state s;.

iv. A set of immediate rewards (or costs) — Assuming the system’s state s; and the
chosen action ag, the decision maker will receive an immediate reward
r:(s,a) [c:(s,a)]. Hence, the immediate reward at time t depends only on the
current state s, and the action a, taken, but not on the previous states and actions.

v.  The transition probability matrix — It represents the probability p;(s’|s, a) to go

from the state s, to the state s';;, making the decision a.
Hence, a MDP can be described as (S, 4, R(rls, a), P(s'[s, @)).

For a Markov Decision Process, the action taken, the related rewards (costs) and the
transitions probabilities depend only on the present state and decision. Hence, given the

current state the past and the future are independent.
P(St+1 = s’|St =5, A =a,Se1 = S¢-1, -1 = A1, S = So) = P(Sts1 =5'|S; =5, Ay = ay)

In a given system, the objective of the decision maker is t0o optimize the system’s
performance by choosing the right decision rule d, for each state at every time step. The
sequence of decision rules determines the policy m. Implementing a policy implies a
sequence of rewards. Given the current state, the agent’s aim is to find the policy that
maximize the sequence of expected rewards. This expectation represents the value
function V™ (s) that measures the performance of the system, starting from a certain state

s following the policy m [14].

N-1

V™(s) = Ex{ R(r|s)} = En{ re(s, a)}

t=1

24
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3.2 Solving Markov Decision Process-Finite horizon

The dynamic programming (DP) methods represent the best way to solve a Markov
decision problem. (In this section the description of the mathematical technique will be

done considering the minimization of the cost function.)

The DP provides iterative solving algorithms to find the best actions at each stages. The
optimal action, for the current state and time, is the one that minimizes the sum of current

cost and total expected cost, as result of the action taken by the agent.

Given V™(s) defined above, it is possible to introduce the state-action function that
evaluate the expected cost starting from a state s,, taking action a,, following the policy

7 onwards [16].

N-1
Q™(s,a) = E, {Z re(s,a)|s;=s, a; =a

t=1

For any policy m and state s the value-function can be defined through the Bellman
equation (1). This states that the expected value of the state s is given by the current cost

and the values of the further states weighted by the transition probabilities[16]:
Vi(s) = Z P(s'|s, m(s)IC(s"|s,a) + V™ (s")] D
S,

The MDP’s main goal is to find the optimal policy m* which lead to the minimum

expected cost. Such as:

V™ (s) < V™(s) VSES

V*(s) = réleljllz P(s,a,s)[C(s,a,s") +V*(s")] (2)
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3- Markov Decision Processes

The expression (2) represents the Bellman optimality equation. Given the optimal policy,

the cost of a state is the return of the best action chosen in that state [16] [14].

Hence, computing the optimal policy t* it is possible to solve Markov decision processes.
Assuming the full observability of the problem, the Bellman equations provide a method

to find the optimal policy and compute the value function.

The main iterative Dynamic Programming solving algorithms are: policy iteration and

value iteration.

3.2.1 PoLICY ITERATION
The policy iteration is performed in two phases: policy evaluation phase and policy

improvement phase. In the first step, a generic policy = is chosen and V™is computed[16].
V() = D P(s'ls, m()ICGE |5, () + V(")
SI

Based on this information, the policy improvement look for actions that improve the value

V™ (s) for the generic state s with the following function:
Q"(s,@) = ) P(s'ls, )[C(s'ls, @) + V("]
SI

If the some actions will present improvements, they will replace the previous ones and a

better policy 7’ will be the input of the next evaluation phase.
n'(s) = arg min Q™ (s,a) = arg minz P(s'|s,m(s)[C(s'|s, m(s)) + V™ (s")]
a a
SI

When this phase does not produce improvements, it means that the current policy already
satisfies the optimal Bellman equations. Hence, for a finite MDP the policy iterations

converges after a finite number of steps [16]-[17].
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{Policy Evaluation}
repeat
e=0
foreach s € S do
v=V"(s)
V(s) = s P(s'|s, m(s)IC(s"|s, m(s)) + V™ (s)]
€ = max(e, |v— V(s)])
untile < ¢
{Policy Evaluation}
Policy-stable=true
for each s € S do

b = n(s)

n(s) = mainz P(s'|s,m(s)[C(s'|s, m(s)) + VT (s")]

if b # m(s) then policy-stable=false

if policy-stable then stop; else go to Policy Evaluation

Algoritmo 3-1: Policy Iteration

3.2.2 VALUE ITERATION
The value iteration is a dynamic programming algorithm that computes the optimal policy
starting from the evaluation of the value function. In this case, the algorithm simply

iteratively updates the Bellman equations:

V:(s) = min E P(s,a,s)[C(s,a,s") + Viy1(s")] t=N-1,N-2,..0
a
S’

Starting from the last stage, with V- known for each state s € S, the algorithm updates the

value for each state s, at any time t.

Hence, the optimal value is updated step by step with successive approximations until

convergence, as shown in the Algorithm 2.
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random initialization of V
repeat
e=0
foreach s € S do
v=V(s)
for each a € A(s) do

V(s) = main Yo P(s'|s,a)[C(s'|s,a) + V(s")]

e =max(e, |v— V(s)])

untile <o

Algoritmo 3-2: Policy lteration
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4. SYSTEM MODEL AND

OPTIMIZATION PROBLEM

Before defining the details of the mathematical model, a real application for proactive

caching will be presented in this chapter in order to introduce and motivate our approach.

4.1 Motivation

Nowadays, online social networks are an integral part of our lives. This is stated by the
latest statistics which declare that more and more users use a mobile device to access
social network pages, in particular, 31% of Facebook users access their personal accounts

only through smartphones or tablets [9].

Number of accesses to Facebook is estimated to be around 14 times per day, and at each
access one user downloads posts, photos, videos and other contents published by groups

and friends.
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Given that the latest statistics presented by Facebook have underlined a significant
increase in video views, the amount of energy depleted by mobile devices due to this kind

of high data rate applications is getting bigger and bigger [12].

A growing number of people depend on Facebook to get general information; this has
pushed the social network’s developers to create algorithms which filter the type of
contents interesting for every single user. The News Feed, main page of Facebook
platform, shows a personalized profile for each account thanks to a learning algorithm
which selects and updates merely business pages, public figures, sports and best friends

which the user is connected to.

The real objective of the News Feed is, not only to select the right content, but also to
choose the right moment to show these contents. Hence, the algorithm updates every time
the News Feed, showing in the top of the page the most relevant and the most recent
contents [13]. Therefore, as soon as the user pushes the app icon on his device, he
immediately will see the most fresh posts, according to the number of friends and pages
of interest, the upper part of the page will be constantly updated while the stale posts will

drop over time.

Following the prediction concept mentioned above, proactive caching is applicable for
mobile access to social network content, because the contents that will be of interest to

the user are selected by the filters, and can be delivered to the user in advance.

Assuming a content with a certain freshness time (period of time that the post remains
high-up on the News-Feed page, before it becomes stale) and taking into account both
user’s access probability and channel state distribution, the problem is to choose the best
moment to download the content in order to minimize the device’s power consumption.

Therefore, the goal of this work is to identify the most suitable strategy aimed to solve
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this issue. Once the file has been cached in the internal memory, the future demands by
the user will retrieve that content from the memory avoiding to pay the cost to access the
network. Note that proactive caching not only reduce the energy consumption, but may

also reduce the latency of content accesses.

4.2 System Model

The model is based on a discretization of time in slots n € {1,2, ..., N} with N < oo,

all slots have the same duration. At any time-slot n , k new contents, generated by the

|-|-|-| I I
T T
n=0 n=1 n=N

Figure 4-1: Generation of k files per time slot

most relevant friends, appear on the News Feed page and each of them has freshness time
of N time slots. Hence, the News-Feed algorithm chooses k files as the most important for

the user, and these files remain relevant (fresh) for the next N time-steps.

At a certain timen, the user accesses the NewsFeed page, and requests the files
downloading them on his device. As a consequence, over the whole time frame N, the

number of contents cached will be N*k. For each access, the user incurs cost of

downloading contents.

This cost, in our model, is defined in terms of power depleted and depends on the channel

condition during the data transmission.

Indeed, during each epoch n, the channel power gain, defined as |hn|2, remains constants;

h,, is distributed according to a generic random process.
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Hence, given a fixed transmission rate R, the amount of power depleted for the

transmission of data, at time n depends only on the channel condition |h,, |2.
According to the Shannon Capacity Function:

C =Wlog,(1+ P,|h,|?)

C represents the maximum transmission rate achievable with a small error-probability,
depending on the modulation scheme, constellation and medium access control scheme
used. All these variables impact on the value of C. But assuming, somehow, that the

schemes used approach this upper bound, the behaviour of the model could be:
R = Wlog,(1 + P,|h,|?)

Hence, assuming to transfer anytime, with a fixed rate R and a fixed bandwidth W, the

data-packet the function becomes:
P|h|? =2k -1

which states that the amount of power depleted for each transmission depends on the
channel condition.

In particular for each time-step n, defining the channel costc, € C € R*in terms of

power consumed for the condition of the channel as c¢,, = ﬁ , then:
n

That is, if the channel gets better, the cost for the transmission is lower, hence it is possible
to transmit at the same rate with a low power, vice versa when the channel condition gives

a higher cost, the power consumption increases.
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In order to access his own Facebook account, each user can access only ones per time
slot, for this reason the user access random process u,, € {4, N}, assumed to be a two-
state Markov chain, where u,, = A means user accesses while u,, = N means user

accesses does not access his profile in that time slot.
The user’s demand u,, € {A, N} is given by the following matrix:

P= ot pund

where  each  element of the matrix  represent the  probability

Hence, the whole analysis is structured in a sequential manner over a finite horizon of N
epochs. Every epoch, the user may access his page with a certain probability and the cost

to download the content changes according to the model described above.

Therefore, given the distribution of the user requests and cost, it is possible to define the
state of system x,, for each time-slot n, as the combination of the cost c,, and the user

access uy,: X, (Uy, cp)-

The objective of this work is to find out a strategy that is able to minimize the average
power consumption over the life-time of a content, based on the channel state and the user

access probability during the next N time slots.

In order to pursue this goal we proactively push the contents to the mobile device
memory, exploiting the stochastic knowledge of the future channel cost and user’s
accesses, which represent the system’s evolution. Hence, when the user will access the
application, the contents will be retrieved from the internal memory avoiding to pay the

channel cost.
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The strategy, that we want to define in this work, has the main role to decide, at each time

slot, whether to download or not according to the random processes involved
In order to do that, the algorithm has to choose among two possible actions:
a, € {download, wait}.

Note that, in our model, there are exactly N*k contents that are of interest to the user at
each time, and we assume that in the mobile device there is enough space to store all those
contents. Hence, memory space does not constitute a bottleneck in terms of storage.
Therefore, without loss of optimality, it is possible to focus the attention on just one single

content per time-slot in order to minimize the power consumed during download.

The goal is to minimize the average cost per content:

N-1
minimize Eu,c {CN(xn) + z Cn(xn(un: Cn): an)} vn=01,..N-1
n=0

Once a file has been downloaded, no more actions can be taken on it therefore the process

terminates.

Hence, for each content, the system evolves in this manner:

Figure 4-2: System states for a two-state channel
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In figure 4.3 the system states for a two-states channel is shown. Given an initial state |
for the process, which could represent the previous user’s state (Access or Not Access),

the system evolves according to the probability distributions of user access and cost.

In this example, if the initial state is that the user accessed, the system reaches:

the state x(4, c;) with probability p,, * p.1; the state x(4, c,) with probability p,, *
Pe2; the state x(N,c;) with probability pyy * pc1; the state x(N, c,) with probability

Pan * Pe2- I the system goes in an access state the system pay the cost and terminates.

If the system goes in a state x(N, c¢), the system could evolve in the next state to a not

access state or to an access state according to the user’s demand transition matrix.

To sum up, a new content appears on the News Feed page with a specific life time of N
epochs. Per each of those, the channel condition, which determines the cost of
downloading content, varies following on an independent and identically-distributed
random process. Another external random process affects the evolution of the system:
the user’s demand random process. This distribution rules all the process as it describes
how likely the user is to access his page. As soon as the demand comes, the expense to
download the content will be the channel cost related to that specific time, otherwise if

the content was already stored the user simply watches it.

As soon as the user watches the files cached, the internal memory will be cleared because
the user is usually more interested in the most recent contents. Hence an old content has

no reason to stay in the memory.

When the cache is full, the update rule erase from the memory the least-recently saved.

35



4- System Model and Optimization Problem

Hence, it is possible describe the evolution of the system over a long period of time with
the following scheme:
Un=A l
L ¢ |
T

I I A A _'
T T
n n+l n+N

Figure 4-3: Content caching per time slot

Observing the figure 4.3, the arrows represent the generation of the single content.
Assuming that at time n, the user accessed, erasing the internal cache, the access state
represents the initial state for the next content generated at time n+1. If the user is less
likely to access after an access state, for the content generated at time n+1 it is possible
to do proactive caching. Hence, if the user does not download at time n+1, for the file
generated at time n+2, (red arrow in the figure) the probability that the user accesses is

higher and then it is less likely to do proactive caching.

These different initial states will affect the evaluation of the average cost. For this reason,
we will consider two different types of content: one type generated after an access state

x(4, ¢) and the other type generated after a not access state x(N, c).

This consideration will be analysed in detail in the next solution section.

4.3 Markov Decision Process Formulation

As described in the previous chapter, a Markov decision process defines a mathematical
structure for the sequential decision making problems when the evolution of the problem

is stochastically known.

An Markov cost process is characterized by the following elements:
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e A finite set of decision slot times t;

e AsetS of states s;

e The transition probability matrix P, which defines the probability to go from a
state s to 8°, P g, = P[s;41 = S'|s; = 5]

e Cisthe cost function, C = E[C;44]|s; = s];

e A et of actions As that the decision maker can take for a precise state s.
The main property of a MDP is:
Plsey1lse] = Plserr = s'[s1, 52,83 - S¢]

The current state s, capture all the information from the past, then the current state

represents a sufficient statistic for the future.

The model described above concerns a sequential discrete-time decision making. This
system is not deterministic, because of the uncertainty introduced by the stochastic
processes involved. Hence, for a single post, at each epoch the state of the system is given
by the user’s demand process and channel condition, based on the observation of them,
the decision maker, will select an action, which will impact on the system’s state at the

next time slot.

Hence, the proactive caching problem can be formulated as a finite-horizon sequential
decision problem. The file to download has a life time of N time slots, during which the

user could access or not and the algorithm can decide to download or not.

The finite decision time-slots horizon:

ne{12, ..,N} N<ow
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As aforementioned, each time slot the condition of the channel vary randomly and so also
the cost for the transmission, the channel cost is ¢, € C € R*, with ¢, = |h,|?;

h,, takes values according to a certain random distribution.

The access of the mobile user (MU) follows a Markovian model u,, € {4, N}. The access

at time n can be derived on the past access pattern of the mobile user. The user download

data unconscious of the channel cost.

Given the distribution of the user requests and the cost, it is possible to define the state
space X which contains all the possible system’s states x. Each state is given by the

combination of the random processes involved: x(U, C) € X.

As described in the system model, once the file is downloaded, no more action could be

taken about it, hence the system reaches a termination state.
Further, concerning the state space, a termination state T has to be added.
x(U,C)eXuUT

The proactive caching, in this case, involves decision making for each content each time

slot of its life-time N.

Indeed, for each state x the decision maker, the algorithm in this case, can choose in a set

Axof only two actions ax.

{download, wait} x+T
A, =
{wait} x=T

When the system is in the terminal state the only action available is wait, when the user

accesses he force the system to download.

Per each action a, taken in a certain state s at time n, corresponds a cost ¢,,, such that:
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0 x=Tor x=x(N,C),a = wait
c,(x,a) =5 c,(x) x # T and a = download vn € N
0 x=x(4,C), a = wait

A non-zero cost occurs only when moving from x,, to T, and this cost is equal to the cost
of the channel at time n. The cost for the action wait is infinite, since the only action

available for the state x (4, C) is download.

The system evolves according with all these parameters descripted above. In particular:

Xn+1 = fn(xn: Uy, Cp, Ay)

The random evolution of the system in a transition probability matrix is given by
p,(x'|x, @), which is the probability that the system will go into state x'(u’, ¢') in the next

time slot if the action a is taken at state x(U, C).

P (x']%) x=x(N,C), x'€X, a= wait
pn(X'|x,a) =41 x=X, xX=T, a=downloadorx=x'=T
0 otherwise

Since the user access is independent of the channel condition and action a,
pn(xX'Ix,a) = p[(W', c)I(w, c),a] = p(u'[w)p(c’'|(w ), a)
All these objects described above
{N,X,Ag,pn (" |x,a),c,(- |x,a):n € N,s € S,a € A}
are properly the same characteristics which define a Markov decision problem.
Moreover, at each time step, the action to choose are two: {download now, wait}.

If the action chosen is download, the post is cached and the mobile device incurs the cost

in terms of power, related to the channel state. In this case, when the download occurs,
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the system reach a termination state, in which no more decision about that post could be

taken anymore.

If the action wait is taken, the system evolves to a new state with a certain probability

incurring no cost.

Hence, every time the action taken and the eventual cost incurred depend only on the
current state. Being at a certain time step in a precise system’s state, the decision made
Is independent of the past because, if the post is cached, no other actions could be taken

and, if the channel was good or bad before, it does not impact on the current decision.

Hence, given all the properties that describe our model, we can state that the efficient

energy proactive caching is a Markov decision process.

Being a MDP, the objective of this work is to find the set decision rules, i.e. the policy
which minimizes the average cost per content. The sequential character of this problem

leads to find the best trade-off between a current low cost and a low future cost.

minimize  EF [c, (x,(uy, ¢p), ay)]
A

This problem could be seen as a particular example of MDP: Optimal stopping problem.
The objective of an optimal stopping problem is to find the stopping rule that minimize
the cost. This objective is pursued observing the system’s state each time slot and based
on this the algorithm has to define if stop observing or continue. When the process is
stopped a cost is paid. Such problem involves the presence of an action which lead to a
termination state of the system. The aim of this strategy is to find the right moment to

terminate the process incurring the lowest cost.

This kind of MDP describes at best our problem. In our optimal stopping problem, the

objective is to minimize the cost to download a content, choosing the right epoch over a
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finite planning horizon N. In each time slot, given a channel cost, the algorithm has to
decide whether to download and stop the system or to wait for the next time-slot. The cost

at any time is a random variable whose distribution is known.

4.4 Dynamic Programming solution

The dynamic programming (DP) offers the best solution to the Markov decision problem,
since it solves complex problem in a recursive manner exploiting the Bellman “Principle
of Optimality”. At each step, the decision is made evaluating the current cost and the
expected one in the next steps. The DP technique evaluate the optimal decision rule

proceeding step by step, from the smallest sub-problem to the complete problem.

The problem presented in the previous section could be generically solved through the

dynamic programming algorithm that solve the Bellman’s equation with a value iteration:

V) =min { CuCoa )+ ) pale @RI (1)
" jes
1}, (x;,) is the optimal cost function starting in the state x at time n, having taken action
a acting optimally [14].

The optimal equation (1) can also be written:

V(xn) = TYél’Tl{Qn(X, Cl)}

0n = Ca® @, )) + ) paljl% DA()]

jEs
Where the function @,, calculate the consequence of the action a in the state x.
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To solve this kind of problem, it is possible to implement a backward algorithm in time,
which calculate, starting from the last stage N, step by step the expected cost with respect
to the transitions probability matrix. The algorithm used is the value iteration method
(described in the previous chapter) which evaluate the cost function sequentially at any

time for each state.

As any Mdp, this problem can be solved numerically with dynamic programming. In this

way only the result is given without any other information about the solution.

As aforementioned, this problem could also be described as an optimal stopping problem
whose objective is to choose at which states to stop in order to minimize the expected

cost over the finite horizon N, given by:

N-1
Ey,c, yon(xn) + Z cn (e (Uy, c), ay) vn=201,..N—-1

n=0

Hence the optimal cost function will be:

Ju () = min [, E[Juia (i@ 0)]] @)
In this case, ¢, is the cost resulting from the action download when the system is in state
X, the E[ Jni1(xn1(w )] is the expected cost corresponding to the action wait.

The dynamic programming represents the main technique to find the best solution for an

optimal control problem [14].

The previous formula could be better explained, considering that the expectation is a sum

weighted by the state transition probabilities p;;(a) = P(x,4+1 = jlx, = i,a,, = a)
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@ =min|ee, D p | ()

jES
Furthermore, there is an optimal policy which defines state by state the best action to take
in order to minimize the cost.
In order to solve the optimal stopping problem and evaluate the optimal policy m, the
optimal cost /,, (x,,) has to be calculated. Assuming to know the cost at last time slot N
Jn(xn) = en(xn)

Given:

ORI WAN(

j€Ss
The equation (3) becomes:
Jn(©) = min[c,, Q)]
Hence the optimal stopping policy, for a certain state x, can be defined:

(x) = {download, if cn .S Q(x)
wait, otherwise.

Excluding the termination state, the time N is reachable only if the user has never accessed

in the previous slots, i.e. for all the states x,(NA,C) vn=0,1..N — 1.

Further, assuming that in the last stage the life time of the post is terminating, the only

possible cost may be due to the user access. Thus:

In(xy) = bijCn (en)
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Withp;; = P(j = xy(4,C)|i = xy_1(NA, C))

Applying this result in (1), and evaluating for the stage N-1, the result is the following:
In-1(x) = PijCn-1 T Dii min[CN—b E[]N(xN)]] > Jy(xn)

Continuing in the same way, it is possible to see

Jn(x) 2 Jn41 (%)

Then:

QTL 2 QTl+1

This means that the optimal policy is a threshold-policy.

WAIT

DOWNLOAD
Qn-1

N

Figure 4-4: Threshold policy example

In this way, an optimal strategy has been found that tells when it is possible download
and when not. So for each stage, it is enough to find the optimal threshold in terms of
channel state and compare it with the current state. As shown in figure 4.4, if the cost is
in the blue zone the optimal action is download, otherwise it is better wait. This solution

represents an alternative to the numerical solution offered by dynamic programming.

As described in the system model section, we can define two types of contents:
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(1) one type is generated after an access state x (4, C); (ii) the other is generated after a

not access state x(N, C).
Assuming that the user’s states follow the Markov chain:

p— [pAA pAN]

Pna DPnn

Looking at a long period of time, it can be interesting to find the steady state distribution
of the chain T = Pm. The vectorr = [, my] contains the probability that the user access

1, and the user does not access my .

Therefore, a solution, to evaluate the average cost per content, is to weight the cost
obtained from the initial state x (4, C) with , and the cost obtained from the initial state

x(N, C) with 7y, .

In this way, for example, assuming a steady state = = [0.1 0.9], the 10% of the files will

be generated starting from an access-state, the 90% from a not-access state.

The average total cost will be:

J=msx](x(4,0)) +my xJ(x(N,C))

This will be showed numerically in the next chapter with the experimental results.

45



4- System Model and Optimization Problem

46



5- Experimental results

5. EXPERIMENTAL RESULTS

In this chapter, some numerical results are presented in order to evaluate the performance

of the optimal algorithm described in details in the previous chapter.
The main parameters of the system that might change from user to user are:

1. The life-time of the contents which depends on a lot of variables analysed by the
NewsFeed algorithm on Facebook;
2. The number of channel states and the distribution of the cost;

3. The distribution of the user’s accesses.

As pointed out in [15], a post on Facebook is considered to be fresh for a period of 2 hours
on average. Hence, considering time-slots of 10 minutes for the first simulation, the life-

time will be N = 12.

As mentioned in the previous section, System model, the channel cost function at time n
is 1/|h,,|?. For all the results shown in this section, h,, will be distributed according to an

I.i.d. Rayleigh function, since it best approximates the characteristic of the wireless signal.
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£ =%e‘m R0

The Rayleigh distribution, with the probability dense function defined in the previous
expression, is commonly used to characterize the statistical time varying nature of the

wireless fading signal.

Further, since the problem has been solved with dynamic programming, and it only

functions with a finite number of states, we consider a discretized Rayleigh distribution.
The discretization of the channel distribution depends on the number of the states.

Assuming that the number of states is k, the cumulative distribution function (CDF) F (h),

is divided in k equal probabilities like in the figure below.

Each k" interval on the y-axe represents the following segment of CDF:

l_1<F(h)<l 1=12, ..k
k _k — 1,4, ...
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For each of them, we consider h; as the average of all the h values that respect the

previous expression. In this manner, the cost function assumes values ¢, 0<k < o

: |
with equal probabilities =
CDF Rayleigh distribution
1 T T T T pEm——
o — 1
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Figure 5-1: Rayleigh distribution discretization

The user’s demand process is described by the following two state Markov chain:

1_
Pz[p p p € [0,1]

p 1-p
In the next figures we will show the average costs per content evaluated over a large

number of files. The costs are analysed with the following approaches:

e Reactive approach — that measures the cost per file only when the user requests
it.
e Proactive approach — that is the optimal algorithm presented in the previous

chapter.
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Average Reactive & Proactive Cost - N=12
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Figure 5-2: Reactive and Proactive cost for a channel with 5 states and content life-time N=12

In the figure 5.2 we present the simulation results of the average cost function with respect
to the probability that the user accesses his application. The costs, for the iterations, are

generated starting from a Rayleigh distribution with parameter ¢ = 0.6.

In particular in this figure (5.2) a comparison between the red curve, which is the optimal
average cost, and the blue curve, which is the average cost paid by the user for every

access without using any intelligence, is presented.

The most evident outcome is the large gap, in terms of cost, among the intelligent
performance and the reactive one. This is due to the fact that the proactive caching
algorithm decides to download when the channel cost is the best, in accordance with the

stochastic processes involved.

Looking at the figure, it is easy to understand that when the user does not access (p=0)

the cost is J=0.
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While, if the user accesses with p=1, there is no possibility to do proactive caching,
because it is sure that the file will be downloaded. Hence, the proactive curve converges

to the expected cost, because the cost distribution for all the files is i.i.d.

If the user accesses very rarely, i.e. for very small value of p, the reactive curves is under
the saturation value because, iterating the algorithms for a large number of files, some

contents expire without being requested at all, during their lifetime N.

Moreover, the gain provided by the proactive cost is very significant for probabilities p €

[0.1,0.7], because the algorithm may wait in order to choose a cheaper time-slot to

download.

Instead, if the user is more likely to access (p = 0.7), the gain of the proactive solution

decreases, because the user’s behaviour strongly affects the performance of the algorithm.

Average Reactive & Proactive Cost
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Figure 5-3: Reactive and proactive cost for a channel with 5 channel states and content’s life time N=20 and N=5

Plotted in the figure 5.3 are the reactive and proactive cost for different life-times N; all

the parameters are the same of the previous simulation but with N=5 and N=20.
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If the user is not likely to access, analysing the reactive case, after a certain probability of

accessing p, the average cost saturates. This saturation point is different for different N.

The reactive curve for N=5 saturates for (p > 0.5), while for N=20 the saturation takes
place for a lower value of p. This happens because, when the life-time of the post is

longer, the content is more likely to be requested, then the saturation point depends on N.

Hence, for a larger N, no file expires without being requested, as a result the average cost

converges early.

When N=5, the saturation value is reached later because some files will never be

downloaded during the freshness-time.

As regards the proactive cost, the curves, for the different life-time cases, are the same

because the policy does not change too much with time.

Thus, owing to the better performance of the reactive cost when N=5 compared to when
N=20, the gain of the proactive algorithm is less evident. This means that the optimal

solution offers more benefits when the files are very likely to be requested.
To sum up:

o If the life-time of each file is short, only a few contents, of those generated, will
be downloaded, so the saturation point will be reached at a higher access
probability;

o If the life-time of the content increases, it means that the user is interested in past.
As follows, more of the generated contents will actually really get downloaded

and the average cost will increase over all.
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Figure 5-4: Proactive and Reactive cost for a two state channel condition plotted respect to the good channel
probability.

In the figure 5.4 above. We analyse the cost functions for a two-states channel {Good,
Bad}. The costs relative to both cases are 3 units when the channel is very good, and 10

units when the channel is very bad with N=10.

The functions are plotted with respect to the probability to stay in the Good-state p,;. The
blue curve represents the reactive cost which, as expected, shows a linear trend. If p; =
0 the cost paid is the maximum for each file, vice versa if p; = 1, the channel will be

constantly in a good state and the cost will be the minimum.

Also in this illustration, it is easy to show the benefits of the proactive algorithm. The
most relevant result is that if the channel quality changes a lot, the proactive gives better
results because, for a fixed user’s request probability and a constant channel, there is no

reason to do proactive caching.

Moreover, the red and green curves show the performance respectively for user access

probability p,, = 0.8 and p,, = 0.4. The user behaviour obviously influences the gain,
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which is more evident for the green curve (with p,, = 0.4) and less significant when the

content is almost surely requested.

As already noticed in the previous section, Problem Formulation, observing a large

number of contents, it is possible to classify the contents into two types of files.

This classification depends on the two-state Markov chain, which describes the user’s

demand.

Every time a mobile user (MU) accesses, the memory is cleared and the next contents will
be generated after an Access-state. Some other files, instead, will be generated after a

Not-Access state.

The next results have been simulated, with the following user’s demand transition matrix:

p € [0,1] (2)

75 e —_— ~

6.5 -~

Average cost J
w
o
\

45 /

Reactive cost
Proactive cost

357 —

3 1 1 1 1 1 L 1 1 1 J

0 01 02 0.3 04 05 06 0.7 08 09 1
ol

Figure 5-5: Reactive and Proactive average cost per contents generated after an access-state, with life-time N=10,
plotted with respect to p, given the matrix 2.
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In the figure 5.5, given the matrix defined above, the average reactive cost and the
proactive one are plotted with respect to a different value of p € [0, 1]. In this case, the
initial state is the Access-state. Hence, when p = 0, given the matrix (2), the chain
generates a sequence like (I = A)|N,A, N, 4, ... that means that after an access state A,

there is always a not access state N.

This is evident observing the average reactive cost. In fact if p = 0, a content with a life-
time N > 2 will always be requested, since the system starts from an access state, hence,

the reactive cost saturates from p = 0.

The average proactive cost shows a certain gain, due to the fact that, before accessing,
after the initial access, for p = 0 there is always a not-assess state, during which the

optimal algorithm may be applied.

When p = 1, starting from an access state, the user accesses again in the next time slot.

For this reason, the proactive cost also converges to the average expected value.

In the next figure 5.6, the average costs are evaluated starting from the Initial Not-Access

state.

55



5- Experimental results

Reactive & Proactive cost - Initial state= Not Access
P — ik N = . Reactive cost
g e = Tl Proactive cost
7F e ¥ T
&xxh-"‘-—-y.___ AN
6 _"““-»__,_‘— .
\__\q\\.' \’-.\
el "-\_.
= o RE \
45} 4 F \\\-_A ."n
g o
o) N
> al R \
< 3 \\\ \
. 1
l'II
2r '|l
III
A
-
- AL
1 \I".,
.'.I
0 1 1 1 1 1 1 1 1 1 J*
0 01 02 0.3 04 05 06 0.7 08 09 1
p

Figure 5-6: Reactive and Proactive average cost per contents generated after a Not-Access state, with life-time
N=10, plotted with respect to p, given the matrix 2.

This figure 5.6 was generated using the matrix P (2) defined above. In this case when p =
0, starting from a N-state, the user will always be in an A-state, therefore both curves

saturates at the average expected cost. By increasing p, the figure shows the benefits of
the optimal algorithm.

When p = 1, starting from a not-access state, the user remains in the N-state. Thus, if a

content is never requested, the cost is always close to zero.

The results plotted in the last two figures point out the different costs due to the different
initial states.

In order to evaluate the average cost per content, according with the explanation given in

the previous chapter, we have weighted each cost with the steady state probabilities.

For the matrix P (2), the steady state vectoris m = [m, my]

Where 1, is the probability that the user accesses, my is the probability of not access.
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As results, in this case, given the matrix (2), = =[0.5 0.5], and the relative average

cost per file is given by

With J, is the cost per file after an access state and J is the cost after a not-access state.

Average Cost per Content

8 T T T T T T
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7 -
- 65T
2
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S 55}
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Figure 5-7: Proactive and Reactive average cost per content, weighted with the steady state probability

Hence, as described in the previous chapter, to evaluate the cost for a large number of
files, starting from different initial states, the average cost per content is shown by the

reactive and proactive curves in the figure 5.7.

This confirms the improvements of the proactive caching for almost all the value of p of
the matrix (2), while when p converges to 1, the average cost is affected by the low value

of the case with initial state=not-access.

To sum up, the results presented in this chapter demonstrate the benefits of the optimal

algorithm developed in this thesis.
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