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Abstract

Since video traffic is the major source of generated mobile traffic worldwide, the interest in studying
techniques to improve the Quality of Experience (QoE) of users generating this traffic is growing. Many
efforts have been made to propose Adaptive Streaming Algorithms on the client side to be able to adjust
the quality of the downloaded video segments to the current network conditions, taking advantage of the
MPEG-DASH standard. This study uses this knowledge to propose a pre-fetching proxy cache, to be
placed at the network’s edge, which will predict the quality that the client will request for the following
segment. The proxy predicts the future network conditions and models the system as a Markov Decision
Process (MDP), in order to find the optimal decision for the proxy, given the current network conditions.
This Just-in-Time caching technique pre-fetches the segment just before the client requests it, aiming
to decrease the total time spent by the client downloading the segments, and indirectly increasing the
user’s QoE, as the DASH client will perceive better network conditions. The study concludes that the
predictive technique improves QoE by increasing the video quality and decreasing the number of stalling
events, in comparison to solutions that pre-fetch the previously requested quality, and solutions which
do not use any pre-fetching technique.
Keywords: predictive pre-fetching, DASH, video streaming

1. Introduction

It is undeniable that wireless traffic has been grow-
ing exponentially in the last years, and will be con-
tinuing to grow in the years to come. In particular,
mobile video traffic is currently generating most of
the mobile traffic worldwide. By the end of 2021,
mobile data traffic is predicted to rise to 49 ex-
abytes, with the share of video traffic rising from
60% (2016) to 78% (2021) [1].

Due to this rapid growth in video traffic, it is of
great interest to study techniques to enable a faster
video transmission in order to provide a better QoE
to the users.

Several new technologies have appeared for im-
provement of user Quality of Experience (QoE), by
taking advantage of the MPEG Dynamic Adaptive
Streaming over HTTP (DASH) standard [2]; this
standard enables breaking a video file down into
smaller segments, making each segment available in
different qualities in the DASH server. This allows
the DASH client to select which quality to request
from the server for each segment, basing its decision
on the network conditions. This prevents the video
buffer from emptying out and consequently stop-
ping the playback until more segments have been

downloaded.

Other examples of adaptive bit rate streaming
techniques include HLS [3], MSS [4] and HDS [5];
however, MPEG-DASH is the only one which was
not developed by a specific vendor, and is an in-
ternational standard. The MPEG-DASH standard
was introduced in 2011 and was later adopted by
two major sources of video streaming, Netflix and
Youtube.

Caching and pre-fetching are also techniques that
have been explored to improve QoE. Caching can
be defined as the temporary storage of an object
for future use; and pre-fetching can be defined as
the action of requesting an object that is expected
to be needed in the near future. The introduction
of proxy caches in the network has been studied,
along with various caching strategies. The purpose
of this is to make the network less vulnerable to
congestions by making the same content available
in places other than the server, so there are less re-
quests sent directly to the server. There have also
been some attempts to study the impact of pre-
fetching on user QoE [6] [7], however, the cache of-
ten needs a considerably large size in order to yield
an acceptable cache hit percentage.

The study of optimal bit rate adaptation algo-
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rithms used by clients is widely saturated, along
with the study of caching and pre-fetching solu-
tions. However, a caching strategy which involves
a pre-fetching technique that predicts the client’s
future behaviour is yet to be explored.

Therefore, the main objective of this thesis is to
study the impact on the user QoE of the introduc-
tion of a predictive proxy cache in the edge of a
network, in a connection between a DASH client
and a DASH server.

The aim of the proxy cache is to increase the
user’s QoE by: i) increasing the video quality; ii)
reducing the amplitude of the variation in the video
quality; iii) reducing the frequency of the video
quality variation; iv) reducing the frequency of
stalling events; v) reducing the duration of stalling
events.

As caches, in practice, have limited storage ca-
pacity, there must be an efficient way to determine
which segments to store in the cache over time. To
achieve this, a probabilistic approach is considered
to predict which video segment the client will re-
quest, given the current network conditions. This
prevents the unnecessary storage of unused video
segments as well as the unnecessary use of band-
width to previously download these segments from
the server.

The rest of the paper is organized as follows.
Sec. 2 describes the current state of the art in de-
velopment of pre-fetching and caching techniques,
while Sec. 3 details the system model used in this
work, and Sec. 4 presents the simulation parameters
and the results. Finally, Sec. 5 concludes the paper
with some remarks and possible future extensions.

2. State of the Art

This section describes the most relevant works
published in the literature concerning pre-fetching
strategies.

A network awareness study is conducted by
Bronzino et al. [8], where the authors aim to opti-
mally use the available end-to-end bandwidth by us-
ing intermediate nodes to cache video content closer
to the client, thus distributing the traffic load over
time. Ultimately, the solution aims to improve the
QoE for the end user. The proposed solution in-
volves moving the decision on the segment’s quality
into the network, by introducing a controller and a
cache in the edge of the network. In this study, the
client will only request the required video segment,
and will receive that segment with the bit rate pre-
fetched by the controller, which will be stored in the
cache. The study takes advantage of the fact that
it is easier to have a general view of the network
infrastructure resources available in the network,
therefore better predicting the bandwidth available.

Using the information on the client playback and
buffer status, the controller exploits the available
resources and chooses an appropriate bit rate for
the segment it will download to store in the cache.
The bit rate selection algorithm used in this study
chooses a combination of bit rates for the given se-
quence of segments to be downloaded at the time
(bit rate path). The chosen bit rates are the ones
which lead to the highest QoE, given the current
network conditions. This algorithm runs within a
given time frame, returning the bit rate path with
the highest QoE when the time frame ends.

A limitation that is addressed by this study is
that in the long run, it is possible that when a new
time frame begins, the network conditions will be
different from the ones that were considered in the
previous time frame, and this may lead to a signif-
icant QoE drop if the network conditions are less
favourable at this time. Another limitation that
can be seen in this study is the fact that the al-
gorithm must be run once for every decision that
must be made. Even though the proposed solu-
tion introduces some additional costs for the con-
tent provider, the authors claim that the resource
costs are minimal and that the achieved gain in QoE
outweighs the computational costs.

Binging is a new trend which has also been
studied. Binging is when a user watches multiple
episodes of a television programme in rapid succes-
sion, typically by means of DVDs or digital stream-
ing. For example, Claeys et al. [9] take advantage
of the recent trend of ”binging” or ”binge watch-
ing”. Binging has been reported to become the
users’ moderate behaviour, as they stream on av-
erage 2.3 episodes per viewing. The result of this
is that about 57 % of the streaming sessions could
be announced in advance by a proxy. If these an-
nouncements were to be made, it would enable a
simple prediction for future segment requests and
subsequent episodes could be cached in advance, al-
lowing for an improved QoE.

The evaluation of this study is based on the byte
hit ratio. It notes an increase in performance of
54 % in comparison to the LRU caching strategy.
A limitation on this approach is that it does not
take into account the possibility of the user ending
the session before the episode ends. If this were to
happen, many segments would be stored in cache
with no purpose, as they would not be served to
the client. Also, the bandwidth that would be used
to pre-fetch these segments could have been used to
serve other clients.

Zhang et al. [10] present a dependency-aware
caching algorithm which takes into account a dy-
namic network condition. The study assumes multi-
ple users and multiple requests per user, and there-
fore aims to improve QoE for all users generally
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and not for a specific user. The algorithm is based
on the profit of caching a certain segment, which
is defined by the increase in utility of caching that
segment. The utility of caching a segment depends
on the available bandwidth, the segment size, the
number of active client sessions and the number of
requests per session. The algorithm decides to cache
segments in descending order of profit, and depend-
ing on how full the cache storage is.

3. System Models

The work developed in this dissertation concerns
the optimization of a client-server connection for
HTTP-based video streaming. It consists of in-
troducing a proxy cache at the network edge, on
the link’s bottleneck, to pre-fetch and store video
segments, using a predictive model to decide which
segments to download. The idea is that the proxy
server connects to the streaming server to download
the video segments that it predicts the client will re-
quest. The proxy connects to the server through a
wired connection. It is then connected to a base
station in order to be able to connect to the client
through a wireless connection. Figure 1 illustrates
the configuration of this network.

Figure 1: Configuration of Video Streaming Net-
work

It is assumed that the distance between the server
and the client is much larger compared to the client
and the proxy. The objective of the introduction
of the proxy is that it will take advantage of the
fact that it is at the bottleneck of the link between
the client and the server, and that by pre-fetching
segments before the client’s request it will be able
to increase the throughput perceived by the client.

The evaluation of the study is based on the im-
pact that the proxy cache has on the user’s QoE
on the client side. As the proxy cache enables the
client to download the segments from a closer lo-
cation, thus lowering the RTT for the setup and
request time, it is expected that this will improve
the throughput perceived by the client, making the
client request higher qualities and therefore improv-
ing the overall QoE. For this to happen, the proxy
must download the predicted segment in advance.
When the client sends a request for a segment,

the proxy must aim for this segment to already be
present in the cache, to result in a cache hit.

In the context of this study, a cache hit must sat-
isfy two conditions: a segment hit, which happens
when the proxy has successfully downloaded the
segment before the client requests it; and a qual-
ity hit, which happens when the pre-fetched seg-
ment was downloaded in the quality requested by
the client.

It must be noted that in this study, the choice of
segment quality is made exclusively by the client.
The existence of the proxy does not directly influ-
ence in any manner the client’s choice, and if the re-
quested segment quality is not present in the cache,
the client must send the same request to the server.

The following models, which are presented
throughout this section, aim to clearly define how
the predictive technique is carried out:

• Channel Model - models the variation of chan-
nel capacity. This is necessary to estimate the
future behaviour of the channel, as it is one of
the factors which influences the client’s quality
choice.

• Segment-Based Model - models the reward of
taking a certain action according to the net-
work and client conditions

• Frame-Based Model - models the time taken
for a segment to be downloaded

3.1. Channel Model

The channel model is based on two connections: one
to serve the client, and another to serve the proxy.
Depending on the state conditions, the client may
be connected either to the proxy or to the server
(through the proxy), whereas the proxy is always
connected to the server.

It is assumed that the propagation between the
client and the proxy is wireless, and the one be-
tween the proxy and the server is wired. This indi-
cates that the connection between proxy and server
may achieve higher capacities in comparison to the
connection between the client and the proxy.

As the channel capacity is one of the factors that
affects the client’s quality choice, it is necessary to
model the variation of both the client-proxy and the
proxy-server channel capacity, to enable the proxy
to download the segment in the correct quality. The
channel capacities were chosen to be modelled us-
ing two independent Markov chains, with a state
transition probability of p.

The client-proxy capacity, Ccp, will be modelled
by 6 equally spaced, discrete, normalized values, in
order to allow the capacity to be represented as a
Markov chain,
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Ccp ∈ [1, 2, ..., 6]; (1)

and the proxy-server capacity, Cps, will also be
modelled by 12 equally spaced, discrete, normalized
values,

Cps ∈ [1, 2, ..., 12]. (2)

If the client is connected to the server, this will
affect the bandwidth available to the proxy as both
connections to the server must be shared. In this
model, the client has priority when downloading
from the server, meaning that the proxy may only
use the bandwidth that is not being used by the
client. It is of more importance for the client to
request the current segment than for the proxy to
pre-fetch the following segment.

The channel models for the connections are based
on two distinct scenarios: the first is when the client
is downloading the video segment from the cache
(cache hit); the second is when the client must re-
quest the segment from the server (cache miss).

Cache Hit Scenario On a cache hit, illustrated
in figure 2, the client will be requesting the segment
from the cache. In this case, the bandwidth avail-
able to the proxy, BWproxy, is equal to the capacity
of the proxy-server channel, and the bandwidth ex-
perienced by the client, BWclient, is equal to the
capacity of the client-proxy channel.

BWclient = Ccp, (3)

BWproxy = Cps. (4)

Figure 2: Connections in a hit scenario

Cache Miss Scenario On a cache miss, the
client’s request has priority over the proxy’s re-
quest, with the connections as illustrated in fig-
ure 3. Therefore, as the client will be connected
to the server through the proxy, the bandwidth ex-
perienced by the client and the proxy will be the
following,

BWclient = min(Ccp, Cps), (5)

BWproxy = Cps −BWclient. (6)

Figure 3: Connections in a cache miss scenario

3.2. Segment-Based Model

The purpose of the segment-based model is to define
the proxy’s policy for the choice of quality of each
segment to be pre-fetched. The aim of this model is
to know which quality it is best to pre-fetch for the
next request, knowing the current state conditions.
In order to reach an optimal policy, a Markov Deci-
sion Process (MDP) was designed. The four aspects
of an MDP were considered: the state, the action
space, the reward function, and the policy.

3.2.1 State Definition

The state for this model is composed of the follow-
ing parameters:

• Client-Proxy Capacity Ccpt - according to the
channel model discussed in section 3.1, the fu-
ture channel capacity depends on the current
channel capacity. Also, it is one of the factors
that influences the client’s future request;

• Proxy-Server Capacity Cpst - the probability
that the proxy will be able to download its seg-
ment before the client requests it depends on
the future capacity of the proxy-server channel,
which in turn depends on the current proxy-
server capacity, again according to the channel
model in section 3.1;

• Previous action taken by the client at−1 - the
previous action taken by the client, i.e. the
quality it requested for the previous segment,
will influence the current choice of quality,
which in turn will influence the future choice of
quality, as adaptive streaming algorithms aim
to minimize the quality variation. This param-
eter also influences the proxy’s choice directly
because it must evaluate the probability of be-
ing able to pre-fetch a segment before the client
finishes the download of the current segment;

• Client Buffer Level Bt - the buffer level also in-
fluences the client’s quality choice as the adap-
tive streaming algorithms aim to avoid stalling
events by lowering the quality of the segments
when the buffer level is too low;

• Cache hit or miss (1 or 0) Ht- whether the cur-
rent request was present in the cache or not,
tells the proxy if the client is downloading from

4



the server or from the proxy, which directly im-
pacts the bandwidth available for the client and
for the proxy.

Therefore, at any time t, the state st can be rep-
resented by the following 5-tuple,

st = {Ccpt , C
ps
t , Bt, at−1, Ht} (7)

3.2.2 Action Space

The proxy’s action space is composed by a set A of
different actions, which correspond to the different
segment qualities the proxy can choose to download.

The proxy may inclusively choose to download
more than one quality if the proxy-server connec-
tion is good enough for the download to finish on
time.

3.2.3 Reward Function

The parameters that were chosen to evaluate are i)
quality of the requested segment q; ii) the variation
of quality from one segment to the next ∆qt, and
iii) whether there is a stall during the download of
the segment. Different weights can be given to these
three parameters according to their importance (α
and β). Equation 8 defines the reward function used
in the model, proposed and validated by De Vriendt
et al. [11],

rt = q(at)− α∆qt − βI(Bt = 0), (8)

where I(Bt = 0) is an indicator function which
is true if the client’s buffer is empty (stalling), and
false otherwise.

3.2.4 Proxy Policy

The objective of the proxy policy, πp, is to choose
the action bt that yields the highest future expected
reward, knowing only the current state conditions.

In this section, the time step t is defined by the
time taken to download a segment, which can vary
according to the size of the segment. This is fully
detailed in section 3.3.

Globally, the expected reward of the proxys de-
cision depends on the current state st, the action
taken by the client at (which can be deduced from
the current state), and the action taken by the
proxy bt. The aim of the proxy is to have a pol-
icy πp that chooses, between all possible actions it
can take and considering its current state, the ac-
tion bt that will maximize reward. This is shown in
equation 9.

The purpose of the proxy is to achieve the max-
imum reward for each request. To achieve this, a
proxy policy, πp, was defined. The policy consists
of the proxy choosing the action, bt, that will yield

the highest expected reward for the next time step,
rt+1, given the current state, st, as in equation 9,

πp = argmaxb[E(rt+1)|st, b]. (9)

To achieve these results, the expected reward for
all actions in all states was computed, and the re-
sults were stored to then be used for the proxy’s
real-time decisions.

3.3. Frame-Based Model

This section explains the logic behind the probabil-
ity model proposed for the duration of the segment
download, measured in number of time steps, Na.
Throughout the description of this model, time step
τ is used, and is defined by the duration of a video
frame.

Given an initial available bandwidth and a seg-
ment size, the probability that the download will
take Na time steps is deduced. This can be calcu-
lated as shown in the bellman equation in 10, where
Cτ is the available bandwidth for the client at time
τ , S is the segment size to be downloaded by the
client and Tf is the duration of the frame, which is
the time step defined by this model.

p(Na|Cτ , S) =∑
Cτ+1

p(Na − 1|Cτ+1, S − Cτ+1Tf )p(Cτ+1|Cτ )

(10)

For each time step, the segment size will decrease
by the number of downloaded bits, until either the
segment size S or the number of time steps Na
reaches zero. When the segment size reaches zero,
the probability for the download to occur in zero
time steps is certain, and it is impossible for the
download of a segment of size zero to occur in one or
more time steps. It is also impossible to download
a segment of any size in zero time steps. Therefore,
the end cases are as follows,

p(Na = 0|Cτ , S = 0) = 1

p(Na = 0|Cτ , S > 0) = 0

p(Na > 0|Cτ , S = 0) = 1

(11)

The model used for the variation of channel ca-
pacities was thoroughly detailed in section 3.1.

3.4. Simulation Model

To be able to evaluate the developed model, a
streaming client was modelled along with the pro-
posed proxy server, as it is the client that controls
all the quality choices. The system to simulate
must account for: a) the client and the proxy’s re-
quests; b) the client and the proxy’s download; c)
the client’s playback.
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3.4.1 Client and Proxy Download

During the download of a segment, the client’s ac-
tion aτ remains unchanged until the end of the
download,

aτ = {aτ−1}. (12)

The download state is determined by the dura-
tion of the client’s download, meaning that when
the client’s download finishes, so does the proxy’s
download even if it has not ended.

During the download of the client’s segment, the
proxy is simultaneously pre-fetching its segments.
The proxy will attempt to download at most all
qualities, starting from the one which will generate
the highest reward and ending on the one with the
lowest reward. The proxy’s action also remains un-
changed during the client’s download, as the order
of download does not change, so,

bτ = {bτ−1}. (13)

By the end of each time step, the client’s buffer
must decrease, if the video is being played. If the
buffer is above its panic threshold, the video is play-
ing, which means the buffer decreases by the dura-
tion of one frame Tf ,

Bτ+1 = [Bτ − Tf ]+. (14)

During the download, the bits remaining to be
downloaded by the client, στ , will be reduced, de-
pending on its current bandwidth. Therefore, the
new value for the remaining bits is as follows,

στ+1 = [στ − Tf ×BWclient]
+. (15)

Similarly, for the proxy, the bits remaining to be
downloaded, ρτ , must also decrease by the number
of bits that were downloaded in the current time
step. It must be noted that if the proxy finished
downloading the quality which leads to the highest
expected reward, it will continue downloading the
quality which leads to the next highest expected
reward, and so on.

ρτ+1 = [ρτ − Tf ×BWproxy]+. (16)

When the bits remaining to be downloaded by
the client reach zero, it means the client has finished
downloading the segment, and must therefore make
a new request.

At this point, the buffer must be updated to add
the new segment,

Bτ+1 = Bτ + Ts. (17)

3.4.2 Client and Proxy Request

At first, the client decides the quality of the next
segment based on the conditions of its algorithm.
In this case, the client will have 6 quality levels to
choose from,

aτ = a1, a2, ..., amax. (18)

In the event of a full buffer, the client remains
idle, not requesting any new segment until there is
available space in the buffer.

Simultaneously, the proxy is also making its re-
quest to the server, according to the policy πp de-
tailed in section 3.2.4. The policy contains the or-
der in which the qualities should be downloaded,
according to their expected reward. So, the action
taken by the proxy is a collection of these qualities
in order of priority,

bτ = b1, b2, ..., bmax, (19)

being b1 and bmax, the actions which lead to the
highest and lowest rewards respectively.

Upon a request made by the client, time taken
to process the HTTP GET request is equal to the
setup time,

Gτ = Tsetup, (20)

and will decrease with every time step until it
reaches zero, at which point the client will begin
the segment download. Thus, the evolution of Gτ
is as follows,

Gτ = Tsetup − Tf . (21)

Simultaneously, the client buffer, if playback is
active, must also decrease by one time step,

Bτ+1 = [Bτ − Tf ]+. (22)

3.4.3 Client Playback

The client’s video playback is decided according to
the buffer level. The buffer has a panic threshold
Bmin where it stops playback and waits until more
segments have been downloaded to fill the buffer.

If the client is playing the video, then,

Bτ+1 = [Bτ − Tf ]+, (23)

otherwise, if the video playing is freezed, the
buffer level is the same as in the previous time step,

Bτ+1 = Bτ . (24)
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4. Results

The following chapter presents the results for the
various simulations that were carried out, along
with a description on how the models were imple-
mented.

For each simulation, the parameters that are
studied are the reward, quality, quality switch-
ing (frequency and amplitude), stalls (frequency
and duration), initial buffering, hit probability, and
overall Quality of Experience.

4.1. Implementation Details

As the proxy’s decision of quality is dependent on
the adaptive streaming algorithm used by the client,
the proxy must know which algorithm is being used
by the client. In this study, for simulation pur-
poses, the Rate Adaptation Heuristic for Enhanced
Adaptive Video Streaming (RAHAS) algorithm [12]
is used, which is a simple algorithm that makes a
choice for the required bit rate based on the chan-
nel capacity, the client’s buffer level and the bit rate
previously requested by the client.

The client-proxy and proxy-server channels used
for the simulation were generated according to the
Markov chain discussed in section 3.1, both having
a channel transition probability of 0.1. The client-
proxy channel was modelled with discrete capacities
ranging from 1 to 6 Mbit/s and the proxy-server
channel was modelled with discrete capacities rang-
ing from 1 to 12 Mbit/s. The channel was simulated
to vary every 0.2 seconds.

The set of possible actions to be taken by the
proxy, described in section 3.2.2, was defined by the
6 possible bit rates that can be chosen for download.
The bit rates were defined to be 1, 2, 3, 4, 5 and 6
Mbit/s.

To implement the predictive models, the ex-
pected reward for all actions in all states was com-
puted, and the results were stored to then be used
for the proxy’s decisions during the simulations.

The implementation choices for the simulation
model presented in section 3.4, were a minimum
buffer level Bmin of 1 second, and an initial buffer-
ing of 3 seconds, meaning that the Client Playback
only began for the first time after having down-
loaded 3 seconds of video. The implementation sim-
ulates the download and playback of a video with a
duration of 3 minutes.

To enable a meaningful analysis of results, 10000
samples were taken for each simulation and then
a statistical analysis was carried out. Within each
sample, the sample mean and standard deviation
was taken for each parameter, and then mean values
and standard deviations of all samples were also
taken.

The simulations were carried out for three differ-
ent solutions: the predictive pre-fetching model pro-
posed in this work (Predictive Pre-fetching), then a
pre-fetching strategy which simply pre-fetches the
previously requested quality (Same Quality Pre-
fetching), and finally, a solution which does not in-
clude pre-fetching (No Pre-fetching).

4.2. Overall System Behaviour

Reward The reward was calculated for every
time step of the simulation, i.e. every 200 ms, using
equation 25,

r(t) = qt − 6∆qt − 10I(Bt = 0) (25)

Figure 4 shows a plot of the Cumulative Distri-
bution Function of the reward over the mean values
for each sample taken. A distribution was plotted
for each of the three solutions.

Figure 4: Cumulative Distribution Function of Av-
erage Sample Reward for Modelled Channel Varia-
tion

On average, Predictive Pre-fetching improves the
reward by 1.03% in comparison to the Same Quality
Pre-fetching, and by 21.33% compared to No Pre-
fetching.

Quality The evaluation of the quality was carried
out for each client request and not for each time
step. Figure 5 presents a plot of the Cumulative
Distribution Function of the mean quality over all
samples that were taken.

There is an increase in the overall mean quality
when using Predictive Pre-fetching by 0.87% and
20.02% when compared to the Same Quality Pre-
fetching solution, and the solution that does not
pre-fetch, respectively.

A more thorough analysis of the different quality
levels will be carried out, to better understand the
choices that are being made during the simulations.
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Figure 5: Cumulative Distribution Function of Av-
erage Sample Quality for Modelled Channel Varia-
tion

Quality Switching Frequency Quality
switches were recorded for each time that the
client’s quality request was different from the
previous one. Figure 6 shows the Cumulative Dis-
tribution Function of the quality switch frequency
for the three solutions.

Figure 6: Cumulative Distribution Function of
Average Sample Quality Switching Frequency for
Modelled Channel Variation

Predictive Pre-fetching performs poorly in this
parameter in comparison to the other solutions.
The results show that on average, the Predic-
tive Pre-fetching increases the number of quality
switches, which is not what the solution aims to do.
In comparison to the Same Quality Pre-fetching,
the switching frequency increases by 0.73%, and by
13.41% in comparison to No Pre-fetching.

Quality Switching Amplitude The amplitudes
of the quality switches were also recorded each time
the client requested a different quality. Figure 6

shows the Cumulative Distribution Function of the
quality switch amplitude for the three solutions.

Figure 7: Cumulative Distribution Function of Av-
erage Sample Quality Switching Amplitude

Again, the Predictive Pre-fetching solution is
the one that performs the poorest in this param-
eter, increasing the mean amplitude of the qual-
ity switches. In comparison to the Same Quality
Pre-fetch, the amplitude of the quality switches in-
creases by 0.73%, and for the No Pre-fetching solu-
tion the amplitude increases by 13.41%.

Stall Duration The parameters to evaluate the
stalling (re-buffering) were recorded for each time
step (200 ms). A box and whisker plot was chosen
to best represent the values taken for all samples
that were simulated. Figure 8 plots the average du-
ration of each stall for every solution that was con-
sidered. The red lines represent the median value of
the sample, whereas the bottom and top of the blue
box represent the 25th and 75th percentile respec-
tively. The whiskers represent the maximum and
minimum values, which are defined by the values
that are at a distance smaller than 1.5 times the
interquartile range. Any points outside the maxi-
mum and minimum are considered outliers, and are
represented by crosses.

Predictive Pre-fetching performs worse by 2.08%
when compared to the Same Quality Pre-fetching,
and compared to the solution without pre-fetching,
the mean stall duration increases by 41.99%. How-
ever, this increase in absolute terms corresponds to
0.01s and 0.06s respectively, which may not even be
perceptible to the user.

Stall Frequency The stall frequency, i.e. num-
ber of stalls, was also considered due to its high
impact on user QoE, as one long stall may have
a more positive impact compared to many small
stalls. Figure 9 shows in a box and whisker plot,
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Figure 8: Box and Whisker plot of Stall Duration
for Modelled Channel Variation

how the mean number of stalls varied throughout
all the samples that were taken.

Figure 9: Box and Whisker plot of Number of Stalls
for Modelled Channel Variation

The Predictive Pre-fetching solution has on aver-
age the lowest stalling frequency, 14.99% less when
compared to the Same Quality Pre-fetching and
30.90% less when compared to the No Pre-fetching
solution.

Hit Probability The cache hit parameter was
recorded for each client’s request, checking whether
the requested segment was present in the cache.
The hit probability for each sample was deduced by
the number of times that there had been a cache hit
compared to the number of requests that had been
sent by the client. Figure 10 presents the Cumu-
lative Distribution Function of the hit probability
across all samples that were taken for each solution.

There is an increase of 7.17% in the hit probabil-
ity for the Predictive Pre-fetching compared to the
Same Quality Pre-fetching.

Figure 10: Cumulative Distribution Function of
Sample Hit Probability for Modelled Channel Vari-
ation

Quality of Experience To combine these sepa-
rate parameters and to evaluate QoE as a whole,
the QoE model proposed by Petrangeli et al. [13]
can be used. The QoE experienced by a client is the
linear combination of the average requested quality
q̄, its standard deviation q̂ (both normalized by the
highest available quality level qmax) and F , which
is a parameter that models the influence of stalling
events. Equation 26 defines QoE as,

QoE = 5.67× q̄

qmax
−6.72× q̂

qmax
−4.95×F +0.17

(26)
where F is defined by,

F =
7

8
×max(

ln(φ)

6
+1, 0)+

1

8
×(
min(ψ, 15)

15
), (27)

being φ the frequency of stalling events and ψ the
average duration of the stalling events.

Figure 11 shows a box and whisker plot of the
quality of experience for each sample.

Even though the median value is similar for all
three solutions, it can be seen that there is a sub-
stantial improvement of QoE between the No Pre-
fetching and the Predictive Pre-fetching, as the up-
per quartile has risen, meaning that many more
samples have a higher Quality of Experience. Also,
the average QoE has risen by 43.17%. The outliers
also reach lower values less frequently. Between the
Predictive and the Same Quality Pre-fetching, there
is almost no difference, with the average QoE rising
1.79% for the Predictive Pre-fetching.

5. Conclusions and Future Work

This work concerned the improvement of user Qual-
ity of Experience through the use of a predictive
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Figure 11: Box and Whisker plot of Quality of Ex-
perience for Modelled Channel Variation

proxy cache, which uses a heuristic to predict the
video segment that the client will choose for the
following request.

Three solutions were compared: the Predictive
Pre-fetching, a non-predictive pre-fetching which
only pre-fetches the same quality as was previously
requested by the client, and finally a solution with-
out pre-fetching.

The Predictive Pre-fetching managed to achieve
a gain of 43.17% in user QoE in comparison to the
No Pre-fetching solution. Comparing it to the Same
Quality Pre-fetching, it managed to improve QoE
by 1.79%.

It would be interesting to continue this study
with the cache serving more than one user, aiming
to optimize the overall Quality of Experience for
all users. In this solution, cache storage algorithms
could also be evaluated, as for more than one user
it would be interesting to know which pre-fetched
segments could be stored for the next user. Also,
for this case it would not be beneficial for the proxy
to download all possible qualities if it can, as this
would use bandwidth that could be used for other
clients. Instead, the proxy would have to evaluate
whether it is favourable to pre-fetch more than one
quality or not.

One limitation of this study is the fact that the
proxy must know in advance which adaptive algo-
rithm the client is using. It would also be interest-
ing to develop a reinforcement learning technique
which could instead learn this from the client.
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