
Exploitation of Producer Intent in Relation to Bandwidth
and QoE for Online Video Streaming Services

Michael Riegler1, Lilian Calvet1, Amandine Calvet, Pål Halvorsen1, Carsten Griwodz1

1Media Performance Group, Simula Research Laboratory & University of Oslo, Norway
{michael, paal, lcalvet, griff}@simula.no, amandine.calvet@gmail.com

ABSTRACT
This paper is the product of recent advances in research
on users’ intent during multimedia content retrieval. Our
goal is to save bandwidth while streaming video clips from
a browsable on-demand service, while maintaining or even
improving the users’ quality of experience (QoE). Under-
standing user intent allows us to predict whether streaming
a particular video in a low quality constitutes a reduced QoE
for a user. However, many VoD streaming services today are
used by users for a wide variety of reasons, meaning that
user intent cannot be inferred from their use of the service
alone. However, our investigation demonstrates that user
intent does in most cases coincide with producer intent. We
can also demonstrate that the latter can be inferred from
the content itself as well as associated metadata. By tran-
sitivity, we can choose a default video quality that satisfies
the users QoE in the majority of cases.

Categories and Subject Descriptors
H.5.1 [Multimedia Information Systems:]: [Video]

General Terms
Experimentation; measurement; performance

Keywords
QoE; intent; video streaming

1. INTRODUCTION
Video on-demand (VoD) services like Youtube, Vimeo,

Netflix, etc. generate most Internet traffic today. It has
been predicted that their share will rise to 90% within the
next three years1. These on-demand videos are used for
a wide range of purposes, ranging from entertainment to
1http://goo.gl/afWfOH
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Figure 1: Examples of intent categories. (a) ’Af-
fection’: get entertained (e.g. by watching movie);
(b)’Experience’: learn something (e.g. a recipe);
(c)’Information’: get informed (e.g. by watching
news); (d)’Object’: listen to music. Src: Youtube.

education but also communication resembling video mail.
Currently, VoD streams are delivered at a default quality
chosen by the VoD service provider, independent of their
purpose. This implies that a user whose intent it is to enjoy
exclusively the music of a music video receives the same
video quality as a user who wants to enjoy the sights in a
nature documentary. There is a discrepancy since delivering
a reduced video quality to users with the first intent would
not reduce that user’s quality of experience (QoE), for the
user with the second intent it would reduce QoE. To make
this statement, we do not use the term QoE in the spirit
of objective video quality metrics, but rather in terms of
the International Telecommunication Union’s (ITU) formal
definition, which defines QoE as “the overall acceptability
of an application or service, as perceived subjectively by the
end-user” while “the overall acceptability may be influenced
by user expectations and context” [1].
We propose a means by which a VoD service can stream

videos with a quality2 that depends on a user’s context and
the user expectations to maximize their QoE. For the study
conducted in this paper, we restrict the term context to typ-
ical knowledge of a VoD service provider, such as the user’s
age, sex and location. We postulate that these simple crite-
ria are sufficient to identify homogeneous user groups whose
intent with respect to use of a particular video are likely
to be similar. The classification of users by such criteria is
2In this paper, the video quality is expressed in terms of
video resolution.

7

http://goo.gl/afWfOH


beyond the scope of this paper but they are apparently al-
ready exploited by VoD services such as Youtube. Beyond
this, context includes the situation in which users consume a
video stream. Watching news in low quality on a PCmonitor
in a coffee break may be a satisfactory experience, whereas
only a high quality stream satisfies them when watching on
a big TV screen at home. The latter challenge has already
been explored by analysing user interactions [25].
However, such methods present some limitations: they

are mainly designed to determine if the user is interested in
both visual and audio content, or the audio content only. If
the user is interested in the visual content, the quality that
leads to satisfactory QoE may depend on the content itself
(e.g. medium for news and high for a movie trailer). User
activity may not be sufficient to distinguish these cases.
In this paper, we deal with the specific problem of retriev-

ing the expected quality based on the video content itself.
In accordance with our assumptions, we want to establish
whether we can deduce QoE from content given the follow-
ing constraints: (i) users belong to a single characteristics
group; (ii) they use the service in the same situation (in their
spare time); (iii) they use similar devices (computer with
monitor). We hypothesize that within these constraints, we
can select the lowest satisfactory QoE because we can infer
the users’ intent, i.e. why they watch the video, from the
content itself. The proposed solution relies on the three fol-
lowing assumptions: (i) Characteristics of a video such as
recording, cutting, encoding, etc., have the potential to re-
veal the producer intent so that it is possible to identify
producer intent categories based on the video content; (ii)
The producer intent reflects the user intent: the main intent
of the person who created and uploaded the video and the
one of the person who streams it are similar; (iii)Playback
quality that provides satisfactory QoE to the user is directly
related the the user’s intent.
These assumptions modify the interpretation that has been

provided by Hanjalic et al. [10]. While we follow the intent
categories that they established, namely ’affection’, ’expe-
rience’, ’information’ and ’object’, which are explained in
Figure 1, we do not postulate that user intent is directly
connected to video characteristics. Instead, we postulate
that characteristics are expressions of producer intent, and
that this provides a good prediction of user intent wherever
content is consumed as expected by the producer.
The main contribution of this paper is thus to demon-

strate the last two assumptions mentioned above. Firstly,
we validate the convergence between producers’ intent and
users’ intent. Secondly, we show that, beyond their ability
to classify video content, intent categories reveal the default
quality that can satisfies the quality expectations of the user.
A proof of concept of the proposed system has been devel-
oped to validate our assumptions in a user study.
Last but not least, we demonstrate experimentally that

the method has potential to reduce the bandwidth consid-
erably for the delivery of some intent categories, while pre-
serving the user QoE. Although the intent computation is
quite error-prone (as our experiments also show), it can be
used pragmatically if users are allowed to increase quality
manually. In such a scenario, temporary dissatisfaction for
some users is tolerated, but considerable bandwidth savings
can be achieved compared to the alternative always-best-
quality approach, while overall satisfaction is higher than in
a hypothetical always-worst-default approach.

In Section 2, we outline works related to QoE consider-
ations in distributed multimedia environments, user intent
and resource optimization. In Section 3, a conceptual de-
scription of the proposed system (illustrated in Figure 2) is
provided. Finally, a validation of the above-mentioned as-
sumptions through a proof of concept implementation of the
proposed system is described in Section 4.

2. RELATED WORK
Standard internet users are generally not really interested

in the technology involved in creating their multimedia con-
tent. For most of them, the QoE is the most important
concern [12, 11] while watching a video. A lot of research
has been done in this direction. For example, Fiedler et
al. [9] describe in their work how QoE ties together user
perception, experience and expectation to applications and
network services. Furthermore, they show how QoE is re-
lated to quality of service (QoS).
QoE considerations. In the last years, an increase in

the number of distributed multimedia environments, devot-
ing particular attention to QoE requirements, has been ob-
served. At the early stage the issue was that, even if they
included user involved interaction, the evaluation of these
systems was more system centric. Additionally, the pro-
posed approaches were bothersome for the user, due to the
fact that users had to provide additional input. Newer con-
cepts tried to change this direction to a more user centric
evaluation based on QoE in combination with QoS [24, 20,
20, 21]. This research ranges from providing a general frame-
work to predicting user QoE. Most of the existing research is
based on the network layer and the video encoding/decoding
process. Krishnan et al. [16] showed that the quality of the
video stream can impact the viewers behaviours. In more
detail, they showed that rebuffering and startup time of the
video can increase the abandonment rate for a given video.
This is an important insight for our work in combination

with the fact that people’s major concern is video quality
(e.g. in terms of video resolution). So, if we can provide
users with the content in a quality that satisfies their needs
in terms of QoE, it may give the video provider the oppor-
tunity to save bandwidth. We try to tackle this problem by
connecting the intent of the video producer with the user
intent, i.e. why users want to watch the video. We hope
that it can both, help providing the user with a better QoE
and help allocating bandwidth in a more adapted way.
User Intent. User intent has been well investigated in

research. In particular research has been done in this direc-
tion in textual Web search. [23]. Researchers tried to de-
termine what underlying goal the users have when they use
a web search engine [3, 6]. Intent has acquired more and
more importance in multimedia research in the last years
and multiple studies have tried to make the text retrieval
approach usable for multimedia [17, 13, 15]. For exam-
ple, Lux et al. [19] attempted to find possible intent cat-
egories for image retrieval similar to the approach presented
in [8]. However, these intent-based papers exploit intent in
the context of images. With regards to videos, this issue
was treated by Kofler et al. [14], who presented an intent
ground truth labelled data set. This is important because
they show that, as they exist in the context of image re-
trieval, user intent categories can be identified in context of
video retrieval. Hanjalic et al. [10] write about the intent of
videos in the context of video retrieval. They present a cate-
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gorization of videos based on the user intent. Further, they
provide a method to classify videos based on their intent,
and an evaluation of the classification performance.
A newer approach, called intentional framing [22], looks

at the framing of images in order to determine the intent of
the photographer by analysing the global visual features of
the images. The proposed method is strongly related to this
approach as we highlight that how a video is produced (e.g.
shooted, mounted, etc.) may reflect the producer intent.
Resource Optimization. In the context of bandwidth

awareness, several methods have been proposed such as means
to optimize the ratio between energy consumption and band-
width. [2, 5]. In Microsoft Azure smooth streaming [25],
user behaviour and interaction are utilised to adjust the
bandwidth usage, e.g. reducing the quality of the video
when the video is in the background or displayed simulta-
neously with another window. Other researchers looked at
the potential of analysing video content in order to adapt
the bandwidth usage and the video quality. For example, if
there are very complex scenes or a lot of movement in the
next frames the capacity needed will be higher [18, 4].
Our work differs from current work in the way that we

look at the producers intent in correlation with the quality
of the video and the quality of the user experience. To the
best of our knowledge, the current state of the art does not
provide a solution combining intent and video quality in this
way.

3. CONCEPTUAL SYSTEM DESCRIPTION
In this section, we describe the general idea and archi-

tecture of the system. In order to prove the concept of a
multimedia system, able to deliver a content whose quality
is related to the producer intent, we implemented parts of
the system in a prototype. These parts are described in the
experimental section in more detail. The overall system is
composed of a client and a server side, shown in Figure 2.
The goal of the proposed system is to understand the user

expectations based on the context (if available), the analysis
of the video content/metadata and the user behaviour (e.g.
via her/his interactions) without requesting any additional
information from the user. A typical scenario can be sum-
marized as follows: On the client side, the user is searching
for a video while the system is gathering information sent
by the user (e.g. text query, url, etc.) on the server side.
The playback request then triggers the intent classification.
The resulting intent is then considered for deriving a default
video quality selection from it. Finally, the video is deliv-
ered to the user with respect to the computed quality. If the
user is not satisfied with the delivered quality, he/she can
change it actively, and any changes in quality settings made
by the user is used to feed a semi-supervised machine learn-
ing algorithm in order to optimize the expected preferences
associated to each intent categories.
Client Side. The first characteristic of the client side

is that we apply no or little changes to the standard video
player functions provided by video platforms. This way, the
client side provides the users with a standard interface sim-
ilar to those commonly used in video services like Youtube
and Vimeo. In this interface, the user is in particular able
to change the quality of the video (in the same way as it is
provided by Youtube). These quality changes, when they oc-
cur, are sent to the system and exploited as expected quality
“feedbacks”, of which the user is unaware. This information

can then be used to adjust the quality setting in relation
to the intent category. For example, it is possible that, for
a certain intent category, the system does not determine
the optimal quality setting but, in this case, this determina-
tion could be systematically adjusted based on the overall
changes performed by the users. The second information
that is collected without awareness of the user is the be-
haviour of the user regarding the focus of the windows. An
example is the video presented in a window in the back-
ground and not actively shown, which is strongly connected
to the approach from Azure Smooth streaming [25]. This
information is particularly useful in detecting certain types
of intent categories, e.g., listen to music or a podcast. In-
formation that is not unconsciously provided but a natural
input of the user in a video search engine is the search query.
Finally, other user-related information can be collected from
the user side such as available bandwidth, used display de-
vice, etc.
Server Side. On the server side, we implemented so far

the intent classification and the intent-to-quality mapping.
All other parts are described on a conceptual level. The
main system consists of four parts. The first part is the pro-
ducer intent classification which is responsible for placing
each of the videos into one of the intent categories. This is
done based on the method presented in [10]. This approach
is described in terms of user intent, we adopt it here in or-
der to detect the producer intent. To classify the intent,
different sources of information have to be analysed, i.e. the
visual and audio content, the metadata and the user input
and feedback. The results of this classification will then
be combined by late fusion. The second part is the video
search engine. This is important because the search query
itself can be a valuable source of information about the in-
tent. The third part is the quality association part. This
part uses the intent information from the intent classifier to
determine the quality of the video delivered to the users. It
manages the used codecs but also the final resolution. It
creates an intent-quality model that tries to determine the
quality of the videos based on the constraint that the band-
width allocation must be optimized. Furthermore, it also
learns from the users feedback (based on whether or not the
quality is changed). The last part is the bandwidth thresh-
olding part. This part is responsible for the optimization of
the bandwidth usage and is based on the intent and avail-
able bandwidth information. It is important to point out
that our system will not try to give the user the best quality
based on the bandwidth available. It is more a new way to
look at the distribution and usage of bandwidth by trying to
satisfy the user needs based on the intent without wasting
bandwidth.

4. EXPERIMENT
The idea of this initial experiment is to show the con-

vergence between producer intent and user intent, and that
different intent categories are correlated to different video
quality expectations and therefore bandwidth allocation.
The experiment is split into two parts. The first part is the

automatic clustering based on several features of the videos.
Since our system is not complete, these initial experiments
will show whether building such a system is sensible. The
clustering and feature extraction are based on well known
methods and frameworks. Moreover, we want to point out
that, in future work, we will develop and implement more
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Figure 2: Overview of the proposed system com-
posed of a client side (left) and a server side (right).

sophisticated methods. The second part of the experiment
is the user test where we show that the producer intent is
correlated to the user intent and that intent is somehow
related to the video quality that satisfies the user QoE.
The intent classification part is based on [10]. The classes

for the classification are ’Information’, ’Experience’, ’Affec-
tion’ and ’Object’,i.e. in our context, listen to music. The
automatic clustering is performed based on audio and visual
features and metadata, which consist of title, description
and tags. For the audio information, we used ASR (Auto-
matic Speech Recognition) and for the visual features we
used Shot Patterns algorithm. For clustering, we used the
Weka machine learning framework 3 and the K-means clus-
tering algorithm. We first calculate the possible cluster for
each feature and then combine them in a late fusion step.
For the second part we developed an HTML video player

which allowed us to control the quality setting of the video
and in the same time collect feedback from the users. We
then used a set of 10 trusted users (who we knew would
perform the task accurately). Because of the low amount
of participants we decided for a placebo-controlled study to
make it more to robust. Therefore, we split these 10 users
into two equal groups. One group, referred to as by real
group in the rest of the paper, got videos with quality set-
tings based on the producers intent. The other 5 users,
referred to as by placebo group, got the same videos with
the default level of quality (that we defined as medium with
360p). We chose this way to implement our experiment, in
order to, compare the two groups and asses if our method
successfully improved the QoE and bandwidth usage combi-
nation compared to the standard settings, thus making the
experiment more robust.
We downloaded a set of 400 random videos from Youtube

that we clustered into the 4 different intent categories. We
modified the description of the intents in a way that they
are easier to understand for the user. In our case, we chose
"listen to music" for the ’Object’ intent category. One will
maybe assume that music is related to entertainment; this
is partially true but music can not be reduced to just enter-

3http://www.cs.waikato.ac.nz/ml/weka/

Table 1: This table shows the users opinion about
the producer intent of the videos in the experiment.

Table 2: This table depicts the users satisfaction and
used bandwidth in MB. Each column presents one
intent category (affection, experience, information,
object).

tainment as many people use music for other purposes such
as get relaxed or support them at work. After the classifi-
cation of the videos we randomly chose 5 videos per intent
class. This leaded to a dataset of 20 videos in total for the
user test. They range from cinema trailers to videos about
how to learn Japanese. Most of them have a clear intent cat-
egory. Some can be in more than one category in which case
we asked the users for the most fitting one. The video dura-
tion varied from some minutes to almost one hour. For the
quality representation, we used the Youtube standard set-
tings which are small (240p), medium (360p), large (480p)
and hd720 (720p). We did not use higher resolution than
720p because not all of the videos supported it.
We then randomly assigned the videos to either the placebo

or the real group and each user had to watch all 20 videos
and indicate which intent they would choose for each video
as well as whether or not they were satisfied with the video
quality they were provided with. In introduction to the ex-
periment, a clear and user friendly description of the four
intent categories was outlined. In order to insure the correct
execution of the assignment, the clarity of the formulation
was assessed by performing preliminary tests with five dif-
ferent users. Since we wanted the users to consider the video
quality in detail, we formulated the question in a way that
arrogates this behaviour. The question for the quality was:
Are you satisfied with the visual quality of the video?. The
possible answers were (i) I would like to watch the video in a
higher quality, (ii) I would watch the video in lower quality
and (iii) Neither 1 nor 2.

4.1 Results
The collected information support our assumption that

producer intent is related to user intent. In consequence,
this result suggests that it may be possible to exploit the
relation between the producer intent for a video and the
quality expected by the user. An overview of the results
can be found in Table 1 and 2. The first table contains the
opinion of the users from both groups about the producer
intent of a video. It can be seen that the users’ opinion
agrees in majority with the producers intent for the video.
The second table shows the user opinions about the quality
for each test group and summarizes bandwidth usage in MB
per intent class and quality levels for all videos.
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Affection. For the affection intent class and in both
groups (real and placebo), the participants agreed clearly
on the producer intent question. In the group that got the
quality settings based on our system the users were satisfied
with the quality. They only voted with yes we are satis-
fied or higher quality, which we count as satisfied because
we set the maximum available quality for the video. In the
placebo group, only one user was satisfied with the quality.
All other users wanted to watch the video in higher qual-
ity, which shows that, the medium quality setting does not
satisfy the users quality of experience needs for this intent.
In this case, the system uses more bandwidth (compare the
last four columns of 2) but the users satisfaction is higher
compared to the placebo group.
Experience. For the experience class, we got completely

different results as expected. We set the quality for this
videos too high (because we assumed that when one expe-
riences something they may want to do it in good quality).
For both groups, the opinion about the intent of the videos
was clear. The majority of the users in the real test group
voted for lower quality. In the placebo group, they were al-
ways satisfied with the medium quality (which is one step
lower than in the real test group). This gave us two inter-
esting insights. First, the intent of experience is not related
with the large quality setting requirements. Secondly, tak-
ing the users feedback into account will help improving our
system in the future.
Another interesting point was that, one of the videos was

an outlier in both groups (affection instead of experience).
In the real group, the users were satisfied with the large
quality or they expressed the wish for a higher quality. In
the placebo group, a higher quality than medium would
have been preferred for this particular video. The video
was about someone who was playing a computer game and
recorded it. This type of videos, called lets play, are becom-
ing more and more popular in recent years 4 and are made by
the producers for entertainment and not learning purposes.
There also exist video platforms which specialize in this type
of video 5. It could definitely also be a video that teaches
how to play the game, but such video would have different
features regarding content and user-related information.
Information. For the information intent category, we

had in both groups a high satisfaction rate. This is justified
by the fact that, the medium quality setting was chosen for
this intent, which also corresponds to the default setting of
the placebo group. Moreover, we had a high precision for
the producer vs. user intent classification. An outlier, which
was a video about learning Japanese, has been misclassified
by our system. This video should be in the intent category
of experience/learn something. Another important observa-
tion was that, it seems that, user would be satisfied with
even a lower resolution than medium for the information in-
tent category. The bandwidth saving potential of this intent
category could be even higher.
Object: Listen to Music. The experiment showed us

that for this intent category, the lowest playback quality
provides satisfying QoE. This can consequently be a very
efficient way to save bandwidth without reducing the QoE
for the users. An outlier was observed. It was a scene from
the Lord of the Rings movies, where a Hobbit is singing a

4http://goo.gl/YrvnWf
5http://www.twitch.tv/

song to the lord of a city. Almost all participants voted for
this video affection as their intent, and they also wanted to
see it in a higher resolution, even if most of the part of the
clip is a song sung by the Hobbit. We consider this as an in-
dicator that at first, producers intent is very hard to detect.
And second, that we definitely need information about the
context to be more accurate in the classification part of the
system. Finally, the last column in Table 2 reveals, for this
intent category, a high potential for saving bandwidth while
preserving a playback quality that satisfies the users QoE.

5. DISCUSSION
The experimental results emphasize the convergence be-

tween producer intent and user intent. Furthermore, they
also agree with the hypothesis that intent information can
be exploited in order to adapt the bandwidth distribution.
The user votes on the quality satisfaction gave indeed an
indication that intent categories are related to quality ex-
pectations. It also showed that these categories can help to
satisfy the users QoE, either by simply improving it, e.g.
with higher video quality, or by preserving it while decreas-
ing the default playback quality. Furthermore, we showed
that exploiting these intent information can be a promising
idea for interesting bandwidth allocation and saving as it
can be seen in Table 2. This can be done based on the fact
that videos can be assigned to different intent categories. An
allocation based on these intents could help to share band-
width in a way that the QoE is maximized over all users,
or at least, group of users. This would prevent to waste
bandwidth by always trying to provide the highest possible
quality. This could lead to another important side effect
namely saving energy.
The problem of saving energy in the context of online

videos has been recently addressed in [7]. The authors looked
at the energy consumption caused by different video codecs
and video resolutions. A potential problem regarding the
applicability of the proposed method is that they have to in-
crease end user awareness and somehow interact with her/him.
This can be a challenge as users are generally unwilling
when it comes to providing additional information which are
not directly associated with their initial goal (streaming a
video). Since our system can work independently to the user
willingness to cooperate, it could be interesting to further
exploit our approach, now for its energy saving potential.
Furthermore, in terms of implementation, it could be very

interesting to use DASH 6. In this scenario, the angle would
be changed from just how-much-bandwidth-do-we-have based
methods to something more user centred. For example, lets
assume the system knows that it has 60 users which want to
get entertained, but also 200 users who just want to listen
to music. A higher bandwidth (for the better quality) would
then only be needed for 60 users who have a need for it, and
the rest could be satisfied with the lower bandwidth. This
information could be used at the point when the system allo-
cates the bandwidth for the users. It would be an especially
interesting alternative when we take the global aspect and
the billion of possible users into account and thus its great
bandwidth and energy saving potential. This paper is of
course just a small step in this direction but the most im-
portant insight is the relation between the quality expected

6http://dashif.org/mpeg-dash/
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by the user and the producer intent, which reflects the user
intent in most cases, as a valuable source of information.
A possible limitation of the proposed method is the fact

that, it only makes sense in services where the user can
search for videos freely like Youtube or Vimeo. Using it
in services like Netflix or HBO which have a clear intent
before the users start using the service, i.e. in that case
get entertained, does not seem useful. However, it can not
be seen as completely useless because the insights of such
a system may be used by these very specialized portals to
improve the QoE of their users. For example, it may be
interesting to systematically provide low level quality videos
on a news video service because the majority of the users will
be satisfied with the lower quality level.
Finally, we want to point out that our approach is not only

based on the user behaviour or the content. As observed in
the experiment section, the user tests showed that users ac-
cept lower quality for videos with the intent of information
or experience. For these videos, the being in the background,
just partially visible or just looking at the content approach
would not work well or at all, because it misses the real un-
derstanding of the user need. In that case, it makes sense
to look at the producer intent. The two approaches are
of course complementary and the idea is to adapt the sys-
tem based on the users feedback but mainly in the sense of
learning the intent and the lowest video quality acceptable
without impiding a good QoE. Therefore, in a way, we se-
cretly entice the user to using a lower quality without letting
them be aware of it. Of course, there will be users that will
be unsatisfied and increase the quality but if the main part
of the users accept it, bandwidth will still be saved.

6. CONCLUSION
We presented a novel system able to detect a social signal,

namely the producers intent and showed that it is related
to the users intent for watching a video. We discussed it
in context of potential bandwidth and energy saving. The
detection of the intent is based on the content, metadata
and user related information. Based on the partially imple-
mented system classification, we provided different quality
levels to the user. We performed a user study that revealed,
that users agree about the producers intent and that they
were more satisfied by our system preset qualities than the
standard quality setting. This is a strong indicator that such
a system can be a new way to look at means to provide con-
tent to the users. The next steps include collecting a large
scale dataset and conduct experiments over a longer period
of time. In future experiments we will also collect informa-
tion about bandwidth and energy usage levels. This will give
us more accurate insight of the possible saving potential.
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