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Abstract—In this paper, we consider the problem of cognitive
video streaming in video on demand (VoD) services. The focus
lies on quantities that are indicative of the quality of experience
(QoE) of the subscriber, such as playtime ratio, probability of
return, probability of replay and startup time. Especially, in
this paper, we develop and evaluate a playtime prediction tool.
For this purpose, the applicability of different machine learning
algorithms such as k-nearest neighbor, neural network regression,
and survival models is investigated; then, we develop an approach
to identify the most relevant factors that contributed to the
prediction. The proposed approaches are tested by means of a
data set provided by Comcast.

Keywords—Video quality of service (QoS), quality of experience
(QoE), internet video, human factors, mean opinion score (MOS),
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I. INTRODUCTION

With individualized programming, there is tremendous
strain on the video streaming infrastructure. However, there
is also a tremendous opportunity to use it effectively and
profitably: how should precious bandwidth be adaptively ap-
portioned to each user? This would seem exactly the issue that
the well-studied cognitive network faces, viz., to use feedback
(of load, forecast, spectrum, other users’ demands) for opti-
mal allocation of resources. However, there is a fundamental
difference: the information and entertainment media consumer
defines acceptable quality of experience (QoE) in a subjective
way. First and foremost, a viewer would like a video to start
without delay, continue to play without any buffering events
and have very good picture quality all the while; for a content
provider, this would mean that all the quality of service (QoS)
features of the streaming video are well maintained. Good
quality streaming alone does not satisfy a viewer; a viewer
expects the contents of the video to be likable, and suitable for
the time of viewing — this would mean that the entire (video)
resource has to be made readily available to the viewer’s
personal preferences. Considering that the viewers, numbered
in tens of millions, are geographically scattered across the
nation, it is logistically challenging to the content provider
to facilitate the availability of any video, anytime, anywhere
with guaranteed QoS for all the viewers.

Many approaches for adaptive video streaming have been
published in the literature [21], [1], [12], [16], [13], [5], [9].
Most of the adaptive streaming strategies suggest to adapt the
bitrate uisng metrics derived based on buffering events [15],
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[10]. Other than adaptive streaming, there are several works
in the literature suggesting various approaches to enhance a
specific aspect of QoE; in [2], an approach is suggested to
enhance the accessibility in shared video forums; [3] suggests
to exploit concurrent viewers and use of peer-to-peer P2P in
order to offload some of the workload of the content servers;
an approach for client side server selection is presented in [18];
in [20] the QoE is modeled based on a packet loss model; in
[22], [23], the QoE is modeled in terms of the QoS factors
such as loss, delay and jitter; and [6] talks about providing
good quality video while being aware of the bandwidth quota
of the user.

We envision a cognitive video streaming strategy [19] that
is able to keep the entire swath of customers at maximal
satisfaction by QoS standards; this is achieved by cognitive
learning of user expectations, network traffic prediction, timely
identification of anomalous behaviors and potential threats,
content management and load forecasting by accounting for the
effects due to content, viewer, QoS, season and other external
factors.

It is observed that most of the opened videos are not
completely watched by the viewers at once. The nature of
completion of a particular video changes from viewer to
viewer; some videos get abandoned in the process of “brows-
ing”; some videos are terminated by the viewer because of
lengthy buffering and other QoS issues; and some videos are
“temporarily” abandoned to be continued later. Once a viewer
starts playing a video, knowing the remaining playtime of that
video is a useful information to the content provider in order
to ensure adequate QoE to the viewer; the knowledge of the
remaining playtime can be used to allocate server bandwidth
to the user; it can be used to device a more appropriate
adaptive bitrate switching scheme; and the prior knowledge
of a video getting abandoned by the viewer can be used to
recommend better videos at the first place. In the network
level, the predicted playtime of each viewing session is a useful
information for predicting and managing network traffic.

The rest of the paper is organized as follows: The proposed
playtime prediction tool is introduced in Section II. Section
III describes the data sets used in the experimentations of
this paper. Three approaches for playtime prediction are sum-
marized in Section IV. Numerical results based on collected
data is presented in Section V and the paper is concluded in
Section VI.
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Fig. 1: Typical video viewing session. The purpose of the
playtime prediction tool (PPT) is to estimate the remaining
playtime at the current point in time to.

II. PLAYTIME PREDICTION TooL (PPT)

Figure 1 shows a typical sequence of events in a viewing
session. The session starts when the viewer requests a video.
The request may go through an authentication process for non-
public videos and then, the video starts buffering into the local
player. The amount of video being buffered (before the first
video frame starts playing) depends on various factors such as
the player or the bandwidth. Once a certain portion of the
video buffer is filled, the video starts playing in the local
player. If the streaming rate is poor, the video player might
be forced to temporarily stop playing the video due to an
empty buffer. As soon as the buffer is filled again, playing
resumes. Nowadays, most streaming protocols use adaptive
bitrate switching — meaning the bitrate is adapted dynamically
in order to get the best possible video quality for the current
bandwidth. The viewing session ends when the entire video is
finished playing or when the viewer actively closes that video.

In this work, we aim at developing an online playtime
prediction tool (PPT) that estimates a prediction of the remain-
ing playtime in a viewing session, see Figure 1. Technically,
the tool may run on either the client side or the server side.
The most similar work [11] aims at developing methods for
predicting the playtime of completed sessions.

In order to perform playtime prediction, the tool exploits
protocol data reported by the video player. Typically this data
contains high-level information about the video session such
as in Figure 1. Content related features, e.g., the popularity of
the video, also play an important role. A detailed description
of the features used in this work will be given in Section III.

We propose to exploit previously logged protocol data in
order to “learn” a playtime predictor using machine learning
algorithms. In general, a playtime predictor can be ‘“set up”
for specific users, particular VoD assets, or a group of users.

III. COMCAST DATA SET: FEATURES

Our work is based on a data set from the video-on-demand
streaming service Xfinity On Demand from Comcast. The
available data was logged by the video players and consists
of a sequence of events that are attached with time stamps,
device ids, and further information. Specifically, we use the
following logged events:

e  Opening: Indicates that a new viewing session is
opened. An asset id is available for identifying the
content.
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e  Playing: Video starts playing.

e  Buffering: The player starts buffering; the video is not
played anymore.

e  Paused: User triggered pausing of the video.

e Closing: Video stopped because of a user triggered
event or the stream ends.

e  Bitrate switched: Indicates that the bitrate is changed
and gives the new bitrate.

We define a viewing session as the events between the
opening and closing events at a particular device.

Based upon the above described events, we determine the
following session features that potentially affect the playtime
and the QoE. QoS related features are session attributes that
are dynamically collected during an ongoing viewing session.
Hence, these features depend on the time ¢ that elapsed since
the opening event.

e  Total playtime until ty: PLT(tg)

e Total pause time until to: PAT(to)

e Total buffering time until to: BUT(¢o)

e Average bitrate until to: BR(to)

e Number of paused events until to: NRP(t()

e Number of buffering events until to: NRB(to)
o  Startup time: STT

e Average Frame Rate: FR(tg)

BUT(to)

e Buffering ratio until to: BUR(tg) = BT (i0) TBUT(g)

Of course, there may be strong correlations among features.
For example, number of buffering events and total buffering
time are probably correlated. For the buffering ratio and the
playtime, there is even a functional relationship. It is part of
this work to figure out which features are best for predicting
the playtime.

IV. METHODS FOR PLAYTIME PREDICTION

In this section, we introduce several approaches for play-
time prediction at a single specific time ¢y. Hence, we can omit
to in the notations in the remainder of this paper.

A. Linear Least Squares Prediction

A simple prediction model of playtime is a linear combi-
nation of the observed features:

N
yi= > knTin (0
n=1

where z; ,, is the n*® observed feature corresponding to the
i*" viewing session, and y; is the playtime. The parameter

k = [ki,ko,...,kn,] can be estimated by collecting the
observation pairs {y;,x;} where x; = [z;1,%i1,... 7;z:i,N‘,t]T
fori=1,..., M, ie.,

k= (X"X)"' X"y )



T
where y = [y1,2,...,yn]” and X = [xT, xT,...,x5]".

. T
For a given observed feature x; = [z;1,%j1,...,2ZjN,] »

the predicted playtime is given as

g =x'k 3)

B. k-Nearest Neighbor Method

In the k-nearest neighbor approach, the target and feature
pairs {y,X} are kept as training-data. Given the observed
feature x;, first, the following distance metric is computed

di.,j = D(Xi,Xj) (4)

where D(x;,x;) is a distance measure between the arguments
x; and x;. Let y* correspond to the playtime of the first k
of the smallest distance measures. Now, i/, is obtained in two
different ways: (i) mean of y*, (ii) median of y*. The median
is robust to anomalies and outliers.

C. Survival Models

Survival modeling has found wide applications in a number
of areas, including medicine [8] and equipment failure analysis
[17]. Survival modeling was employed to derive a QoE metric
in [7]. In this section, we briefly describe how survival models
can be used for playtime prediction.

Let £ be the time of termination of a particular video. The
probability density function of £ can be written as

Pe(t) = £(1) )
where f(t) is also known as the survival density function.

The cumulative probability distribution function of &

t

FO) = Pe<n= [ S ©)
0

is the fraction of the videos terminated at time ¢. The remaining

(still playing) portion of videos is given by

R(t) = P(¢ > 1) =1 — F(t) ™)
where R(t) is also known as the reliability.

Given that a video has survived until time ¢, it is often of
interest to know the probability that it will be terminated in
the next moment, i.e.,

ft)
h(t) = f(tlE > t) = == 8
(1) = f(tle > 1) = 1 ®)
denotes the instantaneous risk or hazard of the system. It must
be noted that as ¢ increases, the hazard (or the risk of being
terminated) increases regardless of the shape of f(t). Let us
rewrite (8) as

ht) = 1if(1?(t) - 1€/gzt) B *}JZ((;)) ®
Integrating both sides of (9)
_ /0 " h(u)du = In R(1) (10)
Hence,
R(t) :exp{ —H(t)} (11)
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where H(t) = fg h(u)du is the cumulative hazard function.

Using (7) and (11)
1-F(@) =
f(t)

exp { — H(t)}
h(t) exp { - H(t)} (12)

So far it was assumed that f(¢) (and hence R(t) and h(t))
are all functions of time only. However, all of these functions
are dependent on features x = {x;}, or covariates. The
proportional hazard function, proposed by Cox [8], suggests
to separate the time-dependent and feature-dependent hazards
as follows:

h(t,x) = A(t) exp {b"x} (13)

where A(t) is the baseline time-dependent hazard function, x;
is the covariate, and b; is the coefficient corresponding to the
i*® covariate, x;. Now, (11) and (12) are rewritten as

[ =
R(t) =

A(t) exp {bTx — A(t)ebTx} (14)
exp { — A(t)ebTx} (15)

where A(t) = fg A(u)du. Cox suggested that the the model
parameters b can be estimated independent of A(t) by maxi-
mizing the partial likelihoods. Once b is estimated, there are
several approaches in the literature to model and estimate (the
parameters of) A(¢). Once the parameters are estimated, the
remaining playtime can be computed as

_Ja - w)fi(t)dt
Y Rj(u)

where f;(t) and R;(u) are obtained by substituting x; for x
in (14) and (15), respectively, and « is the time elapsed.

16)

An advantage of the survival model-based approaches
described above is that the playtime prediction can be updated
as the video progresses. In this paper, we assume A(t) = \.

D. Neural Networks

The playtime can be modeled as a function of the observed
features using artificial neural networks (e.g., multi-layer per-
ceptrons)

yi = F(xi, {wir} 50 a7

where w; , are different weights and Ny, is the number of
layers and Nj, is the number of hidden nodes. Given a set
of (past) training data y, X, there are several approaches to
learn the weights [14]. A trained neural network can be used
to predict the playtime for a given feature set x;.

V. SIMULATION STUDIES

In this section, we evaluate the proposed approaches using
data from 8808 viewing sessions. We focus on the first 8
minutes as we try to detect early quitters due to the low
streaming quality. All the viewing sessions occurred on the
same day. A portion of this data is randomly selected and
denoted as the “learning” data set, and the rest is kept for
testing. Each feature in the testing data is used for predicting its



playtime. This procedure is repeated for 10 Monte-Carlo runs
(note that portion of the data for learning is selected randomly).
The following features are used in our current analysis: number
of buffering events, number of paused events, inter buffering
time, startup time, average bit rate, and buffering ratio.

A. Performance Metrics

In this section, we use the algorithms introduced in Section
IV for playtime prediction and assess their performance. Due
to lack of knowledge about any statistical properties of the
playtime, it is important to use several, relevant metrics for
the assessment of playtime prediction. We use the following
four metrics for this purpose.

1) Normalized Mean-Squared Error (NMSE): This metric
gives an insight about the error in playtime prediction of

I A
NMSE = - <—) (18)

i=1 Yi

2) R? Fit: The coefficient of determination, R2, gives an
insight into how well the data points fit the statistical model
used in the playtime prediction. A value of R? = 1 indicates
perfect fit and smaller the R? the poorer the fit is.

(yi — 9:)°

M-

1

R*=1-" (19)

(yi —9)

NE

o
Il
—_

where § = ﬁ Zf\il Yi-

3) Ratio of Predicted and True Greater than r: The play-
time is a quantity that can generally vary anywhere from less
than 1 minute to several hours. A prediction error of 1 min
is significant if the actual playtime is 5 min; however, it is
not so significant if the actual playtime is 2 hours. The NMSE
captures this through normalization; however, the following
metric captures this error in a different light.

#lio ]
M
where # {-} denotes the number of times the argument is true.

RG(r) (20)

4) Ratio of Predicted and True Less than 1/r: Similar to
RG(r), the following metric capture the ratio of instances
when the prediction was significantly smaller than the true
value of playtime.

RL(1/r) = #{ZM< %} 1)

B. Feature Selection

With N features there are 2V — 1 possible selections
from them. Although it might be thought that more is better,
in machine learning one can be subject to the “curse of
dimensionality”: extra features that are uninformative actually
hurt performance by “fitting the noise”. In Figure 3, we show
the performances with respect to the NMSE plotted against
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Fig. 3: Median NMSE.

a binary representation of feature combinations, from 1 to
2N _ 1. Each time, half the dataset is randomly selected and
used for learning and the playtime prediction is performed on
the rest of the data. This procedure is repeated for 10 Monte-
Carlo runs (This is called 10 x 2 cross validation.) and the
median is plotted in Figure 3. There are six subplots showing
the results of different playtime prediction approaches: Sur-
vival modeling, k-nearest neighbor (mean), k-nearest neighbor
(median), LS, neural networks and random. In “random”
approach, we randomly select a playtime from the training data
set. The above analysis can also be performed with the other
performance metrics discussed in Section V-A, i.e., median
R?, median RG(r), and median RL(1/7).

Next, we focus on a single playtime prediction approach
and try to select the best feature set (out of 2V — 1) for
online prediction. We select the neural networks approach for
this evaluation. The objective of feature selection is to find
the features that gives the best result across all performance
metrics defined in Section V-A.

Table I shows the first six feature sets ranked according
to each of the performance metrics: R?, NMSE, RG(2) and
RL(0.5). For example, the features corresponding to the binary
number 61, i.e., NRB, IBT, STT, BR and BUR, give the
best performance according to the R2, NMSE and RG(2)
whereas the features corresponding to the binary number 41,
i.e., NRB, STT, and BUR, give the best performance according
to RL(0.5).

We employ the Borda count [4] method in order to select
the feature sets based on all four evaluation metrics. For
each feature ID (binary number) in Table I, the Borda count
gives a point based on the ranking of that ID in each of the
four evaluation metrics. Then, the feature ID having the most
Borda points is selected as the best feature set in terms of all
four evaluation metrics. Table II summarizes the Borda count
procedure in selecting the best feature set. For this particular
example, the feature ID 61 is ranked first. Hence, for neural
network approach, the features NRB, IBT, STT, BR and BUR
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Fig. 2: Histogram of features.

TABLE I: Performance Metrics

Feature Combination ID f1 2 3 f5 fo 7 R2 NMSE RG(2) RL(0.5)
61 X X X X X 0.74479 1.1028 0.19743 0.074251
55 X X X X X 0.73473 1.1427 0.22604 0.073569
63 X X X X X X 0.71984 1.1738 0.24353 0.068233
57 X X X X 0.71637 | 1.1788 | 0.25386 | 0.059378
59 X X X X X 0.7162 1.1766 0.25079 0.065054
49 X X X 0.71531 1.1683 0.2584 0.066417
61 X X X X X 0.74479 1.1028 0.19743 0.074251
55 X X X X X 0.73473 1.1427 0.22604 0.073569
49 X X X 0.71531 1.1683 0.2584 0.066417
63 X X X X X X 0.71984 1.1738 0.24353 0.068233
59 X X X X X 0.7162 1.1766 | 0.25079 | 0.065054
57 X X X X 0.71637 1.1788 0.25386 0.059378
61 X X X X X 0.74479 1.1028 0.19743 0.074251
37 X X X 0.69295 1.2289 0.2072 0.070391
36 X X 0.54402 1.4849 0.21946 0.067666
55 X X X X X 0.73473 1.1427 0.22604 0.073569
45 X X X X 0.65841 1.2883 | 0.23399 | 0.073683
63 X X X X X X 0.71984 | 1.1738 | 0.24353 | 0.068233
41 X X X 0.65943 | 1.2865 | 0.28213 | 0.043824
53 X X X X 0.71386 1.1796 0.271 0.057788
57 X X X X 0.71637 1.1788 0.25386 0.059378
39 X X X X 0.67346 1.2644 0.25318 0.060513
59 X X X X X 0.7162 1.1766 0.25079 0.065054
33 X X 0.65471 1.2997 0.31903 0.065622
Total Features 23 10 14 14 18 24

will be used for online playtime prediction. The features are
selected in a similar fashion for the rest of the five playtime
prediction methods.

C. Playtime Prediction Results

Assuming that the best features are selected offline based
on the approach described in the previous section, in this
section we show the online playtime prediction results of each
approach. Figure 4 shows a scatter plot of true vs. predicted
playtime. Each subplot corresponds to the prediction approach
mentioned in the title. For each approach, the feature ID cor-
responding to the top Borda count is displayed in parenthesis
as well. Ideally, the scatter plot has to look like a line from
the origin with gradient 1; the “thickness” of the scatter as
well as “concentrations” at off-diagonal places indicate the
error in predictions. Figure 5 shows the prediction errors as
a histogram; a “thin” histogram implies good prediction.
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Survival (60)

k-nearest neighbor (mean) (33)

Predicted play-time (min)

4
True play-time (min)

Fig. 4: Scatter plot of true vs. predicted playtime.

VI. CONCLUSIONS

In this paper, we argue that the predicted playtime is
a strong indicator of the quality of experience (QoE) in
video-on-demand (VoD) services. Online predicted playtime
allows the content delivery service provider to allocate video
server resources efficiently and to provide user-specific video
recommendations, both of which contributes towards enhanced
QoE of the viewer. We demonstrate playtime prediction using
three novel approaches on Comcast’s video on demand service
- Xfinity. Furthermore, we developed an approach to detect
significant features that contributed to the predicted playtime
and to prioritize the response by the content provider.
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TABLE II: Feature Ranking Based on Borda Count

(11

(21

(31

(4]

Feature ID Rank: R2 Rank: NMSE Rank: RG(2) Rank: RL(0.5) Borda Count Borda Rank
61 1 1 1 13 40 1
55 2 2 4 11 37 2
57 4 6 9 3 34 3
59 5 5 7 5 34 3
63 3 4 6 9 34 3
49 6 3 10 7 30 4
53 7 7 11 2 29 5
37 8 8 2 10 28 6
39 9 9 8 4 26 7
41 10 10 12 1 23 8
36 13 13 3 8 19 9
45 11 11 5 12 17 10
33 12 12 13 6 13 11
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