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Abstract

The ever-increasing mobile video services and users’ demand for better video
quality have boosted research into the video Quality-of-Experience. Recently,
the concept of Quality-of-Experience has evolved to Quality-of-Engagement, a
more actionable metric to evaluate users’ engagement to the video services and
directly relate to the service providers’ revenue model. Existing works on user
engagement mostly adopt uniform models to quantify the engagement level of
all users, overlooking the essential distinction of individual users. In this pa-
per, we first conduct a large-scale measurement study on a real-world data set
to demonstrate the dramatic discrepancy in user engagement, which implies
that a uniform model is not expressive enough to characterize the distinctive
engagement pattern of each user. To address this problem, we propose PE, a
personalized user engagement model for mobile videos, which, for the first time,
addresses the user diversity in the engagement modeling. Evaluation results on
a real-world data set show that our system significantly outperforms the uniform
engagement models, with a 19.14% performance gain.
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1. Introduction

The increasing prevalence of mobile devices has triggered an exponential
growth in mobile video services. It is estimated that, by the end of 2018, mobile
video will account for over two-thirds of the world’s mobile data traffic [1]. In
the wake of the development of screen size and computation power of mobile
devices, users have a higher demand on the viewing experience. To cater for
such needs, it is essential to accurately assess video quality.

The assessment of video quality has been widely studied by the multime-
dia community for a long time. Pioneer researchers have tried to quantify and
improve users’ viewing experience by optimizing quality-of-service (QoS) pa-
rameters [2, 3, 4, 5]. Although such QoS parameters are objective and easy to
measure, their relationships to users’ viewing experience are hard to quantify.
To evaluate video viewing experience from the user’s perspective, the concept
of Quality-of-Experience has been proposed. A plethora of works try to solicit
users’ opinion evaluation score by conducting subjective tests [6, 7, 8, 9]. How-
ever, such subjective tests inevitably involve lots of human participation, thus
are often in small scale due to the high cost.

In recent years, the concept of Quality-of-Experience has involved to Quality-
of-Engagement. The user engagement, compared with the subjective and hard-
to-measure user perceptual experience, is a more actionable metric to evaluate
user’s satisfaction with the video service and directly related to the service
providers’ revenue model [10]. As various parties are involved in the video ser-
vice ecosystem, the user engagement can be evaluated from different angles.
As a pioneer, Dobrian et al. collected a large-scale data set via client-side in-
strumentation and investigated how the video quality parameters affect the user
engagement from the content provider’s perspective [11]. The authors in [12, 13]
developed a decision-tree-based engagement model to quantify the relationship
between video-delivering QoS parameters and user engagement, which can help
the design of content providers. Also, the authors in [14] examined the causal

relationship between video quality and viewer behavior from the perspective
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of content delivery network (CDN) owner, while another study utilized mas-
sive network-provider-side data to measure the impact of network dynamics on
users’ engagement in mobile video services [15]. Generally, these works leverage
the power of machine learning and big data to reveal the complicated relation-
ship between user engagement and confounding factors. Nevertheless, all of the
existing models are built upon the entire user data set, averaging the effect
of confounding factors on all users. When applied to individual users, such a
uniform model may fail to characterize the distinctive patterns of personal user
engagement.

To investigate users’ differences in their engagement patterns, we collect a
large-scale video streaming data set from the core network of a tier-1 cellular
network in China. We first study the impact of the downlink throughput, which
is an important factor from the perspective of network provider, on the user en-
gagement in mobile video services. The result indicates that the same factor
may have distinctive effects on different users. To further investigate the effect
of user diversity on engagement modeling, we employ a wildly-used machine
learning algorithm, i.e., gradient boosted regression tree (GBRT) [16] to build
a uniform user engagement model with data of all users, and individual user
engagement models for selected users. Comparing individual models with the
uniform model, we find that the model parameters of a specific user are consid-
erably different from those of other users, as well as the uniform model. This
implies that a uniform model is insufficient to comprehensively characterize the
engagement level of individual users.

To gain a more accurate and fine-grained insight into user engagement, we
need a personalized user engagement model which can comprehensively capture
the user diversity. To achieve such a goal, there are several challenges: (1)
The data set consists of millions of users, and building personalized engagement
models for such a large user population is quite difficult. (2) The number of
videos watched by each user is rather small compared with the total number
of videos in the data set, insulting in a highly sparse viewing record, which

makes it hard to build accurate models for each user. (3) While soliciting
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information from accessory data sources is a potential solution to the sparsity
problem, seamless integration of the information from various data sources is a
non-trivial problem.

To tackle the above challenges, in this paper, we propose PE, a personalized
quality of user engagement model for mobile videos from the perspective of
mobile network provider, which takes user diversity into account and thus can
provide a more accurate and fine-grained modeling. PE collaboratively learns
the individual model for each user via matrix factorization and exploits the side
information from other data sources to alleviate the data sparsity problem. The
evaluations on a real-world data set show that PE significantly outperforms
state-of-the-art user engagement models with a 19.14% performance gain.

With our system, mobile network providers can gain a more accurate under-
standing of user engagement with their services. Such knowledge can help them
better invest network resources and perform case-by-case optimization [10].
Moreover, though our current implementation serves the need of mobile net-
work providers, PE can easily be extended to meet the requirement of other
service providers, e.g., video content provider and CDN owner.

Our key contributions lie in three aspects:

e Our experiment on a large-scale video streaming data set demonstrates
a significant user diversity in user engagement, which implies that the

uniform model is insufficient for accurate engagement modeling.

e To the best of our knowledge, we are the first to propose a personalized
user engagement model for mobile videos from the perspective of mobile
network operators. This model can comprehensively capture the dramatic

user diversity and provide a more accurate assessment of user engagement.

e We collect a massive video-related data set from a tier-1 network operator
in China and perform a thorough evaluation of our system. The exper-
iment results indicate our system can bring a 19.14% performance gain

with respect to state-of-the-art user engagement models.
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The rest of this paper is organized as follows. Section 2 defines the problem
scope and validates the user diversity on a real-world data set. Section 3 formu-
lates the problem and introduces the architecture of our system and Section 4
discusses the design of our personalized user engagement model. The evalua-
tion results are reported in Section 5, followed with a related work review in

Section 6 and conclusion in Section 7.

2. Problem Definition

Existing user engagement models are built upon the entire user data set,
averaging the effect of factors on all users [10]. However, as users’ viewing
behavior diversifies, we expect the effects of these confounding factors to be
disparate for different users and such diversity would affect the modeling of
user engagement. To validate this, two natural questions follow: (1) Is there
diversity in user engagement patterns? (2) If yes, how does such
user diversity affect the user engagement modeling?

In this section, we first define the engagement metric, then provide answers

to the above two questions with experiments on a real-world data set.

2.1. Quantifying User Engagement

To quantify user engagement from the perspective of mobile network provider,
we collect a large-scale anonymized IP flow trace from a tier-1 cellular network
provider in China [17], which contains information of more than 8 million users
and covers a large metropolitan area in one of the biggest cities in China from
August 1st, 2014 to September 2nd, 2014 (the city name is anonymized for pri-
vacy issues). Through filtering and combining raw IP flow traces and signaling
messages, we can obtain a fine-grained view of all mobile video sessions.

From the perspective of mobile network operators, fewer abandoned video-
sessions and more downloading traffic is desirable, since a higher data usage
results in a higher profit according to most revenue models of mobile network

providers. Therefore, the download ratio is often used as a metric to measure
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Figure 1: The correlation between video download ratio and average downlink throughput

during the video session for 100 random users.

the user engagement from the perspective of network provider [15]:

downloaded bytes
video file size in bytes’

(1)

Download ratio r =

In this paper, we will use this metric to quantify the user engagement, as it
can be accurately measured from the network provider side. We understand that
the download ratio can only capture the downloading phase of video streaming,
but not users’ behaviors after video download, e.g., users may not watch the
whole downloaded video due to lack of interest. Nevertheless, such events are
out of the control of mobile network providers. Besides, other user engagement
metrics suffer a similar problem, e.g., video-played time can not reflect user

engagement if the video is played in the background [12].

2.2. Validation of User Diversity

To find the answer to the first question on the existence of user diversity,
we randomly select 100 users and compute the Pearson correlation coefficient

between the download ratio and an important network quality indicator, i.e.,
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Figure 2: Feature importance of individual models and uniform model.

downlink throughput, for each user. Figure 1 shows that, the correlations be-
tween download ratio and downlink throughput change dramatically, spanning
from -0.15 to 0.9. This variation indicates that the impact of downlink through-
put on user engagement is quite diversified.

To further examine the second question of how such user diversity affects the
engagement modeling, we adopt a mature machine learning algorithm, gradient
boosted regression trees (GBRT) [16], to model the relationship between the
user engagement and video-streaming-related features. We first feed all users’
records into GBRT and build a uniform model. Then, we randomly select 10
users, each with a relatively rich video viewing record, and train individual
models for each user. The comparison of the individual models and the uniform
model is reported in Figure 2. Two interesting observations can be made. The
first is that there exists a significant diversity in the feature importance of
these 10 individual models, which corroborates our findings in the previous
experiment on downlink throughput. For example, in the 8-th individual model,

the feature importance of download delay is smaller than 0.2, but this feature
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is weighted more than 0.5 in the 4-th individual model. Another observation is
that the uniform model does not fit individual models well. The relative feature
importance of the uniform model actually diverge from individual models, which
implies that the uniform model only captures the average viewing patterns of

users, but overlooks the diversity among individual users.

3. Design Overview

In this section, we introduce our data set, define the scope of our problem,

then outline the architecture of our system.

3.1. Data Set

To build a reliable user engagement model, we have collected a large-scale
data set from a tier-1 cellular network provider in China [17], which contains
more than 8 million users and covers a large metropolitan area in one of the
biggest cities in China from August 1st, 2014 to September 2nd, 2014.

This data set contains information from two data sources. On data source
the raw IP flow trace captured from the links between the serving GPRS sup-
port nodes (SGSN) and the gateway GPRS support nodes (GGSN) in the core
network of a 3G cellular network. It contains the flow-level information of all
the IP traffic carried in the packet data protocol (PDP) context tunnels, that is,
flows that are sent to and from mobile devices. This trace includes: start and
end timestamps, anonymized user identifiers, traffic volume in terms of bytes,
packet numbers for each flow, application information and location information.
All user identifiers are anonymized to protect privacy without affecting our anal-
ysis. The other data source is the information from the user profile database,
which is managed by cellular network operators to better understand users’
needs. These information consists of user’s demographic information, e.g., age,
gender, address, and data usage behavior, such as current data plan and data
usage in the last month. To protect user privacy, all user-related identifiers are

strictly anonymized and robust to de-anonymization.
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3.2. Data Formulation

By extracting and aggregating these raw data traces (details of raw data
processing are discussed in Section 3.3), we can obtain rich information about
each video session, including the network statistics during the video streaming,
the viewer demographic information, and their past viewing behavior patterns.

We formulate the processed data as follows:

e m users, each of whom has [ features. Let D,,«; denote the user feature

matrix.

e n videos, each of which is associated with h video features. Let S,xp

denote the video feature matrix.

® R,,xn is the user-video matrix, in which r;; is user ¢’s download ratio for
video j. Ry,xn is a highly sparse matrix (sparse rate ~ 99% ). Since there
are billions of videos and each user has only watched a tiny fraction of

them, many items of r;; are unknown.

In this context, modeling the user engagement is equivalent to building a
model which can accurately predict the missing values in the user-video matrix
R, based on the user feature matrix D and the video feature matrix S.

In the following subsection, we will discuss how to address the significant
user diversity in the user-video matrix R, and exploit the information from the
user feature matrix D and the video feature matrix S to alleviate the data

sparsity problem.

3.3. System Architecture

In this work, we leverage a collaborative approach to build a personalized
user engagement model, which is de facto a set of collaborative individual mod-
els. By collaboratively learning individual models for each user, this approach
would make a better use of individual historical data and discover the latent
connections hidden in users’ viewing traces. To alleviate the data sparsity prob-
lem, we utilize the collective matrix factorization [18] to learn side information

from the user feature matrix and the video feature matrix.



200

205

210

e —— ] ——— — — . —— — . — _________J
—_— T T T T TN K____L___— ’___L___\
3) User-feature (4) Video-feature 5 User-video

Matrix Matrix

\

Matrix |
|

|

|

Agglomerative Clustering‘ ‘ User-Video Engagement ‘

‘ User Feature Extraction

| |
| |
R
k j

l

|

|

Extraction !

t | !

‘ Video Feature Extraction | | )
— - =—==—=== _—_—_—_J_::::::::

’(2) Network Session \

| Statistics Engagement [

I £ |

| ‘ Raw Data Processing j
4 -

N
User IP Flow !
Database Trace )

(1)Data Input (2)Raw Data Processing (3)User Feature Extraction (4)Video Feature
Extraction (5)User-Video Extraction (6)Personalized User Engagement Model

Figure 3: System overview of PE.

As shown in figure 3, our system comprises six major components:

(1) Data input. Our system mainly exploits two major data sets. One
is the user profile database, which is operated by the network operator and
includes rich user-side information. The other one is the IP flow traces collected
from the core network of a 3G cellular network. It contains all the traffic traces
at the IP layer, which can be used to extract video downloading records and the
network quality during each video session. More information about this data
set is presented in section 3.1.

(2) Raw data processing. Since the IP flow trace includes traffic records
of all types of content, we first identify all video streaming flows by HTTP host
and content-type headers, then aggregate them into sessions. For each video
session, we extract and compute the corresponding network quality statistics
during this session. Also, since we conduct engagement modeling from the

network operator perspective, we compute the video download ratio as a metric

10
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of user engagement.

(3) User feature extraction. In order to provide better services, network
operators have collected rich user information, including personal profiles (e.g.,
age, gender) and usage behaviors (e.g., current data plan, bills and historical
data usage). To protect user privacy, all user-related identifiers are strictly
anonymized.

The user information can be very helpful for building a personalized model,
but there is an abundance of user features, and we need to filter out “minor”
features, which contain less information about users’ preferences, to prevent
the curse of dimensionality. This feature selection can be done via information
gain analysis, which is a standard approach to uncover relationships between
variables [19].

The underlying idea of information gain analysis is the entropy, which rep-
resents the informative level of a feature. The entropy of a random variable Y
is defined as I(Y) = =Y, P(Y = y;)logP(Y = y;), in which P(Y = y;) is the
probability of Y = y;, and the conditional entropy of Y given another random
variable X, i.e., I(Y]X), can be computed as }_, P(X = z;)I(Y|X = ;). The
information gain then can be defined as w To filter out features with
less information, we can compute the information gain of each feature and use
it as a measurement of feature importance. Due to page limitations, the details
are omitted.

Through the feature selection, we select 24 out of 70 user features. These
user features can be further categorized into two groups: (I) demographic in-
formation, which characterizes user population, e.g., age, gender. (II) usage
behavior, including current data plan, data traffic generated in last month, and
so on. Table 1 gives some examples of user features.

(4) Video feature extraction. A major purpose of studying user en-
gagement from the perspective of a network operator is to understand how it is
affected by the network quality variation. Thus, apart from primitive attributes
of videos (e.g., file size, CDN server host), we also exploit the network qual-

ity statistics during a video session as video-session-associated features of this

11



Table 1: user & video features

Domain | Feature Examples
Age
Demographic Gender
info. Living locale
User
Generated traffic in last month
features
Current data plan
Usage
Generated traffic in current month
behavior
Streaming service accessing time
File size
Video url
Video attributes
CDN server host
Video Streaming protocol
Session-
features Round-trip time (RTT)
associated
Average download speed
features
Time
Context
Location (cell id)

video. We select 13 important network quality statistics via information gain
analysis, and generally categorize them into three groups, i.e., video attributes,
session-associated features and context. Table 1 illustrates these video features.

A main concern of using the network quality as video feature is that a video
can be streamed under various network qualities and results in multiple video-
quality tuples in our data set, each of which corresponds to a specific network
quality combinations. This will result in an explosive size of the video feature

matrix. To reduce the computation complexity, we leverage agglomerative clus-
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tering [20] to aggregate video-feature tuples that have the same URL and are
streamed in a similar network quality condition into clusters. The number of
clusters is a trade-off between the computation complexity and the granularity
of network quality. After that, we merge videos that belong to the same cluster
together and define the video template as the mean of all video-feature tuples
in this cluster. Then, we represent the feature value of the video templates in a
matrix format and incorporate it into our model.

(5) User-video engagement extraction. In our system, we quantify user
engagement from the perspective of network operator via a continuous variable,
the download ratio, which ranges from 0 to one to represent the fraction of video
downloading. The data is transformed in a user-video matrix R, in which 7;; is
the download ratio of the video j by user i.

(6) Personalized user engagement model. To address the user diver-
sity, we choose to quantify the user engagement with a collaborative filtering
model. Also, to alleviate the data sparsity problem, we employ a collective
matrix factorization to integrate user- and video-feature data set. An in-depth

discussion is given in section 4.

3.4. Limitations

We acknowledge that there are several potential limitations in our current

system implementation:

e Download ratio as user engagement. Although the download ratio is
directly related to the revenue model of mobile network provider, it con-
strains our analysis within the downloading phase. Some user behaviors
after downloading, unobservable from the network side, can not be cap-
tured. However, as the download ratio can be accurately and objectively
measured from network side and other analysis also employ the same met-
ric [15], we use it as a start point for our analysis and our system can be

easily applied to other metrics of engagement.

e Data coverage over confounding factors. As our data set is col-

13
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lected from the network provider, several confounding factors that affect
engagement are not captured in our data set (e.g., video content and its
popularity). As a result, our currently implementation of PE only provides
a baseline performance and other data sources can be further integrated

to provide a more comprehensive and accurate engagement assessment.

4. Personalized User Engagement Model

After data modeling, we have the user feature matrix D, video feature matrix
S and user-video matrix R. Our goal is to build a personalized model to predict
the missing values in R, with the help of D and S.

To build a personalized engagement model, one intuitive solution is to build
an individual model for each user separately. However, this is impractical as
there are millions of users. Another possible alternative is to first cluster users
into groups, then build an independent model for each user group. This sounds
like a reasonable solution, but it is based on a strong assumption that users with
similar user features would behave analogously. This assumption poses a high
requirement for the quality of user features. If the user feature does not fully
capture the similarity of users on their engagement level, the clustering quality
will be poor and eventually degrade the model’s performance. Apart from that,
this approach also understates the behavior patterns hidden in the historical
data. For example, user ¢ and user j are quite similar according to their user
features, but indeed they behave in quite different ways (this may happen when
the similarity of user features does not perfectly reflect user behaviors). In this
case, even if there is adequate historical data records for both users, they will
still be clustered into the same user group and thus share a comprised model
which does not fit either of them.

To conquer the user diversity and data sparsity, we establish a model based
on the collective matrix factorization framework [18]. The basic idea is that, we

can first model each matrix via a low-rank approximation:

14
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User feature matrix: S

Video feature matrix: D

QoE matrix: R

Figure 4: Overview of personalized user engagement model.

D=U-P" (2)

S=v.Q" (3)

R=U-V" 4 pJyn + Bu - JF + Jm - BL, (4)
Buywv

where U, V., P and @ are latent factors, B, is the baseline predictor, u is the
average download ratio of all users, B,,, B, are user bias and video bias matrices,
and J, are matrices of all the ones in different dimensions as suggested by their
subscripts.

In this model, the user-video matrix R is approximated by the summation of
baseline predictor B, and the product of latent factors U and V. The baseline
predictor captures the basic engagement pattern and the bias introduced by each
user and video, with which we can alleviate the cold start problem [21]. Mean-
while, the lower-rank approximation part, U - V7, characterizes the fluctuation
caused by user and video diversity.

The rationale is that, by transforming both user and video to the same

15
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latent factor space, we can estimate users’ interest in these latent factors (i.e.,
U ) and the video’s extent of these factors (i.e., V). Each user ¢ and each video
j correspond to a preference vector 1; and score vector v, and the learning
procedure is conducted in a collaborative approach. We iteratively use all the
video data of user ¢ to help the training of user i’s preference vector, and feed
all data of users who watched video j into the model to learn the video score
vector v;.

This collaborative approach may still suffer from data sparsity problem as
only users or videos which have common interactions (i.e., users who have
watched the same video, or videos that are watched by the same user) would
collaborate. To further alleviate data sparsity, we also simultaneously factorize
user feature matrix D and video feature matrix S and intentionally let latent
factor U and V be shared among these factorizations. As a result, information
from D and S can be propagated to R, and thus help gain a better performance.
Figure 4 provides an intuitive overview of our model.

According to this model, we can formulate our objective function as:

L(BUdBv?Ua‘/?PaQ):

| Io(R=U-V" — pyn — Bu - Jy — Jm - BY) |3
[} «

+ 5 1o @=U-P) |7 +5 I so(S=V QM) ||
A

+ S UUIE+ 1V 1)
A2 2 | A3 2

+5 1Pl +5 1 QIIF

A A
+ 5 I Bulli +5 11 Bo II%, (5)

where a; and ao are the reconstruction weights which control the degree of
reconstruction and information sharing. The larger « is, the more important
the corresponding term is in loss function and propagates more information to
the others. \;,7 =1,2,...,5 are the regularization parameters, and I;,7 = 1,2,3

are the indicator matrices where I;; = 0 if the corresponding value is missing.
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Let the operator o denote the element-wise product of two matrices and || - || ¢
be the Frobenius norm.

In general, this objective function is not jointly convex, and we cannot get
a close-form solution for minimization of this objective function. Therefore, we
turn to search for a practical local optimal solution by gradient descent. More

specifically, the gradients of loss function are:

VBuL = E'r : (_Jn) + >\4Bu

Ve, L =EI (=Jn)+ B,
VoL =FE, - (-V)+a1Ep-(=P)+\U

(6)
VvL =Er' (-U)+a2Es-(—Q)+ MV
VpL =aiE} - (=U)+ XP
VoL = OCQE‘? . (—V) + A3Q
where F,, E4 and F, are the residual errors with respect to R, D and S.
Er:Ilo(R_U'VT_MJnLn_Bu'Jg_J"L'BZ)7 (7)
Ey=1I,0(D—U-P"), (8)
E,=Lo(S—V-Q"). (9)

With the gradients, we can resort to the gradient descent approach to itera-
tively minimize the objective function. The detail is described in Algorithm 1.
Although gradient descent can be quite straightforward, more efficient ap-
proaches, e.g., the stochastic approximation approach or a parallel version of
the gradient descent [22, 23, 24] can be adopted to improve training efficiency.

We will not discuss these algorithms in detail, as it is out of the scope of this

paper.

5. Evaluation

In this section, we evaluate our system using a real-world data set. We

start by comparing the model performance with three state-of-the-art baselines.

17



Algorithm 1 PE Solver

Require:
Maximum iteration number S, convergence threshold €;
User feature matrix D, video feature matrix S;
Sparse user-video matrix R.
Parameters set P = {p.|p« = {u, Bu, B, U,V, P,Q}}
Ensure:
Completed user-video matrix R.
1: 54+ 1;
2: while s < S and L — L6t > ¢ do
3 oy 1;
4:  Compute current residual error by Eq. 7;
5. Compute the gradients V,Lby Eq. 6;
6: while L(p, —~V,.L)> L(p,) do
T V=3
8: end while
0. BEHY Bl _ vai)” B+ — g _ “YV(B?,
10 UGHY — g _ ’va), V(s — () ’ng)
1. PG+ — p(s) _ 7V§§), QU+ = QW) — 'yvg)
122 s=s+1
13: end while
14: Predict with: R =U - VI + pdmn + By - JE + J,, - BY

15: return R

18
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Then, we investigate our system by studying how the different parameter set-
tings affect our system’s performance.

To conduct the experiments, we have implemented our model in Python 2.7
and ran it on an enterprise server machine with 24 Intel Xeon E5-2420@Q1.90GHz
CPUs, 120 GB memory and 100 TB hard disk.

5.1. Model Performance

To evaluate the effectiveness of personalized models, we employ three widely-
used and high-performance machine learning models as baselines: (1) decision
tree regressor, (2) random forest and (3)gradient boosted regression trees.

The decision tree is one of the most commonly-used machine learning models
in data-driven user engagement analysis [11, 13, 12], while the random forest
and gradient boosted regression trees are the ensemble learning models based
on decision tree, which introduce bagging and boosting techniques to achieve a
better performance [15, 16].

For baseline models, we transform our data set into a flat-table format, (user
features, video features, download ratio), in which download ratio is used as the
prediction label. Then, we find the best parameters for each model via a 10-
fold cross validation. The prediction performance is evaluated in terms of mean
absolute error (MAE) and root-mean-square error (RMSE). Given n tuples, let
r; and 7; be the real value and predicted value for the i-th tuple, the MAE and
RMSE are defined as follows:

1 n
MAE = — s — 7, 10
n;lr 7il (10)

RMSE — %i(m — )2, (11)

Although both MAE and RMSE are metrics for measuring error rate, there
are some subtle differences between them. As their names imply, the MAE is a
linear metric which means that all the individual errors are weighted equally in

the average, while the RMSE gives a relatively high weight to large errors and
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Figure 5: Model performance comparison.

thus it is more useful when large deviations are particularly undesirable. The
MAE and RMSE are used together to measure the variance in the individual
errors in the prediction. The greater the difference between them, the larger
the variance is [19].

Figure 5 shows the comparison of prediction performance of PE and base-
lines. We observe that, as the gradient boosted regression trees and random
forest leverage the ensemble power of a set of weak learners to build a better
model, they slightly outperform the basic decision tree model. However, as these
baseline models treat all users as a uniform group, they neglect the diversity
of user behavior. On the contrary, our model learns individual model for each
user with the help of information from user-video interactions, and rich side
information from other data sources. When compared with the best of baseline
models (i.e., gradient boosted regression trees), the performance improvement
is 19.14% and 12.20% in terms of MAE and RMSE, respectively, .

In the following subsections, we will study the performance of our system

under different parameter settings.
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5.2. Impact of Reconstruction Weights

The reconstruction weights, o1 and asg, control the importance of corre-
sponding matrix approximation in the loss function and the degree of informa-
tion propagation. For example, a large oy not only implies that more emphasis
is placed on the approximation of user feature matrix D in loss function, but
also suggests that more information should be learned from D.

To study the impact of these reconstruction weights, we vary the value of one
reconstruction weight each time and plot the dynamics of the model performance
in terms of the average MAE/RMSE and the standard deviation obtained from
the 10-fold cross validation.

Figure 6 demonstrates how the system performance changes as we vary the
value of oy while fixing as = 0.01. We notice that as the value of «; increases,
the error rate first decreases and then starts to rise. The reason is that, when oy
is small, our model cannot fully exploit the user-side information to understand
the similarity between users and therefore degrades the performance. However,

if the value of oy is too large, the contribution of the user feature matrix D
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would dominate in the loss function. This would restrain the approximation of
the user-video matrix, which will eventually downgrade the model performance.
The best value of a; in our experiment is 0.05.

A similar pattern can also be observed in the analysis of as. As shown in
Figure 7, the error rate starts to decrease as we enlarge the value of as, and
more information is propagated from the video feature matrix S. However, if
as keeps growing, more errors would be introduced as the approximation of
the video feature matrix S dominates in the loss function and thus reduces the
importance of filling the missing value in R. The optimal value of @y in our

experiment is 0.01.

5.3. Impact of Video Clustering Granularity

As we aim to understand the impact of network statistics on user engagement
in mobile video services, we utilize the network quality statistics during a video
session as features of this video. However, the fluctuation in network quality may
lead to a dramatic data explosion and therefore introduce a negative effect to
the overall performance. To alleviate this problem, we aggregate video-feature
tuples into video templates via agglomerative clustering. The extent of this
aggregation is controlled by a clustering granularity c. To understand the impact
of video clustering granularity on our system, we validate our system under
different cluster granularity settings and present the results in Figure 8.

A small clustering granularity ¢ aggregates more video-feature tuples into
a single video template. This can significantly reduce the data size, but also
introduce large deviations inside a video template. As a consequence, there
will be large prediction errors for video-feature tuples which are far away from
the video templates. On the other hand, if the value of ¢ is too large, the
video-feature tuples are barely aggregated, which again exposes the problem of
network quality variations. According to Figure 8, we set ¢ = 0.5 for our data

set.
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Figure 8: Impact of video clustering Figure 9: Impact of latent factors f. A
granularity c¢. A larger c¢ enables more small f can significantly compress infor-
video-feature tuples to be aggregated mation into a compact latent space with
into a single video template and reduce information loss, while a large f can bet-
the data sparsity, but also introduce ter capture the underlying pattern in the
large deviations inside single video tem- data, but may aggravate the data spar-

plate. sity problem.

5.4. Impact of Dimensionality of Latent Factor Space

As our model factorizes each user and video into two vectors in a latent factor
space of dimensionality f, a small f can significantly compress information into
a compact latent space, which can help conquer the data sparsity problem.
However, such information compression may also suffer from information loss
and thus cannot achieve the optimal performance. On the other hand, a large
f can help better capture the underlying pattern in the data, but bring about
a more serious data sparsity problem, which would introduce many errors for
users with a small number of watching records.

We plot the average and standard deviation of our system under different
values of f in Figure 9. We can observe that, the error rate first decreases when
the value of f increases, and achieves an optimum when f = 13. If we continue
to enlarge the value of f, the data sparsity problem will lead to performance

fluctuation.
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6. Related Work

Video quality assessment has long been studied in academia. Early works on
this area mainly focus on objective QoS metrics, e.g., video encoding rate [2, 25],
bitrate [26, 27] or network bandwidth [28, 29], and try to improve user’s ex-
perience by better QoS provision. However, as the video service is highly
user-centric, the practical improvement brought by these works is hard to be
validated [10]. To evaluate video quality from the user perspective, many re-
searchers have started to evaluate video quality-of-experience via subjective tests
in a controlled environment [6, 7, 10]. The high cost and human participation
in subjective tests is inevitable for such works and thus limits the scale of their
experiments.

In recent years, the concept of Quality-of-Experience has evolved to the
Quality-of-Engagement. The data-driven user engagement analysis for video
services has been boosted by the availability of massive data traces from service
providers and the fast development of big data processing techniques. Recent
literature on data-driven user engagement analysis mainly focus on understand-
ing the influence of different factors on user engagement. In these works, user
engagement is quantified from the different perspectives. For example, content
providers can quantify user engagement via the viewing time ratio [11], while
network service provider may employ the video download ratio [15] as a metric.
These metrics also conform with the business models of subscription-based or
advertisement-based video services, which is very important from the perspec-
tive of service providers. In [11], the authors studied the impact of start-up
delay, rebuffer time and encoding bitrate on user engagement. As an extension,
in [12, 13], the authors further investigated the impact of types of video, de-
vice and connectivity on user engagement and proposed a decision tree-based
prediction model to characterize the complicated relationship between user en-
gagement and confounding factors. In [15], Shafig and et al. studied how cellular
network metrics affect the video download ratio, and predict the download ratio

with a regression tree model. However, these existing user engagement models
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only quantify the average engagement of all users, while user diversity in the
engagement pattern has been overlooked. Our work on the personalized user

engagement model fills this gap.

7. Conclusion

Accurate and reliable user engagement assessment is the key to optimize the
video service quality. Our experiments on real-world data set reveal a significant
diversity in user engagement and a uniform user engagement model is not suffi-
cient to characterize the distinctive engagement patterns of different users. To
deal with this problem, we propose PE, a personalized user engagement model
for mobile videos from the perspective of cellular network providers, in which
the user diversity is well addressed. The evaluation results on a real-world data
set show that our personalized user engagement model outperforms uniform

models with a 19.14% performance gain.
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