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Abstract—Video transcoding in an adaptive bitrate streaming
(ABR) system is demanded to support video streaming over
heterogenous devices and varying networks. However, it could
incur a tremendous cost. Meanwhile, most viewers terminate
viewing sessions within 20% of their durations; only a small
fraction of each video is consumed. Built upon this user viewing
pattern, we propose a Partial Transcoding Scheme for content
management in media clouds. Particularly, each content is
encoded into different bitrates and split into segments. Some
of the segments are stored in cache, resulting in storage cost;
others are transcoded online in the case of cache miss, resulting in
computing cost. We aim to minimize the long-term overall cost by
determining whether a segment should be cached or transcoded
online. We formulate it as a constrained stochastic optimization
problem. Leveraging Lyapunov optimization framework and
Lagrangian relaxation, we design an online algorithm which
can achieve the optimal solution within provable upper bounds.
Experiments demonstrate that our proposed method can reduce
30% of operational cost, compared with the scheme of caching all
the segments.

Index Terms—Media cloud, partial transcoding scheme, user
viewing pattern, viewer behavior.

I. INTRODUCTION

V IDEO streaming has become one of the dominant contrib-
utors to Internet traffic. Only Netflix and YouTube make

up 50.31% of the downstream traffic during the peak period [1].
Meanwhile, global mobile video will increase 16-fold between
2012 and 2017, which accounts for over 66% of total mobile
data traffic [2]. However, limited and unstable bandwidth, and
diversity of mobile devices inherently deteriorate the user expe-
rience, triggering a tussle between the growing demand of video
traffic and quality of network service.
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Adaptive bitrate streaming [3] has been touted as an enabling
technology to support growing media consumption over het-
erogenous devices and different network conditions. In ABR, by
leveraging video transcoding [4], each video content is encoded
into different bitrates and resolutions, which can allow users
to receive appropriate bitrate stream to accommodate varying
network conditions and different types of user devices. It was
demonstrated in [5] that a video content could be encoded into
more than 40 versions to meet the requirements of different
kinds of user devices and network conditions. However, consid-
ering the sheer volume of ABR files, it consumes tremendous
computing resource and storage resource to encode the video
contents into different bitrates and store the encoded video con-
tents. As reported by [6], it would cost millions of pounds for
content providers to transcode and store a large number of con-
tents. In contrast, it has also been observed that only 10% of
the most popular videos account for almost 80% of total views
[7], [8]; for 60% of the videos, only less than 20% of their dura-
tion is viewed, and most of users abort viewing within 40 sec-
onds [9]–[12]. This user viewing pattern reveals that most of the
video contents are seldom watched, and users consume only a
small fraction of each video, which provide a good insight for
video service providers to design content management system.
To address the problem that video transcoding for ABR could

incur exorbitant cost, we propose a partial transcoding scheme
for content management based on user viewing pattern.With the
partial transcoding scheme, each original video content is split
into a set of segments. Each segment has a fixed playback dura-
tion. When viewing videos, the user requests video segments
in specified bitrates according to the current available band-
width and device capacity. If the requested segment is avail-
able in storage, it would be consumed by the user immediately,
resulting in storage cost; otherwise, a real-time transcoding is
conducted, resulting in computing cost. The more segments are
cached, the less transcoding tasks will be conducted, and vice
versa. We aim to minimize the long term overall cost, including
storage and computing cost, while satisfying the time average
constraint on storage and computing consumption. We formu-
late the partial transcoding scheme as a constrained stochastic
optimization problem.
To derive the solution of the partial transcoding scheme in

real-time according to the current user request information, we
apply the Lyapunov optimization framework to design an on-
line algorithm which can minimize the long-term cost over the
time span. Experiments demonstrate that: 1) our designed on-
line algorithm can approximately approach to the optimal cost
within provable upper bounds; 2) our proposed scheme can save
30% of operational cost, compared with the scheme of caching
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all the segments; and 3) our proposed scheme is less sensitive to
the change of user request rate than the full transcoding scheme
without segmentation.
The contributions of our work are summarized as follows.
• We propose a partial transcoding scheme to reduce the op-
erational cost by leveraging user viewing pattern. To the
best of our knowledge, this is the first work to adopt the
partial transcoding scheme under user viewing pattern to
save operational cost in ABR system. Meanwhile, our pro-
posed method can also increase the number of unique con-
tents cached in the system.

• We apply the Lyapunov optimization framework to design
an online algorithm which can derive solutions for the par-
tial transcoding scheme.

• We conduct various of experiments under realistic settings
to evaluate the performance of our algorithm. Numerical
results demonstrate that our proposed method can reduce
operational cost for content providers and provide adaptive
control over content management.

The rest of this paper is organized as follows: Section II dis-
cusses related work. Section III introduces system architecture.
Section IV presents system model and problem formulation.
Section V provides our proposed online algorithm which
can achieve the cost-efficient video transcoding by applying
the Lyapunov optimization framework. Section VI presents
verification and evaluation of our proposed method. Finally,
Section VII concludes the paper.

II. RELATED WORK

Adaptive bitrate streaming has become a prominent tech-
nology to improve the quality of video delivery over different
network environments and support media consumption over
heterogenous devices [13], [14]. User viewing pattern, which
characterizes the user access behaviors when viewing videos, is
also a key factor to affect the performance and the operational
cost of the media system. There has been a large amount of
work studying ABR and user viewing pattern. We will review
each of them in the follows, respectively.
In terms of adaptive bitrate streaming, Shen et al. [15] pro-

posed a transcoding-enabled proxy system which allows to per-
form content adaption according to the network environment.
Zhang et al. [16] aimed to maximize the QoE for mobile users,
by storing content copies transcoded in different bitrates under
constrained storage budget. Ahlehagh et al. [17] introduced a
joint video processing and caching framework to support adap-
tive bitrate streaming, which can improve network capacity and
maintain QoE. Huang et al. [18] presented a SVC based video
proxy to adapt to network dynamics by transcoding the original
video into scalable codec at different bitrates. Yang et al. [19]
proposed an online buffer fullness estimation method for adap-
tive video streaming. In these research, however, they mainly
focus on improving user experience of the client side, without
considering the operational cost of the content provider.
Another line of research characterizes the user viewing pat-

tern. Liu et al. [5] investigated a top Internet mobile streaming
service at the service side, and the measurements showed that a
video content could be transcoded into more than 40 versions to
deal with device heterogeneity. Cha et al. [7] analyzed the UGC

Fig. 1. Schematic diagram for adaptive bitrate streaming system. Contents are
transcoded into a set of files in different playback rates and resolutions and
cached in the streaming engine.

VoD system of YouTube andDaumVideos, and found that video
popularity followed the power-law distribution with an expo-
nential cutoff, which indicates that a small fraction of videos
account for most of the views. Finamore et al. [9] studied the
Youtube traffic generated by mobile devices and common PCs,
and the results revealed that 60% of videos are watched less than
20% of their duration. We can observe from the previous mea-
surements that a video content needs to be transcoded into many
versions in different bitrates to adapt the device heterogeneity
and varying network conditions in a ABR system. As a result,
considering the sheer volume of video files in different versions,
it consumes huge amounts of computing resource to transcode
videos into different bitrates, and storage cost to store different
encoded versions of the video contents. However, as indicated
in the previous work, only a small proportion of video contents
are frequently consumed by users, most of them are seldom re-
quested. As such, it is not cost efficient to transcode and store
each version of the video contents.
Our work is motivated by the real problems observed in the

previous measurements. It differs from the previous work in that
we aim to minimize the operational cost of the content provider
by considering the factor of user viewing pattern. In our pre-
vious works [20], [21], we have considered it as a one-shot op-
timization problem. In this work, we further develop an online
algorithm to derive the solution of minimizing the long run op-
erational cost.

III. SYSTEM ARCHITECTURE

This section presents our proposed system architecture for
cloud-based media streaming with enabled transcoding capa-
bility, serving a wide range of users. This referenced architec-
ture is based on real experience with one of the leading video
service providers in China. Our proposed architecture is illus-
trated in Fig. 1, which consists of three parts, including media
vault, media outlet and streaming engine. The functionalities of
each module are as follows.
Media Vault: It stores all of the original contents and their

transcoded versions in alternative bitrates, however, it usually
locates in only one geographical cloud site.
Streaming Engine: To deliver the video contents to users

reliably and in time, streaming engines are deployed in different
geographical regions to response for the user requests from
media outlets. The video contents in the streaming engine can
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be obtained from three alternative resources. First, in the local
storage of streaming engine, a partial subset of video contents in
various bitrates are stored and can be directly consumed. Second,
the whole file of an original video content is stored in local
storage, and can be transcoded into the user requested bitrate in a
real-time manner by CPU/GPU in the streaming engine. Finally,
in a rare case that the transcoding capacity is overloaded, the
streaming engine can retrieve the transcoded version from the
media vault. In this paper, we only focus on the first two cases.
Media Outlet: It negotiates with the streaming engine for

a proper bitrate according to the current network status and
its own physical capability, and pulls video segments from the
streaming engine and displays them for viewers to consume the
video content.
In the streaming engine, any original video content in this

system is split into small multi-second segments. Each of the
segments has a fixed playback duration (e.g., 10 seconds).
These segments are further encoded into versions in different
bitrates, supporting heterogenous media outlets and varying
network conditions. There are two kinds of alternative cost
incurred in the streaming engine. First, it stores a partial subset
of transcoded video contents in its local storage, resulting in
storage cost. Second, in case of cache miss, it transcodes the
original video content into the requested bitrate, resulting in
computing cost. It can be seen that the two parts of cost are com-
peting with each other. On one hand, the larger storage capacity
is allocated, the more transcoded video contents can be stored,
minimizing the probability of cache miss and the opportunity
of conducting online transcoding. On the other hand, the more
computing resources are provisioned, the less transcoded video
contents are needed to store statically, reducing the required
storage space. Therefore, it demands a trade-off in optimizing
the total cost of service. In the following, we mathematically
formulate it into an optimization problem, aiming to minimize
the long-run overall cost.

IV. SYSTEM MODEL AND PROBLEM FORMULATION

In this subsection, we first present our mathematical models
for the cloud-based ABR streaming system, including content
management model, user request model and cost model, and
then formulate it into a constrained stochastic optimization
problem, along with key notations summarized in Table I.

A. System Model
1) Content Management Model: We model the content man-

agement as follows, including partial transcoding scheme and
dynamic caching scheme.
Partial Transcoding Scheme: We assume that the system

manages video contents. For any video ( ),
it is split into segments, as illustrated in Fig. 2. Meanwhile,
for each video , it is transcoded into a set of versions in
bitrates. For each bitrate of ( ), a partial
subset of segments are cached in the streaming engine. We
consider a discrete time slot model. In view of the user viewing
pattern, we assume that the first segments (i.e., from
0 to ) are cached at the time slot and the rest of

segments (i.e., from to ), which are
not present in the local storage, are transcoded on live by the

TABLE I
KEY PARAMETERS IN THE SYSTEM MODEL

Fig. 2. Content management under the partial transcoding scheme. Shaded
segments are cached, and unshaded segments are transcoded live.

streaming engine from the original video file cached in its local
storage.
Dynamic Caching Scheme: The user request rate for a video

content is changing over time, which affects the computing cost
for the contents transcoded online. As a result, the streaming en-
gine needs to dynamically adjust the partial transcoding scheme
in each time slot based on the user request information, to deter-
mine whether a segment should be transcoded online or locally
cached to minimize the time average cost, while satisfying the
resource constraints.
2) User Request Model: Most of viewers will not complete

the whole video clip. Compared with the video duration, the
length of a video actually watched by a viewer is rather short;
specifically, 60% of videos are watched for nomore than 20% of
their duration [9], [10]. This user viewing pattern can be charac-
terized by cumulative distribution function of , which de-
notes the probability of that the user would watch the th video
up to the th segment. And it can be approximated by a trun-
cated exponential distribution, resulting the following formula:

(1)

where is a factor for the th content.
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In practice, the user may repeat watching some parts of the
video or jump over the first several minutes, which may lead to
a higher request rate for the middle of a video than the begin-
ning [22]. Since the video content are managed and streamed
based on segment, all decisions for each segment can be made
independently. As such, we measure the user request rate for
each segment independently at the beginning of each time slot.
Under the discrete time slot model, we denote as the
number of user requests for the th segment of the th content
in the th playback rate at time slot . The user request rate for
a video segment (i.e., ) is changing over time.
3) Cost Model: There are two cost components incurred in

streaming engine, including storage cost and computing cost.
Storage consumption: The storage consumption represents

the storage space occupied by the video contents. Specifically,
the storage consumption of the th content is

(2)

where denotes the scaling factor for video and the file size
is assumed to be proportional to its playback rate . Thus, the
total storage consumption to store all the contents is

(3)

Storage cost: It incurs storage cost in storing the cached video
files. Specifically, for the th content in the th playback rate,
the storage cost is , where denotes marginal
price of storage space. Using this notation, the storage cost for
the th content at the time slot is

(4)

Thus, the total storage cost for the contents is

(5)

Computing consumption: The computing consumption of the
th content with playback rate of is , where
denotes the scaling factor for the th content and the workload
is assumed to be proportional to its playback rate. Using this
notation, the total computing consumption for the th content in
the th playback rate at the time slot is

(6)

We assume that the computing cost of a particular video is pro-
portional to the number of user requests. Thus, the total com-
puting consumption for the th content is

(7)

The total computing consumption for the contents is

(8)

Computing cost: It incurs computing cost in real-time
transcoding the video file into the requested playback rate.
Specifically, the computing cost of transcoding the th content
into playback rate of is , where
denotes marginal price of computing. Similar to the computing
consumption, we can have the computing cost for the th
content, given by

(9)

The total computing cost for the contents is

(10)

B. Problem Formulation
We aim to minimize the long-term operational cost for con-

tent management with the partial transcoding scheme. In a real
system deployment, the storage space of content cache can be
filled up quickly, if all different bitrate files of the video con-
tents are cached to meet all the QoE requirements. In addition,
if transcoding operations are conducted too frequently, it would
overload the transcoding capacity and incur latency to the users.
Therefore, we formulate the content management with partial
transcoding scheme into the following stochastic optimization
problem with time average constraints:

(11)

(12)

(13)

where and are the storage and computing cost
in each time slot; and are the storage and com-
puting consumption in each time slot; (11) represents the time
average cost; (12) and (13) represent the time average storage
and computing consumption with limited thresholds and , re-
spectively. With the partial transcoding scheme, we aim to de-
rive policies in each time slot to minimize the cost over time
span under the time averaged storage and computing capacity
constraints.

V. ALGORITHMS OF PARTIAL TRANSCODING SCHEME

In this section, we derive the solution of the cost optimal
transcoding problem. By taking the advantages of the Lya-
punov optimization framework, we design an online algorithm
which can be arbitrarily close to the optimal cost incurred over
the whole time span. In particular, the Lyapunov optimization
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framework allows us to minimize the cost incurred over time,
while satisfying the resources consumption constraints.

A. Transformation by Lyapunov Optimization

To solve the optimization problem of minimizing the time
average cost over time slots subject to the time average
constraints on storage resource and computing resource, we
apply the Lyapunov optimization framework to design an
online algorithm.
First, to transform the time average constraints on storage

and computing resources, we define two virtual queues
and , which are bounded by and , respectively.
Specifically, the update of these two virtual queues and

are defined as follows:

(14)
(15)

Based on [23], the time average constraints of (12) and (13) can
be transformed into the queue stability of the virtual queues in
(14) and (15).
Then, we define the vector to repre-

sent the queue backlog and let the quadratic Lyapunov function
measure the size of the queue backlog, which is defined

as follows:

(16)

The one-slot Lyapunov drift , which is the expected
change of the queue backlog over one time slot, is given by

(17)

In addition to stabilize the queue backlog to ensure the time
average constraints on storage and computing resource, we also
need to consider the cost given by the objective function of the
original optimization problem.With the Lyapunov optimization
framework, the original constrained optimization problem can
be approximately solved byminimizing the drift-plus-penalty in
each time slot, which jointly considers the virtual queue backlog
and the incurred operational cost. Mathematically, we have the
following one-slot optimization problem:

(18)

The penalty is the cost incurred at the time slot (i.e.,
), and the tunable parameter is used

to control the tradeoff between the cost and the queue stability.
If approaches to infinite, the weight of the penalty function
will decrease to zero, and the algorithm becomes to make poli-
cies of minimizing the cost incurred in each time slot, without
considering the resource consumption. In this case, the solution
derived by the online algorithm can be arbitrarily close to the op-
timal cost. On the contrary, if is zero, only resource consump-
tion is considered, and the algorithm becomes to make policies
of minimizing the resource consumption, without considering
the incurred operational cost.

Lemma V.1: The Lyapunov drift satisfies the fol-
lowing inequation:

where .
Proof: Please see Appendix A for the detailed proof.

Lemma V.1 provides the upper bound for the Lyapunov drift
function (17). Under the framework of Lyapunov optimization,
the strategy is to minimize the bound given on the right-hand-
side of inequality in Lemma V.1 plus the penalty function in
each time slot [23]. Since the constant component in the ob-
jective function will not affect the solution of the minimization
problem, we take it out from the objective function. As such, we
can transform the minimization of the drift-plus-penalty func-
tion (18) with the constraints into the following one-shot opti-
mization problem:

(19)
(20)
(21)

Equations (20) and (21) are to ensure the upper bound queue
backlog of the virtual queue and , respectively.
To this end, we have transformed the problem of minimizing

the average cost over the time span (11) into a series of one-shot
optimization problems (19). Following that, we propose an on-
line algorithm for the partial transcoding scheme. In each time
slot, it can be iteratively obtained by1) observing the user request
information at the beginning of each time slot, then 2) solving the
one-shot optimization problem of (19) according to the current
user request information and queue backlog size, and 3) updating
the virtual queues and . Our online algorithm can de-
rive the partial transcoding solution in each time slot without re-
quiring a prior knowledge of the user request information. The
detailed online algorithm is given out in Algorithm 1.

Algorithm 1 An Online Algorithm for Partial Transcoding

Input:
Storage price and transcoding price .
Trade-off parameter .
Scaling factors: , , .

Output: The partial transcoding decision
1: Initialize , ,
2: while the streaming engine is in service do
3: Observe the user request rate for each segment at the

beginning of each time slot
4: Observe queue backlog and .
5: Solve the one-shot optimization problem of (19) and

derive the partial transcoding solution.
6: Perform the caching and transcoding decision for each

segment according to the solution.
7: Update virtual queues and by (14) and (15),

respectively.
8:
9: end while



GAO et al.: COST-EFFICIENT VIDEO TRANSCODING IN MEDIA CLOUD 1291

B. Solution of the One-Shot Optimization Problem
The one-shot optimization problem of (19) is an integer linear

program which is NP-hard. We adopt Lagrange relaxation to
obtain the approximate solution. First, we rewrite the above
optimization problem by introducing binary variable
which denotes whether the th segment of the th video in the
th playback rate should be cached at the time slot . Trans-
forming the decision variable into can also
make the decision for each segment independent of each other
and unrelated to the order of the segments in a video content.
Then, we rewrite (19), (20) and (21) as (22), (23) and (24) of
the following optimization problems:

(22)

(23)

(24)

where , and are parameters after rearrangement
given as follows:

(25)
(26)

(27)

(28)

We adopt Lagrange relaxation to obtain the approximate solu-
tion to the optimization problem of (22). First, we relax the con-
straints [(23) and (24)] by bringing them into the objective func-
tion (22) with associated Lagrange Multipliers [24]. Then, we
can obtain the dual problem

(29)

where is the Lagrangemultiplier, is the decision
vector consisting of , and

We can observe from (29) that, for a specified value of ,
becomes a constant. Then (29) can be minimized by

obtaining optimal , which can be solved by setting to
0 if the corresponding is no less than zero, and setting

to 1 otherwise. Thus, the original problem is evolved
to find the optimal and then solve the subproblem. We use
the subgradient method to obtain the optimal value of in an
iterative manner. In each iteration, we have
as a subgradient of , and use the following heuristic for
selecting the step size [24]

where the current upper bound is the value of the ob-
jective function (22), and the lower bound is the value of
Lagrangian function (29). The details of the subgradient method
are illustrated in Algorithm 2.

Algorithm 2 Subgradient Method for One-shot Optimization

Input:
Initialize Scalar , , ,

Output:
1: repeat
2: for all do
3: if then
4:
5: else
6:
7: end if
8: end for
9: Update upper bound and lower bound

by calculating (22) and (29).
10: Update subgradient by calculating

(27) and (28).
11: Calculate step size:
12:
13:
14: until

C. Optimality Analysis
The Lyapunov optimization framework allows us to design

the above online algorithm which can ensure that, for any
tunable parameter , it can approximately approach to
the optimal cost within and stabilize the virtual queue
backlog, as presented in Theorem V.1.
Theorem V.1: For arbitrary user request arrival rates under

system stability, the online algorithm can guarantee that the gap
between the actual time average cost and the optimal time av-
erage cost is within , i.e.

(30)

where is the optimal time average cost.
Meanwhile, the online algorithm can stabilize the virtual

queues over time, satisfying the following inequality:

(31)
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where and is the time average queue length, given as
follows:

(32)

Proof: Please see Appendix B for the detailed proof.

VI. PERFORMANCE EVALUATION OF PARTIAL
TRANSCODING SCHEME

In this section, we conduct experiments to evaluate the perfor-
mance of our proposed partial transcoding scheme. We first de-
scribe the experimental settings. Following that, we evaluate the
performance of the partial transcoding scheme under different
system settings, and compare it with two alternative schemes.

A. Dataset Description and Experimental Setting
1) User Viewing Pattern: Video sessions have a very high

probability to be terminated very soon, as observed in [9] that
most are within 40 seconds. Similar observation was also given
in [10], which indicates that the first several segments of a video
content are more likely to be requested than the latter ones. We
use Eq. (1) to approximately fit the data in [9], which describes
the relative portions of watched videos for sessions, with and
equal to 0.98, 4.6, respectively.
2) Video Popularity Distribution: Most of videos are not fre-

quently requested by users, as the measurements in [7] and [5]
show that only 10% of the most popular videos account for al-
most 80% user requests, and the remaining 90% of video con-
tents account for only 20% of the user requests. In our exper-
iment, the user request rates for the video contents follow a
power-law distribution with a shape parameter 1.2.
3) User Request Arrival Rate: The traces collected from

YouTube indicate that user request rate seems relatively insen-
sitive to video’s age [10]. The same observation is also given
by [25] that the videos on YouTube can keep getting views
over the time span and the user request rate fluctuates around
the average. In our experiment, we first perform the simulation
assuming that the user requests for video content arrive
according to a random process of mean rate and variance
, but without making any assumption of a priori knowledge

of the probabilities associated with the user request rate. We
also conduct the experiment with the real trace data given out
in [26], which are the video view information collected from
YouTube for 21 weeks.
4) Storage and Computing Cost: We adopt the Amazon S3

Standard Storage and Amazon EC2On-demand Instance [27] to
evaluate the storage cost and computing cost in our experiment.
The storage price is /GB/Month, and the computing price
is /Hour. The transcoding cost for a video content depends
on its video duration and the targeted bitrate. If the video bitrate
is less than 1Mb/s, the transcoding cost is per hour (video
duration); otherwise, the transcoding cost is per hour.
5) Video Duration and Bitrate: Most of online videos are

short in terms of duration, with an average of 4.3 minutes and
only less than 5% of videos last for more than 10 minutes [7].
In our experiment, for simplification, we assume that video du-
ration has a uniform distribution from 0 to 10 minutes, and
each segment has a fixed duration of 10 seconds. Meanwhile,

TABLE II
BITRATES AND COMPUTING COST

TABLE III
APPROXIMATION ERROR UNDER DIFFERENT DIMENSIONS

each video content is transcoded into five versions in different
bitrates. The video file in high bitrate corresponds to a high
transcoding cost. The video versions and their corresponding
transcoding cost are listed in Table II.

B. Alternative Schemes for Comparison
We select two alternative schemes for comparison:
• All Segments Stored (ASS) scheme: it stores all segments in
different bitrates for each content in a brute-force manner
without performing transcoding tasks, which would result
in a complete storage cost and no additional computing
cost, since no transcoding operation is conducted.

• Full Transcoding Without Segmentation (FTS) scheme:
it manages a tradeoff between the storage cost and the
computing cost, which is similar to the partial transcoding
scheme, but without file segmentation for content man-
agement. As such, the whole video file of a bitrate is either
completely stored in local storage or transcoded into the
user requested bitrate online.

C. Verification of the Approximate Solution of the One-Shot
Optimization Problem
We compare the approximate solution of the one-shot opti-

mization problem in Section V-B with the optimal solution to
evaluate the approximation error ratio. The optimal solution can
be obtained using the combination of Linear Programming (LP)
Relaxation with the branch-and-bound method [28]. In this ex-
periment, we obtain the optimal solution with CVX solver (e.g.,
Gurobi, MOSEK, and GLPK), which can solve the problem ef-
ficiently even when the number of decision variables is large
(461 seconds for variables1). We select the dimension of
the variable (i.e. segment number) from to . As il-
lustrated in Table III, the approximate solution is close to the
optimal solution and the error ratio does not scale with the di-
mension of .
Verification of the Online Algorithm Optimality: In Fig. 3,we

plot the time average cost and time average virtual queue length
under partial transcoding scheme for different values of the con-
trol parameter . From this figure, we can observe that with the
increase of value , the time average cost decreases and con-
verges to the optimal value when is large enough. However,
as increases, the time average virtual queue length also grows,
demanding a tradeoff between the time average cost and system
stability in making the partial transcoding decision. We can see
that the result shown in Fig. 3 is consistent with Theorem V.1.

1Experiment configuration: CVX solver, Gurobi; Python 2.7.3; Computer
Configuration, Intel i5-3470, 3.20 GHz, 8 GB RAM.
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Fig. 3. Time average monetary cost and time average virtual queue length
under different values of control variable V. .

Fig. 4. Time average cost reduction percentage compared with ASS-based
scheme under varying content number. .

D. Performance Comparison With Alternative Schemes

We compare the performance of the partial transcoding
scheme with alternative schemes under different resource
consumption constraints and varying user request rates.
1) Comparison With ASS-Based Scheme Under Different Re-

source Constraints: Fig. 4 demonstrates the time average cost
reduction percentage of partial transcoding scheme over ASS-
based scheme under different resource constraints. The partial
transcoding scheme can reduce the cost for around 30% when
both computing resource and storage resource are sufficient to
satisfy the resource consumptions in each time slot. In another
case that the computing resource is fixed, the cost reduction
percentage drops slightly with the increase of video files intro-
duced into the system, since more infrequently requested video
segments need to be locally cached instead of transcoding on
fly, due to insufficient computing resource. On the contrary,
when the available storage resource is fixed, the cost reduc-
tion percentage drops dramatically as the number of video con-
tents increases. Specifically, when there are around 6000 video
contents, the constraint on storage consumption becomes ac-
tive, indicating that the storage resource reaches its maximum
utilization. When the number of contents is more than 8000,
the partial transcoding scheme incurs more cost than the ASS-
based scheme. This is because transcoding task needs to be con-
ducted more frequently to satisfy the QoE requirement, under
insufficient storage space for caching video segments. There-
fore, one needs to strategically choose the storage capacity and

Fig. 5. Time average cost reduction percentage over ASS-based scheme under
varying user request rate. .

Fig. 6. Time average cost reduction percentage compared with FTS-based
scheme under varying user request rate. .

computing capacity to design an effective partial transcoding
scheme when planning system resource.
2) Comparison With ASS-based Scheme Under Varying User

Request Rates: Fig. 5 demonstrates the time average cost re-
duction percentage of the partial transcoding scheme over ASS-
based scheme under varying user request arrival rate. It can
be seen that the partial transcoding scheme can outperform the
ASS-based scheme in terms of operational cost under varying
user request rate. However, the cost reduction percentage will
decrease with the increase of user request rate. Particularly, with
the increase of user request rate, the percentage of storage cost
among the overall cost for the partial transcoding scheme in-
creases, while the percentage of computing cost decreases. With
the increase of user request rate, segments, if not locally cached,
will be transcoded on fly more frequently, resulting in a higher
computing cost. As a result, more segments need to be cached
rather than transcoded on fly, resulting in a higher storage cost
percentage and a less cost reduction percentage.
3) Comparison With FTS-Based Scheme Under Varying User

Request Rate: Fig. 6 plots the time average cost reduction per-
centage of the partial transcoding schemeandFTS-based scheme
over the ASS-based scheme. It demonstrates that compared with
the FTS-based scheme, the partial transcoding scheme can save
more operational cost under varying user request rates. Since the
FTS-based schememakes the caching or transcoding decision on
file level, a video file needs to be wholly cached, even if only a
small fraction of the file (e.g., the beginning part of a video) is
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Fig. 7. Cached percentage of the partial transcoding scheme (segment) and
FTS-based scheme (file) under different average user request rates. .

frequently requested, resulting in more cost. In addition, it can
be seen that the FTS-based scheme has a restricted cost reduc-
tion.With the increase of the user request rate, the cost reduction
disappears when the user request rate approaches to 1500. In this
case, all video files are cached, without any cost reduction com-
pared with the ASS-based scheme.
4) Comparison of Segment Cached Percentage With

FTS-Based Scheme: Fig. 7 plots the segment/file cached
percentage of the partial transcoding scheme and FTS-based
scheme, respectively. It can be seen that the cached percentage
of video files under FTS-based scheme is much higher than
the cached percentage of segments under partial transcoding
scheme. Particularly, all the video files are cached under the
FTS-based scheme when the user request rate reaches to around
1500, while in this case the partial transcoding scheme can
still have a much lower cached percentage, which shows that
the partial transcoding scheme is less sensitive to the change
of the user request rate. Meanwhile, since less segments are
cached compared with the ASS-based scheme and FTS-based
scheme, the partial transcoding scheme consumes less storage
resources for managing a number of video contents. As a result,
the streaming engine can cache more unique video contents
by leveraging the partial transcoding scheme, compared with
using alternative schemes.

E. Performance Under Real Trace Data

In this subsection, we compare our proposed method with
alternative schemes by using a real trace data.
The trace data [26] captures the user request information for

a set of YouTube videos over 21 weeks. Since the number of
views for these video contents are collected once a week, we
can obtain the number of requests for a video content during
one week. We evaluate the performance of each scheme in
the case that the storage resource and computing resource are
sufficient to achieve their best performance. We plot the cost
reduction percentage of the partial transcoding scheme and
FTS-based scheme over ASS-based scheme for every one week
in Fig. 8. The ASS-based scheme has a constant storage cost
over time, since all segments in different bitrates are all cached
in the system and no transcoding operations are conducted.
In contrast, the FTS-based scheme and Partial Transcoding
Scheme, which make the caching and transcoding decision

Fig. 8. Performance comparison of the three methods under real trace data.

Fig. 9. System architecture for integrating the partial transcoding scheme with
DASH standard.

according to the current request rate, have a lower overall
cost incurred over the time span. Compared among these three
methods, our proposed method can save more operational cost
in real environments.

VII. CONCLUSION AND FUTURE DIRECTIONS

In this paper, we studied the problem of cost-efficient video
content management in ABR system. We proposed a partial
transcoding scheme for content management and formulated it
into a stochastic optimization problem.We then applied the Lya-
punov optimization framework to design an online algorithm
which can derive the solution in each time slot and achieve the
optimal solution within provable upper bounds. Results show
that our proposed method can save around 30% of the oper-
ational cost, and can increase the number of unique contents
cached in the system.
As the future work, we will consider integrating our method

with the DASH standard to build a real content management
system. As illustrated in Fig. 9, the system consists of two
modules, including Request Information Collection (RIC)
module and Content Management Control (CMC) module. The
RIC is responsible for collecting the HTTP-based user request
information for each segment over time; the CMC makes
the caching/transcoding decisions for video segments in each
time slot by obtaining the solutions of the online algorithm,
according to the user request information. In this case, the
system manages the video segments dynamically, supporting
the DASH-based video streaming service at the minimum cost.



GAO et al.: COST-EFFICIENT VIDEO TRANSCODING IN MEDIA CLOUD 1295

APPENDIX A
PROOF OF LEMMA V.1

Proof: Using the fact that , we
have

For a specified time slot , and are constants and
not less than zero, therefore, we can obtain

Since that is bounded by , is bounded by
, we have

where .
Thus, the Lyapunov drift satisfies the following inequation:

APPENDIX B
PROOF OF THEOREM V.1

Proof: Since we assume the time average computing
and storage consumption are within the system capacity (i.e.,

and ), therefore, the
drift-plus-penalty satisfies

where is the target optimal time average cost and is a con-
stant larger than zero. Thus, we have

(33)

Summing (33) over , we have

(34)

We rearrange the terms and divide Eq. (34) by . Then, when
, we have

Similarly, we can obtain the upper bound on the time average
queue length by taking the same rationale, which are given out
as follows:

(35)

Then, we divide (35) by and

(36)

By taking a lim sup as , we can obtain

(37)
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