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Joint Sponsor Scheduling in Cellular and Edge
Caching Networks for Mobile Video Delivery
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Abstract—The explosive growth of mobile video traffic
introduces new challenges for the network infrastructure. Edge
caching, as one of the key technologies in 5G wireless networks,
has shown great potential to improve the quality of mobile video
services by reducing the transmission overhead over backhaul
links. With edge caching, content providers (CPs) need to decide
not only the traditional data sponsoring strategy on cellular
networks (where CPs cover part or all of the mobile users’ cellular
data cost), but also a novel cache sponsoring strategy on the
edge caching networks (where CPs place part of contents on edge
networks in advance). In this paper, we study the joint optimization
of both sponsors on cellular and edge caching networks for a
single CP, aiming at maximizing the CP’s revenue. Specifically, we
formulate the joint optimization problem as a two-stage sequential
decision problem. In stage I, the CP determines the edge caching
policy (for a relatively long time period). In stage II, the CP decides
the real-time data sponsoring strategy for each content request
within the period. We analyze this two-stage decision problem
systematically. First, we propose an online sponsoring strategy
in stage II based on Lyapunov optimization framework. Then,
we propose an edge caching strategy in stage I via predicting
the number of aggregate user requests. Simulations on real data
traces show that such a joint optimization policy can increase
the CP’s revenue by 124%–154%, comparing with the traditional
data sponsoring policy (i.e., without edge caching). Moreover, the
proposed online strategy can achieve 90% of the maximum revenue
in the offline benchmark.

Index Terms—Data sponsoring, edge caching, mobile video
streaming.

I. INTRODUCTION

A. Background and Motivation

NOWADAYS, we are witnessing the explosive growth of
global mobile data traffic, which has reached 7.2 exabytes
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per month in 2016, where mobile video traffic accounts for
60% of the total mobile traffic. According to Cisco [1], the
percentage of mobile video traffic is expected to increase to
78% by 2021. Such a rapid increase of mobile video traffic
brings new challenges for video content providers (CPs). For
example, it introduces a tremendous traffic burden on the content
delivery networks (CDNs) and hence may cause severe network
congestion [2], [3]. Thus, various approaches (e.g., cooperative
streaming [4]–[6]) have been proposed to reduce the negative
effects brought by the explosion of mobile video traffic.

On the other hand, the competition among CPs is becoming
increasingly intensive. Thus, it is important for a CP to imple-
ment novel incentive paradigms to attract more video users and
traffic, so as to generate more revenue.

Data sponsoring is a novel and effective method recently
introduced by CPs to expend user demand for video content
[7]–[11]. The key idea is to allow CPs to subsidize video users’
cost for downloading video data, thereby attracting more mo-
bile video users and traffic. With data sponsoring, mobile users
benefit from the free wireless access for video content, and CPs
benefit from the increased video users and traffic (through, for
example, selling more built-in advertisements). Thus, it can lead
to a win-win situation for CPs and users, hence has attracted the
interests of both academia and industry. As a real-world exam-
ple, AT&T announced its sponsored data program in January
2014, in which AT&T allows advertisers to sponsor mobile data
to entice users to watch ads that they might have otherwise
avoided [12].

Traditional data sponsoring can potentially help a CP to at-
tract more video traffic and generate more revenue, but at the
same time, it will also increase the burden of CDNs due to the
increased video traffic, and hence increase the CP’s cost of de-
livering content to video users. Edge caching is emerging as
a promising paradigm to alleviate the burden of CDNs, reduce
the content delivery cost of the CP, and also reduce the energy
consumption of mobile users [13]–[16]. The key idea is to cache
popular video content on edge networks in advance and deliver
the cached content on edge networks to the local users through
WiFi or femtocell links directly. Edge caching can alleviate the
traffic burden of congested cellular networks and reduce the en-
ergy consumption of mobile users. Thus, it can deliver content
with a lower cost. As a real-world example, Xunlei, one of the
largest online content download service providers in China, has
adopted a new service that utilizes users’ bandwidth and stor-
age capacities to implement edge caching [17]. Xunlei offers
the edge network resources to CPs, allowing them to replicate
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content for the accesses of neighbor users, and the CPs pay
Xunlei a fee in return.

However, all of the above works, to the best of our knowledge,
considered sponsored data and edge caching separately. In this
work, we aim to solve the CP payoff maximization problem by
jointly considering data sponsoring and edge caching under a
fixed budget. Joint optimization of data sponsoring and edge
caching has the potential to further improve the CP payoff, but
it also introduces new challenges. First, the CP has to distribute
his own budget between data sponsoring and edge caching.
Second, the decisions of data sponsoring and edge caching are
in different time scales and tightly coupled with each other.

B. Model and Problem Formulation

In this work, we consider a simple yet representative model
where one CP offers video on demand (VoD) services to a set
of mobile users, using both data sponsoring and edge caching
(within a certain budget constraint). Specifically, users request
video content randomly, and the requested video content can be
delivered to the target user in two different ways: (i) cellular
transmission and (ii) edge caching transmission if the user is
within the coverage of an edge caching network and the content
is cached on the edge device in advance.

Moreover, if a content is sponsored (either via data sponsoring
or edge caching), it will be delivered to the user with a certain
attachment (e.g., additional advertisements) called value-added
content; thus, it can bring additional value for the CP. Note that
such value-added content may reduce the users’ payoff for the
video content; hence, users can choose to refuse sponsoring,
in which case they download data from the cellular network
directly and pay the corresponding data downloading cost by
themselves as usual. Different video contents include different
value-added contents, and thus, they have different added values
for the CP (when sponsoring them).

The CP can decide whether to sponsor the content request
as well as through which network to sponsor the request. Then,
users receiving sponsor offers will decide whether to accept the
sponsoring based on their own valuations. If a user accepts the
data sponsoring, then the CP pays the data downloading cost in
the cellular network for the user; otherwise, the user pays the
data downloading cost by himself as usual. Similarly, if a user
accepts the edge caching, then the user does not need to pay the
data downloading cost (as he does not need to download data
from the cellular network but rather receives data from the local
edge caching network directly).

Fig. 1 illustrates a system model with different content de-
livery and sponsor schemes, where red users and green users
download video content through the cellular network without
sponsoring and with data sponsoring, respectively, while blue
users download video content through edge caching.

In such a model, there are two key problems for the CP:
� Edge (WiFi) Caching Problem: Whether to cache a video

content on the edge caching network at a particular location
for a certain time period.

� Real-time Sponsoring Problem: Whether and, if so, how
(i.e., via data sponsoring or edge caching) to sponsor a
video content request at an instantaneous time slot.

Fig. 1. System model.

Fig. 2. Timing structure of our model.

Note that the time period of WiFi caching is on a relatively
large time scale (e.g., one day), which consists of many time slots
of relatively small time scales (e.g., one minute). Moreover, the
WiFi caching solution has to be decided at the beginning of
each time period and fixed in the entire time period due to the
large overhead and delay of video cache placement on edge
WiFi networks. Users request video content in each time slot
in a real-time manner, and hence, the data sponsoring solution
also has to be determined in real time. For clarity, we illustrate
this timing structure in Fig. 2.

C. Solution and Contributions

We will study the joint optimization of data sponsoring and
edge caching systematically, aiming at maximizing the CP’s rev-
enue. Specifically, we formulate the joint optimization problem
as a two-stage decision problem for the CP. In stage I, the CP
determines the edge caching policy in each time period at the
beginning of that time period. In stage II, the CP determines the
real-time data sponsoring solution for each content request in
each time slot. We analyze this two-stage decision problem sys-
tematically. For the real-time sponsoring in stage II, we propose
a Lyapunov-based online sponsoring strategy for the CP, which
operates in an online and real-time manner, without the need of
future network information. For the edge caching in stage I, we
develop an edge caching strategy for the CP by predicting the
aggregate user request for each video content in each location.

The key contributions of this work are as follows:
� Novel Model: As far as we know, this is the first work

that systematically studies the joint optimization of data
sponsoring and edge caching for mobile video delivery. It
exploits the benefits of both edge caching and data spon-
soring, and hence can help the CP to improve revenue and
reduce content delivery cost.
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� Real-Time Data Sponsoring Strategy: We propose a
Lyapunov-based online sponsoring strategy for the CP in
stage II, which operates in an online and real-time manner
(without future information), and can achieve on average
90% of the maximum performance in the offline bench-
mark with the complete future information.

� Optimal Edge Caching Strategy: We show that the opti-
mal edge caching strategy depends on the aggregate user
request for each video content in each location, based on
which we can formulate the edge caching problem in stage
I as a mixed-integer linear programming problem. We fur-
ther propose several methods to estimate such aggregate
requests in different model scenarios.

� Performance Evaluation: We perform extensive simula-
tions built on large-scale real data traces. The simulation
results show that such a joint sponsoring policy can in-
crease the CP’s revenue by 124%∼ 154%, comparing with
the pure data sponsoring policy without edge caching.

The remainder of this paper is organized as follows. We re-
view the literature in Section II. In Section III, we present the
system model and problem formulation. In Section IV, we pro-
vide the offline solution as a benchmark. In Section V, we pro-
pose the joint online solution. In Section VI, we provide the
simulation results, and we finally conclude in Section VII.

II. LITERATURE REVIEW

There have been extensive works studying data sponsoring
[7]–[11]. Most of these works focused on studying data spon-
sorship in cellular networks. For example, in [7], Joe-Wong et al.
studied the interplay among ISPs, CPs, and end users, and pro-
posed a framework for CPs to decide which content to sponsor.
In [8], Zhang et al. analyzed the impact of sponsored content
on the existing wireless data market, and they found that the
imbalance in CP revenue will be enlarged. In [9], [11], authors
focused more on the interplay between CPs and ISPs. However,
all of the above works studied data sponsorship in traditional
cellular networks, without considering data sponsorship in an
edge caching network.

Recent studies [13]–[16] have shown that edge caching is a
promising approach to alleviate the burden of CDNs and to re-
duce the content delivery cost in the 5G wireless network. The
edge cache node should be equipped with a large storage capac-
ity, high-rate delivery capacity and low-rate backhaul link. In
[14], Wang et al. utilized edge caching to alleviate the backhaul
congestion and achieve better user QoE due to low latency. In
[16], Bastug et al. analyzed the role of edge caching in 5G net-
works, and showed that edge caching can alleviate the backhaul
congestion.

Some other works [18]–[23] studied different realizations
of edge caching, e.g., on base station, femtocell, and WiFi
access point (AP). In [18], Golrezaei et al. proposed a concept
of femtocaching with a large storage capacity in the edge
network, and they showed that with a proper caching strategy,
the latency can be dramatically decreased. In [19], Purkayastha
et al. designed a practical architecture for a small cell network
operator to manage the content placement. In [20], Gharaibeh
et al. proposed an online caching algorithm to minimize the

total cost of CPs, assuming that the CPs pay ISPs for caching
contents. In [21], Liu et al. proposed caching popular content at
base stations, and they showed that the edge cache outperforms
pico base stations with backhaul. In [22], Sung et al. proposed
conducting caching in a novel two-tier wireless network. In
[23], Li et al. proposed a novel caching strategy and proved its
efficiency in a real data trace.

However, none of the works related to edge caching con-
sidered the problem of data sponsorship via an edge caching
network. In our previous works [24] and [25], we considered
the joint optimization of edge caching and data sponsoring,
but we didn’t study the online sponsoring problem in [24] and
didn’t study the joint optimization without complete information
in [25].

III. SYSTEM MODEL

A. Network Model

We consider a mobile video CDN, where one CP provides
VoD services to a set U = {1, 2, ..., U} of mobile users. Each
user moves randomly in a certain area and requests a video
content randomly at a particular time. The video content can be
delivered to the target user in two different ways:

� Cellular Direct Delivery: The video content (located on
the remote server) will be delivered to the user directly
through the cellular link;

� Edge Caching Delivery: The video content is cached in an
(third-party) edge caching device in advance, and it will be
delivered to the local user directly through the local link
(e.g., Bluetooth and WiFi).

Without loss of generality, we assume that the cellular net-
work covers the entire area, while each edge caching device
covers a small local area. We further assume that the coverage
areas of different edge caching devices are non-overlapping.1

Let L = {1, 2, ..., L} denote the set of areas (locations) covered
by all L edge devices. Let S = {1, 2, ..., S} denote the set of all
video content.

Motivated by the cache refresh policy deployed by Hulu [26],
we consider the cache operation on a daily basis, where the CP
makes the cache decision at the beginning of each day, and each
video content cached in a device will be available for one whole
day. To facilitate the later analysis, we further divide the daily
period into a set T = {1, 2, ..., T} of small time intervals (e.g.,
one minute), called time slots. Users request video content slot
by slot, and the CP delivers the content to the users slot by slot.

B. Sponsoring Scheme

When a user requests a content in a time slot, the CP can
decide whether to sponsor the request and, if so, how to sponsor
the request (i.e., data sponsoring or edge caching):

� Data Sponsoring: The CP delivers the content (on the re-
mote server) to the target user through the cellular link,
and it pays the cellular data downloading cost for the user.

1When multiple devices are overlapping, the CP can simply choose one of
them for video caching.



SUN et al.: JOINT SPONSOR SCHEDULING IN CELLULAR AND EDGE CACHING NETWORKS FOR MOBILE VIDEO DELIVERY 3417

� Edge Caching: The CP delivers the content (cached in the
local WiFi network) to the target user through the local
WiFi link, and it pays the WiFi caching cost.

Each user can choose whether to accept the CP’s sponsoring
based on his individual payoff (to be defined in Section III-C).
Moreover, if the CP decides not to sponsor a content request,
or if the user refuses to accept the CP’s sponsoring, then the
content (on the remote server) will be delivered to the target
user through the cellular link as usual, and the user himself pays
the cellular data downloading cost.

The CP can achieve a certain basic value from each content
that a user plays through, for example, built-in advertisements. If
the CP decides to sponsor a content request and the user accepts
the CP’s sponsoring, then the CP, as compensation, will deliver
the content to the user together with certain value-added content
(e.g., additional built-in advertisements) and hence achieve ad-
ditional value (called sponsoring value) from the content. Note
that such value-added content may reduce users’ valuations (to
be defined in Section III-C), and hence, users may decide to
refuse the CP’s sponsoring.

C. User Model

Each user moves and requests a content randomly in each
time slot t ∈ T . Let su [t] ∈ S

⋃
{0} denote the content request

of user u in time slot t, where su [t] = 0 denotes that the user
does not request any video content. Let lu [t] ∈ L

⋃
{0} denote

the location of user u in time slot t, where lu [t] = 0 denotes
that the user is in an area without any device coverage. Then,
we can write the service request vector and location vector of
user u ∈ U in the whole period as Su = {su [1], . . . , su [T ]} and
Lu = {lu [1], . . . , lu [T ]}, respectively.

When user u downloads the content su [t] through the cellu-
lar network, there is a certain cellular data downloading cost,
denoted by Csu [t] or Cu [t], due to the payment to the cellular
network operator. This cellular data downloading cost mainly
depends on the content size, denoted by Dsu [t] or Du [t], and it
can be undertaken by the user himself without data sponsoring
or by the CP with data sponsoring.2

When user u downloads the content su [t] through the cellular
network (either with no sponsoring or with data sponsoring),
he incurs a certain energy cost Eu [t], which primarily depends
on the size of the content Du [t]. When user u downloads the
content su [t] through the local WiFi network, he incurs a smaller
energy cost Ew

u [t] < Eu [t], which also depends on the content
size Du [t]. This is supported by [28], which indicated that WiFi
links consume less power than cellular links when transmitting
the same amount of data. For notational convenience, we denote
η ∈ (0, 1) as the ratio of WiFi energy cost and cellular energy
cost (for delivering the same amount of data), i.e., Ew

u [t] =
Eu [t] · η.

Each user u is associated with an instantaneous valuation,
denoted by Wu [t], when viewing the video content su [t] in time
slot t. Wu [t] is used to evaluate the overall benefit of watching

2In reality, one specific video content may have many resolutions (as shown in
[27]), but in this work, to facilitate the analysis, we model different resolutions
of one content as different contents.

a content by the user, depending on the user satisfaction, real-
time demand, and video quality. The evaluation of Wu [t] is a
well-studied topic [29], and hence, it is beyond the scope of this
paper.

We assume that users are self-motivated,3 that is, each user
will decide whether to accept the sponsorship based on his own
benefit. When the user accepts the data sponsoring, such a val-
uation is discounted by a factor δ (where 0 < δ < 1) due to the
discomfort caused by the added advertisements. When the user
accepts the edge caching, such a valuation is further affected by a
factor δw = δneg · δpos (where 0 < δneg < 1 and δpos > 1) due
to the cost induced by handover denoted as δneg .4 Specifically,
the handover cost is a combination of the discomfort caused by
the user rebuffering and long join time as well as the additional
energy cost and the lower latency of the edge caching network
denoted as δpos . Consequently, δw > 0 is determined by the
user experience of both lower delay and network mode change
discomfort. When a user evaluates the lower delay of the edge
caching network, δw > 1, while when a user is sensitive to the
network mode change, 0 < δw < 1. Hence, the total valuation
discount under edge caching is δ · δw .

The network information consists of the location, the content
request, and the instantaneous valuation of each user. Formally,
we define the network information in time slot t as follows:

θ[t] = {su [t], lu [t],Wu [t], ∀u ∈ U}. (1)

Note that the energy costs Eu [t] and Ew
u [t] and the cellular

data downloading cost Cu [t] are not included in the network
information vector because they are determined by the content
size Du [t].

Based on the above discussion, we can define the user payoff
as a sum of valuation and costs with the aid of normalizing
coefficients μ and ρ:

� Without sponsoring, the payoff of user u in time slot t
is Πu [t] = Wu [t] − μCu [t] − ρEu [t], where the user pays
both the data downloading cost and the energy cost on the
cellular link;

� With data sponsoring, the payoff of user u in time slot t
is Πc

u [t] = Wu [t] · δ − ρEu [t], where the user achieves a
discounted valuation and pays the energy cost on the cel-
lular link;

� With edge caching, the payoff of user u in time slot t
is Πw

u [t] = Wu [t] · δ · δw − ρEu [t] · η, where the user
achieves a discounted valuation and pays the energy cost
on the WiFi link.

Clearly, the user will accept data sponsoring only
when Πc

u [t] > Πu [t] and accept edge caching only when
Πw

u [t] > Πu [t]. For notational convenience, we denote
w̄u [t] = Cu [t] + Eu [t] as the minimum valuation threshold of
initiating the content request, that is, the user is willing to request
the content su [t] only if Wu [t] ≥ w̄u [t] (hence, Πu [t] ≥ 0). We
denote ŵc

u [t] = Cu [t]
1−δ as the maximum valuation threshold of

3Self-motivation and selfishness are common assumptions in game theoretic
models (e.g., [30]–[35]).

4Note that δneg is positive, which has a ”negative effect” when multiplied by
the user valuation.
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accepting data sponsoring, that is, the user is willing to accept
data sponsoring only if Wu [t] ≤ ŵc

u [t] (hence, Πc
u [t] ≥ Πu [t]).

Similarly, we analyze when the user is willing to accept edge
caching. When δ · δw < 1, we denote ŵw

u [t] = Cu [t]+Eu [t](1−η )
1−δ ·δw

as the maximum valuation threshold of accepting edge caching,
that is, the user is willing to accept edge caching only if
Wu [t] ≤ ŵw

u [t] (hence, Πw
u [t] ≥ Πu [t]). When δ · δw ≥ 1, we

derive Πw
u [t] ≥ Πu [t] for any Wu [t], and ŵw

u [t] = ∞. Let
fu (w) denote the probability distribution function (pdf) of user
u’s valuation Wu [t] in time slot t (for content su [t]). Then, we
can compute the average acceptance probabilities of user u for
data sponsoring and edge caching in time slot t:

Pw
u [t] =

∫ ŵ w
u [t]

w̄u [t]
fu (w)dw, (2)

Pc
u [t] =

∫ ŵ c
u [t]

w̄u [t]
fu (w)dw. (3)

To provide a concrete analysis, we adopt the following distri-
bution function for Wu [t] suggested in [8]:5

fu (w) = λu exp−λu (w−w̄u [t]) ,

where λu > 0 is called the valuation density of user u. A larger
λu represents a higher valuation density for user u, that is, the
valuation concentrates on a smaller range of values with a higher
probability.

D. CP Model

As mentioned above, when sponsoring a content request, the
CP needs to pay for the cellular data downloading cost or the
edge caching cost; meanwhile, the CP can achieve a certain
sponsoring value from the value-added content. Let Vs denote
the sponsoring value for the CP when sponsoring a video content
s ∈ S, which depends on the video content only, not on the
user who requests the content. For example, a popular video is
generally associated with high-value advertisement and hence
has a large sponsoring value. Let Cs denote the cellular data
downloading cost for the CP when sponsoring a video content
s ∈ S through the cellular network. Let Cw

s denote the edge
caching cost for the CP when caching a video content s ∈ S in
a caching device for one whole time period. Note that Cw

s is a
one-shot caching cost, which depends on the length of the time
period and the content size but not on the actual times of the
edge caching sponsor in the time period. That is, after caching
a content s in a caching device in a time period, the CP needs to
pay the caching cost Cw

s , irrespective of how many requests (for
content s) are delivered through this caching device. We further
denote α = C w

s

Cs
as the caching-to-delivery factor, denoting the

relative cost of edge caching to cellular downloading. In reality,
α > 1 is always satisfied as the caching cost consists of both
downloading and storage.

For each content request, the CP decides whether to sponsor
the request and, if so, how to sponsor the request. For this
purpose, the CP needs to determine the following strategies:

5Note that our analysis holds for an arbitrary distribution of Wu [t].

� Edge Caching Sponsor Strategy: Which video contents
will be cached at which locations.

� Cellular Sponsor Strategy: Whether to sponsor a content
request and with which sponsoring scheme.

Let Z[l, s] ∈ {0, 1} denote whether to cache a video con-
tent s ∈ S at location l ∈ L. Then, given the caching strategy
{Z[l, s],∀l ∈ L,∀s ∈ S}, the total edge caching cost for the
CP is

γ =
∑

l∈L

∑

s∈S
Z[l, s] · Cw

s . (4)

We define the capacity of the caching device as τ ; hence, we
have the following constraint for the device capacity:

∑

s∈S
Z[l, s] · Cs ≤ τ ∀l ∈ L. (5)

Let yu [t] ∈ {0, 1} and xu [t] ∈ {0, 1} denote whether the CP
offers to sponsor the content request of user u in time slot t
(i.e., su [t]) via edge caching and data sponsoring, respectively.
Because the CP can offer only one sponsor scheme for each
content request, we have the following constraint:

xu [t] + yu [t] ≤ 1, ∀u ∈ U , t ∈ T . (6)

Moreover, the edge caching scheme is available only when the
content su [t] is cached at the corresponding location lu [t] (i.e.,
the location of user u in time slot t). Thus, we have

yu [t] ≤ Z
[
lu [t], su [t]

]
, ∀u ∈ U , t ∈ T . (7)

We also note that users may decide to refuse the sponsoring.
Namely, a successful sponsoring occurs only when the target
user is willing to accept the sponsoring. Hence, we have

xu [t] = 0, ∀u /∈ U c [t], t ∈ T . (8)

yu [t] = 0, ∀u /∈ Uw [t], t ∈ T , (9)

where U c [t] = {u ∈ U | Πc
u [t] ≥ Πu [t]} is the set of users who

are willing to accept data sponsoring at time slot t and Uw [t] =
{u ∈ U | Πw

u [t] ≥ Πu [t]} is the set of users who are willing to
accept edge caching at time slot t.

Given the data sponsoring strategy {xu [t],∀u ∈ U , t ∈ T },
the total cellular data downloading cost that the CP pays for
users in time slot t is

C[t] =
∑

u∈U
xu [t] · Cu [t], ∀t ∈ T . (10)

where Cu [t] = Csu [t] is the cellular data downloading cost for
user u’s content request su [t] in time slot t.

Given the data sponsoring and edge caching strategies
{xu [t], yu [t],∀u ∈ U , t ∈ T }, the total sponsoring value (rev-
enue) that the CP can achieve from all sponsored content re-
quests in time slot t is

V [t] =
∑

u∈U
(xu [t] + yu [t]) · Vu [t], ∀t ∈ T , (11)

where Vu [t] = Vsu [t] is the value from sponsoring user n’s con-
tent su [t] in time slot t.
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Therefore, the CP’s total (time-average) payoff is

R =
1
T

·
(

T∑

t=1

V [t] −
T∑

t=1

C[t] − γ

)

, (12)

where the first term is the total sponsoring value, the second term
is the total cellular delivery cost, and the last term is the total edge
caching cost. For convenience, we denote R[t] = V [t] − C[t] as
the instantaneous payoff for the CP in time slot t, which consists
of the instantaneous sponsoring value V [t] and the instantaneous
cellular data downloading cost.

IV. OFFLINE JOINT OPTIMIZATION BENCHMARK

In this section, we study the joint optimization of edge caching
and data sponsoring with complete information or stochastic
future information. In this case, we can formulate the joint op-
timization problem as an offline optimization problem, and the
solution will serve as a benchmark for the online algorithm
derived in Section V.

A. Complete Future Information

With complete information, the CP can derive the payoff R
under any edge caching and data sponsoring solution. Hence, the
CP’s objective is to maximize its payoff R with a given budget
B (for both caching and sponsoring video content). Namely, we
have the following budget constraint for the CP:

T∑

t=1

C[t] + γ ≤ B. (13)

Therefore, the joint caching and sponsoring problem for the
CP can be formulated as follows:

max R =
1
T

·
(

T∑

t=1

V [t] −
T∑

t=1

C[t] − γ

)

s.t. (5), (6), (7), (8), (9), (13);

var. xu [t] ∈ {0, 1}, ∀u ∈ U , t ∈ T ;

yu [t] ∈ {0, 1}, ∀u ∈ U , t ∈ T ;

Z[l, s] ∈ {0, 1}, ∀l ∈ L, s ∈ S. (14)

It is easy to observe that the above problem (14) is an integer
linear programming (ILP) problem. Formulating and solving
problem (14) requires the complete future information, which
is infeasible in practice because we cannot derive the future
information. Hence, we will study another benchmark solution
based on stochastic future information.

B. Stochastic Future Information

With stochastic future information only, the CP cannot deter-
mine the explicit sponsoring decision for each user request in
each time slot in advance due to the lack of complete information
(e.g., users’ content requests in all time slots). In this case, we
will formulate and solve the CP’s expected payoff maximization
problem built upon the stochastic information.

Let θ = {lu (θ), su (θ),Wu (θ),∀u ∈ U} denote a specific re-
alization of network information. Let xu (θ), yu (θ) ∈ {0, 1} de-
note the corresponding sponsoring solutions under a particular
realization θ. Then, the expected payoff maximization problem
can be defined as follows:

max R =
∫

θ∈Θ
(V (θ) − C(θ) − γ)g(θ)dθ

s.t. xu (θ) + yu (θ) ≤ 1, ∀u ∈ U , t ∈ T , θ ∈ Θ
∑

s∈S
Z[l, s] · Cs ≤ τ ∀l ∈ L

yu (θ) ≤ Z
[
lu (θ), su (θ)

]
, ∀u ∈ U , t ∈ T , θ ∈ Θ

∫

θ∈Θ
C(θ)dθ + γ ≤ B.

var. xu (θ), yu (θ) ∈ {0, 1} ∀u ∈ U , θ ∈ Θ

Z[l, s] ∈ {0, 1} ∀l ∈ L, s ∈ S, (15)

where f(θ) is the probabilistic distribution function under infor-
mation θ, C(θ) =

∑
u∈U xu (θ)Cu (θ) is the total cellular data

downloading cost that the CP pays for users under information
θ, and V (θ) =

∑
u∈U (xu (θ) + yu (θ))Vu (θ) is the total revenue

that the CP can achieve under information θ. Note that g(θ) is
a general distribution representation, and it can be realized with
specific distribution functions. Problem (15) is an ILP with an
infinite number of decision variables (as θ is continuous), and it
can be solved by many classic methods, e.g., KKT analysis.6

Next, we analyze the gap between the maximum payoff (de-
noted by R0) derived from (14) with complete information and
the maximum expected payoff (denoted by R∗) derived from
(15) with stochastic information. Formally,

Lemma 1: If T → ∞, then R∗ → R0 .
Proof: We note that problem (17) is time independent but

information dependent. Hence, the sponsor decision in different
time slots with the same network information must be identical,
i.e., x[t1 ] = x[t2 ], if θ[t1 ] = θ[t2 ]. Then, by the law of large
numbers (LLN), we have the following:

if T → ∞,

(1)
1
T

T∑

t=1

xu [t] →
∫

θ∈Θ
xu (θ)f(θ)dθ,

(2)
1
T

T∑

t=1

C[t] →
∫

θ∈Θ
C(θ)f(θ)dθ,

(3)
1
T

T∑

t=1

V [t] →
∫

θ∈Θ
V (θ)f(θ)dθ.

�
This implies that problems (16) and (17) are equivalent if

T → ∞; hence, their solutions are also equivalent.
We can derive from Lemma 1 that as long as the time period

T is large enough, the payoff induced by the loss of complete

6We skip the details as the method is standard. Moreover, solving this stochas-
tic optimization is not the main contribution of this work.
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TABLE I
NOTATIONS OF IMPORTANT VARIABLES

information is negligible compared with that achieved with the
stochastic information. Hence, R0 and R∗ can serve as the same
benchmark for the online strategies in Section V.

Notably, problem (15) is also an offline optimization problem,
and formulating (15) still requires certain (stochastic) future
information. For example, the CP needs to know the stochastic
network information in all time slots. In practice, however, the
CP may not be able to obtain the stochastic network information
when making caching and sponsoring decisions. To this end, in
the next section, we will propose an online decision process for
the CP to make the caching and sponsoring decision without
future network information.

V. ONLINE OPTIMIZATION FRAMEWORK

In this section, we study the CP’s payoff maximization prob-
lem under incomplete network information (i.e., without com-
plete and stochastic network information). In this case, the CP
has to make the sponsoring decision in an online and real-time
manner. We formulate the CP’s joint caching and sponsoring
problem as a two-stage decision process:

� Stage I: The CP determines the WiFi caching strategy at
the beginning of each time period;

� Stage II: The CP determines the data sponsoring strategy
for each content request in each time slot given the WiFi
caching strategy in stage I.

Next, we will analyze this two-stage decision problem with
backward induction. Because the edge caching decision in stage
I is determined by the data sponsoring decision in stage II, we
first analyze the data sponsoring decision in stage II and then
analyze the edge caching decision based on it.

A. Stage II: Lyapunov-based Online Sponsoring Strategy

We first study the real-time sponsoring strategy for the
CP in stage II. In this stage, the CP determines the best

sponsoring strategy for each content request in each time slot in
an online and real-time manner given the edge caching strategy
{Z∗[l, s],∀l ∈ L,∀s ∈ S} derived in stage I. The total budget
(cost) for edge caching is

γ∗ =
∑

l∈L

∑

s∈S
Z∗[l, s] · Cs · α. (16)

Thus, the remaining budget for real-time data sponsoring is

Bspon = B − γ∗. (17)

Note that with the complete network information, we can
formulate an offline sponsoring problem, which is the same
as (14) with fixing Z[l, s] = Z∗[l, s], ∀l ∈ L,∀s ∈ S. However,
as mentioned previously, it is impossible for the CP to obtain
the complete network information. Hence, it is necessary to
propose the online sponsoring strategy without relying on the
complete network information. In the following, we will propose
a Lyapunov-based online sponsoring policy that optimizes a
modified CP’s payoff according to the remaining budget in each
time slot. We further consider two different cases, depending
on whether the CP can observe the instantaneous valuations of
users realized in each time slot.

The Lyapunov optimization technique [36] is a promising
technique for solving optimization problems with time average
constraints and has been widely used in wireless network prob-
lems (e.g., [37]–[40]). In our model, the optimal sponsoring
problem in all time slots can be formulated as such an optimiza-
tion problem, where the time average constraint is the budget
constraint. The key idea of Lyapunov optimization is to use the
stability of the queue to ensure that the time average constraint
is satisfied. Following this idea, we introduce a virtual queue
for the CP, which is used to indicate the CP’s potential budget
deficit. Here, we use the prefix “potential” to denote that it is
not the actual budget deficit of the CP; rather, it indicates that a
potential deficit may occur with the current budget consumption
rate.

Formally, we denote q[t] as the queue backlog (potential bud-
get deficit) at time slot t. Then, the queue backlog (potential
budget deficit) at the next time slot t + 1 is updated in the fol-
lowing way:

q[t + 1] =
[

q[t] − Bspon

T

]+

+ C[t]. (18)

Here, B s p o n
T is the intended average budget for each time slot,

[x]+ = max(x, 0), and C[t] is the actually consumed budget in
time slot t. Intuitively, if the actually consumed budget C[t] is
larger (or smaller) than the average budget, then the potential
budget deficit will be increased (or decreased), indicating a
higher (or lower) possibility that a budget deficit will occur at
the end. In the above virtual queue system, we can view C[t]
as the arrival rate and B s p o n

T as the departure rate. By the queue
stability theorem [36], a queue is stable if and only if the average
arrival rate is no larger than the average departure rate, i.e.,

1
T

∑

t∈T
C[t] ≤ Bspon

T
.
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This implies that the stability of the virtual queue ensures the
satisfaction of the CP budget constraint. Therefore, to guarantee
the CP budget constraint, we only need to ensure that the virtual
queue is stable under the proposed policy.

We study the queue stability using the Lyapunov drift theorem
[36]. First, we define the following Lyapunov function in each
time slot t:

J [t] =
1
2
· q[t]2 . (19)

The Lyapunov drift in each time slot t is the change of the
Lyapunov function from one slot to the next, i.e.,


[t] = J [t + 1] − J [t]. (20)

By the Lyapunov drift theorem (Th. 4.1 in [36]), if a policy
greedily minimizes the Lyapunov drift 
[t] in each slot t, it
potentially maintains the stability of the queue (i.e., guarantees
the budget constraint).

Next, we analyze the joint queue stability and payoff max-
imization. By the Lyapunov optimization theorem (Th. 4.2 in
[36]), to stabilize the queue while optimizing the payoff, we
can use such a policy that greedily minimizes the following
drift-plus-penalty function:

min Π[t] = 
[t] − φ · R[t]

s.t. (6), (7), (8), (9), (13), (20)

C[t] ≤ B[t − 1]

var. xu [t] ∈ {0, 1}, ∀u ∈ U ;

yu [t] ∈ {0, 1}, ∀u ∈ U ; (21)

where B[t − 1] = Bspon −
∑

τ ∈[1:t−1] C[τ ] is the total remain-
ing budget at time slot t and φ ≥ 0 is a non-negative control
parameter that achieves a tradeoff between optimality and queue
backlog.

Note that 
[t] is a quadratic function. We can find an upper
bound of 
[t] as follows:


[t] ≤ 1
2

[(
B spon

T

)2
+ C[t]2 + 2q[t] ·

(
C[t] − B spon

T

)]

≤ F + q[t] ·
(
C[t] − B s p o n

T

)
,

where F = 1
2 (B s p o n

T )2 + 1
2 (

∑
u∈U Csu [t])2 is a constant. The

first inequality follows because ([q − x]+ + c)2 ≤ q2 + x2 +
c2 + 2q(c − x), and the second inequality follows because
C[t] =

∑
u∈U xu [t]Cu [t] ≤

∑
u∈U C[t]. Note that greedily min-

imizing Π[t] in (21) is equivalent to maximizing the above upper
bound of Π[t]. Hence, the policy defined in (21) is equivalent to
the following policy:

(Lyapunov) min Π[t] = q[t] · C[t] − φ · R[t]

s.t. (6), (7), (8), (9), (13), (20)

C[t] ≤ B[t − 1]

var. xu [t] ∈ {0, 1}, ∀u ∈ U ;

yu [t] ∈ {0, 1}, ∀u ∈ U . (22)

Here, we assume that the CP can observe the instantaneous
valuations of users in each time slot and can hence compute the
instantaneous payoff R[t] precisely.

Similarly, when the CP cannot observe the instantaneous val-
uations of users realized in each time slot (but knows only the
stochastic distribution information regarding user valuation), the
CP can only compute the expected cellular data downloading
cost C̃[t] by (32) and the expected payoff R̃[t] by (34). Hence,
the Lyapunov-based sponsoring policy in (22) can be redefined
in the following way:

(Lyapunov*) min Π̃[t] = q[t] · C̃[t] − φ · R̃[t]

s.t. (6), (7), (13), (20)

C̃[t] ≤ B̃[t − 1]

var. xu [t] ∈ {0, 1}, ∀u ∈ U ;

yu [t] ∈ {0, 1}, ∀u ∈ U , (23)

where B̃[t − 1] = Bspon −
∑

τ ∈[1:t−1] C̃[τ ] is the total remain-
ing budget at time slot t.

1) Performance Analysis: We now show the performance
of the above Lyapunov-based policies. Let R†[t] and R‡[t] de-
note the payoff achieved in each slot t by the Lyapunov and
Lyapunov* policies, respectively.

Theorem 1: Let R∗ denote the offline maximum payoff de-
rived from (14) or (15) in Section IV. Then,

lim
T →∞

1
T

∑

t∈T
E(R†[t]) ≥ R∗ − F

φ
,

lim
T →∞

1
T

∑

t∈T
E(R‡[t]) ≥ R∗ − F

φ
. (24)

The proof follows the standard Lyapunov optimization theory
[36]. From Theorem 1, we can find that the proposed Lyapunov
policies converge to the maximum payoff benchmark asymptot-
ically, with a controllable approximation error bound O(1/φ).

B. Stage I: Best Caching Strategy

In contrast to the sponsoring strategy in stage II, which is per-
formed per time slot, the caching strategy in stage I is performed
per time period. Meanwhile, the caching strategy in stage I is
dependent on the sponsoring strategy in Stage II, but we cannot
obtain the closed form of the optimal online sponsoring solution
in stage II. Now, we examine the offline optimization problem
(14) to obtain certain meaningful insights into the design of our
desired WiFi caching strategy.

Let Nw [l, s] denote the total requests for content s at location
l from those users who are willing to accept WiFi sponsoring,
i.e.,

Nw [l, s] =
∑

t∈T

∑

u∈Uw [t]

1(su [t] = s & lu [t] = l), (25)

where 1(x) = 1 if x is true and 0 otherwise. Then, we can
derive that if Z[l, s] = 1, then xu [t] = 0 and yu [t] = 1, for all
u ∈ Uw [t], t ∈ T with su [t] = s, lu [t] = l. In other words, if a
content s is cached in location l, then all of the user requests
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(for content s at location l) from those users who are willing to
accept WiFi sponsoring will be sponsored by WiFi. Hence, the
CP’s payoff achieved from caching a content s in location l can
be computed as follows:

Rw [l, s] = Z[l, s] · (Nw [l, s] · Vs − α · Cs); (26)

Similarly, if Z[l, s] = 0, then yu [t] = 0, for all u ∈ U , t ∈
T with su [t] = s, lu [t] = l. In other words, if content s is not
cached in location l, then none of the user requests for content
s at location l can be sponsored via WiFi. Then, we denote
Nc [l, s] as the total requests for content s at location l from
those users who are willing to accept cellular sponsoring, i.e.,

Nc [l, s] =
∑

t∈T

∑

u∈U c [t]

1(su [t] = s & lu [t] = l).

Hence, the CP’s payoff achieved from sponsoring content s in
location l via cellular is

Rc [l, s]=
∑

t∈T

∑

u∈U c [t]

1(su [t]=s & lu [t]= l) · xu [t] · (Vs − Cs)

= X[l, s] · Nc [l, s] · (Vs − Cs),

where X[l, s] =
∑

t ∈T
∑

u ∈Uc [ t ] 1(su [t]=s & lu [t]= l)·xu [t]
N c [l,s] ∈ [0, 1]

denotes the cellular sponsoring ratio (of content s at location l),
i.e., the percentage of the cellular sponsored requests (for con-
tent s at location l) among the total requests (for content s at
location l) that can be sponsored via cellular networks.

Based on the above analysis, we can transform the original
problem (14) into an equivalent problem with respect to the WiFi
caching decision and the cellular sponsoring ratio regarding
each content at each location, i.e., Z[l, s] ∈ {0, 1} and X[l, s] ∈
[0, 1]. We define the constraints as follows:

X[l, s] + Z[l, s] ≤ 1, ∀l, s; (27)
∑

s∈S
Z[l, s] · Cs ≤ τ ∀l; (28)

γ + β ≤ B; (29)

where γ =
∑

l∈L
∑

s∈S Z[l, s] · α · Cs is the total WiFi caching
cost and β =

∑
l∈L

∑
s∈S X[l, s] · Nc [l, s] · Cs is the total cel-

lular sponsoring cost.

max R =
∑

l∈L

∑

s∈S
(Rw [l, s] + Rc [l, s])

s.t. (27), (28), (29),

var. X[l, s] ∈ [0, 1], ∀l, s;

Z[l, s] ∈ {0, 1}, ∀l, s; (30)

Problem (30) is a mixed-integer linear programming problem,
and it can be solved by using classic methods.

Note that problem (30) depends only on Nc [l, s] and Nw [l, s]
(i.e., the total requests for content s at location l from those
users who are willing to accept cellular sponsoring and WiFi
sponsoring, respectively), not on the detailed request and loca-
tion of each user in each time slot. However, it still requires
the complete information to compute the exact Nc [l, s] and

Nw [l, s]. Nevertheless, it inspires us to find some estimations
for Nc [l, s] and Nw [l, s] and design the caching policy based
on the estimated Nc [l, s] and Nw [l, s]. Next, we provide two
estimation methods for Nc [l, s] and Nw [l, s] under two dif-
ferent model scenarios. One is an independent and identically
distributed (i.i.d.) model, applicable for content such as news,
which appears and vanishes quickly. The other one is a discrete-
time Markov model, applicable for content such as movies,
which contain a relatively long time sequence.

1) Independent and Identically Distributed Model: In this
scenario, each user’s locations and content requests are inde-
pendent and identically distributed across different time slots.
Let μu,s denote the probability of user u requesting content s at
any time slot and ηu,l denote the probability of user u moving to
location l at any time slot. Then, we can compute the expected
requests for content s at location l from those users who are
willing to accept WiFi sponsoring as7

Ñw [l, s] =
∑

u∈U

∑

l∈L

∑

s∈S
μu,s · ηu,l · Pw

u .

Similarly, we can compute the expected requests for content
request s at location l from those users who are willing to accept
cellular sponsoring as

Ñ c [l, s] =
∑

u∈U

∑

l∈L

∑

s∈S
μu,s · ηu,l · Pc

u .

Substituting the above expected numbers Ñ c [l, s] and
Ñw [l, s] into (30), we can derive the estimated caching strategy
in this i.i.d. model scenario.

2) Discrete-Time Markov System: In this scenario, each
user behaviors rather irregularly within one time period, but the
crowd behavior shows a strong positive correlation among two
successive time periods. This is because a video’s popularity is
strongly correlated among two successive days. For example,
a popular video on one day is very likely to be popular on the
next day.

Let N̂ c [l, s] and N̂w [l, s] denote the corresponding requests
for content s at location l from users who are willing to accept
cellular sponsoring and WiFi sponsoring, respectively, in the
previous time period. Let Pr(M |N) denote the one-step tran-
sition probability of such requests. Then, we can compute the
expected number of requests (for each content s on each location
l from those users who are willing to accept WiFi sponsoring
and cellular sponsoring) as follows:

Ñw [l, s] =
∞∑

M =0

Pr(M |N̂w [l, s]) · M.

Ñc [l, s] =
∞∑

M =0

Pr(M |N̂ c [l, s]) · M.

Substituting the above expected numbers Ñ c [l, s] and
Ñw [l, s] into (30), we can derive the estimated caching strategy
in this Markov model scenario.

7For convenience, we ignore the time index t in the acceptance probability
P w

u [t] because the system is i.i.d.
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Remark 1: We analyze a large-scale dataset with 3 million
viewing sessions provided by iQiYi,8 and we combine it with the
WiFi stations’ location information collected by Tencent9 (see
Section VI for more details). Through these real data traces,
we observe that the popularity of each content at each location
shows a strong correlation in time periods, which enhances the
feasibility of this Markov model. The reason is that most popular
video contents in this dataset are TV shows and TV series which
burst and fade away soon.

VI. EXPERIMENTS AND SIMULATIONS

To evaluate the performance (in terms of the CP’s payoff,
the user revenue, and the backhaul traffic) of our proposed joint
optimization framework, we conduct extensive experiments on
large-scale real data traces, including both mobile video traces
and WiFi AP traces.

A. Dataset and Important Parameters

1) Mobile Video Streaming Trace: We use the mobile video
streaming trace collected by iQiYi [?], one of the most
popular online video providers in China with approximately
200,000,000 active mobile users. The dataset contains approx-
imately 190,000 mobile video users with a total of 3,000,000
viewing sessions in Beijing within 2 weeks in May 2015. Each
trace records the user ID, the requested video content ID, the
timestamp of the request, and the location of the user (provided
with longitude and latitude).

2) WiFi Station Data Trace: We also collected the locations
of free WiFi APs in Beijing via Tencent Mobile Manager [?], a
mobile phone app with over 400,000,000 users in China, which
helps users discover and connect to free WiFi. The dataset con-
tains the information of over 166,000 WiFi APs in Beijing.
Each trace records the basic service set identifier (BSSID) of a
WiFi AP and the location of the WiFi AP (also provided with
longitude and latitude).

3) Mapping of the Two Datasets: In our experiments, we
combine these two datasets to explore the WiFi APs that are
available to users when they request video content. We assume
that the signal range of each WiFi AP is 100 m, within which
mobile users can connect to the AP. We map the location of each
user at each content request to the nearest AP if the distance
between the user and the AP is less than 100 m; otherwise, we
map the user to a blank location (i.e., l = 0) without any WiFi
coverage. Such a user-AP mapping is illustrated in Fig. 3.

4) Important Parameters: We choose the value and cost of
each video content based on the video length and the embedded
value-added content. Moreover, according to the measurement
in [28], the average energy consumption is 32 J/MB for 3G cel-
lular network transmission and 1 J/MB for WiFi transmission.
Hence, we set the energy consumption ratio of WiFi transmis-
sion and cellular transmission to η = 3.1%. We set the capacity
of the edge host as 32G.

8http://www.iQiyi.com
9http://m.qq.com/

Fig. 3. Mapping of mobile users and wifi APs. Green users: No wifi coverage;
blue users: AP 1; red users: AP 2.

B. Performance Analysis

We first conduct experiments for the scenario where the CP
knows the instantaneous valuation of users in each time slot t,
i.e., Wu [t], u ∈ U .

Fig. 4(a) presents the CP’s payoff under different online spon-
soring policies (in stage II). For a clear comparison, we do not
consider edge caching in this experiment. To evaluate the per-
formance of the Lyapunov online sponsoring policy, we choose
the Greedy policy and the SemiGreedy policy as baselines, the
details of which are provided in Appendix A. The Greedy pol-
icy aims to maximize the performance in each time slot with
all remaining budget, whereas the SemiGreedy policy aims to
maximize the performance in each time slot with part of the
remaining budget. To draw a more convincing conclusion, we
compare our proposed algorithm with the offline sponsoring
strategy under complete information, which serves as an up-
per bound. As shown in Fig. 4(a), Lyapunov outperforms the
two baselines under different sponsoring budgets (with an aver-
age gain of 15% ∼ 75% in terms of the CP’s payoff), and it can
reach an average 90% of the offline performance under complete
information. Moreover, the SemiGreedy algorithm outperforms
the Greedy algorithm, as it can achieve a better budget allocation
among time slots.

Next, we provide the analysis of joint optimization, where we
set the Lyapunov algorithm as the cellular sponsor policy. We
first define the following scenarios for comparison:

� Joint Best Cache (JBC): the CP jointly uses edge caching
and data sponsoring, with the knowledge of real content
popularity.

� Joint Opportunistic Cache (JOC): the CP jointly uses the
opportunistic edge caching strategy and data sponsoring.
The key idea of the opportunistic caching strategy is
caching a content when it is accessed for the first time
by some users.

� Separate Best Cache (SBC): the CP uses the best caching
strategy and data sponsoring separately, i.e., the CP caches
content without considering the data sponsoring and uses
the remaining budget for data sponsoring.

� Separate Opportunistic Cache (SOC): the CP uses the
opportunistic caching strategy and data sponsoring sep-
arately, i.e., the CP caches content without considering the
data sponsoring, and it uses the remaining budget for data
sponsoring.
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Fig. 4. (a) The CP’s payoff under different sponsoring policies without edge caching. (b) The CP’s payoff under Lyapunov sponsoring policy with different edge
caching policies. (c) The user revenue under both joint and pure policies. (d) The backhaul data traffic under different edge caching policies in the case that the
CP can observe the users’ valuations.

Fig. 5. (a) The CP’s payoff under different sponsoring policies without edge caching. (b) The CP’s payoff under Lyapunov sponsoring policy with different edge
caching policies. (c) The user revenue under both joint and pure policies. (d) The backhaul data traffic under different edge caching policies in the case that the
CP cannot observe the users’ valuations.

� Pure Cache: the CP uses only the best caching strategy.
� Pure Sponsor: the CP uses only the data sponsoring strat-

egy (Lyapunov).
Fig. 4(b) presents the CP’s payoff under different scenarios.

As shown, the joint utilization of edge caching and data sponsor-
ing can improve the CP’s payoff by 124% ∼ 154% compared
with pure data sponsoring (50% ∼ 65% compared with pure
edge caching). We also observe that using edge caching and data
sponsoring jointly can improve the CP’s payoff by 25% ∼ 32%
compared with using both separately. The reason for this result
is that using both separately may induce an inefficient budget
distribution between edge caching and data sponsoring.

Fig. 4(c) shows the total user revenue under joint and pure sce-
narios. The user revenue under joint utilization can outperform
that under the pure strategy by 33% ∼ 130%. An observation
is that the user revenue increases with the CP’s payoff, indi-
cating that a policy with a higher CP’s payoff will also induce
higher user revenue. Although we aim to optimize the CP’s pay-
off, this observation implies a win-win situation between the CP
and users.

Fig. 4(d) presents the backhaul data traffic under different
scenarios. We observe that the backhaul data traffic can be re-
duced significantly with the edge caching. Moreover, the back-
haul data traffic reduction decreases with the cache-to-delivery
factor α, which implies that the joint framework can reduce
more backhaul data traffic with a lower caching cost (where
more requests will be served via the WiFi network). The joint
sponsoring framework can save 87% backhaul data traffic for
users in the best case.

We now conduct experiments for the scenario where the CP
cannot observe the instantaneous valuation of users in each time
slot t, i.e., Wu [t], u ∈ U . As shown in Fig. 5(a), the Lyapunov-
based sponsoring algorithm outperforms the baselines in

different CP budgets with a 13% ∼ 20% gain in the CP’s pay-
off and can reach approximately 88% of payoff under complete
information. The SemiGreedy algorithm performs worse than
the Greedy algorithm, possibly because without users’ accurate
decisions on accepting sponsoring, the Greedy algorithm con-
sumes the CP’s budget less quickly and becomes closer to the
optimal value.

Fig. 5(b) shows that in the case where the CP does not
know the instant user valuation, the joint optimization improves
119% ∼ 160% in the CP’s payoff compared to the pure spon-
soring scenario (38% ∼ 50% compared to the pure caching sce-
nario). In addition, the joint utilization outperforms the separate
utilization by 24% ∼ 31%. Fig. 5(c) shows that the user rev-
enue under joint utilization can outperform that under the pure
strategy by 45% ∼ 118%.

We also compare the backhaul data traffic of users in this
case. Fig. 5(d) illustrates that backhaul data traffic is reduced
in the joint framework. The CP can achieve 80% backhaul data
traffic savings when α = 10 with joint optimization.

From the above two practical scenarios, we find that the Lya-
punov online algorithm always outperforms other online algo-
rithms, both in the pure sponsor case and the joint framework.
When we deploy edge caching, end users significantly bene-
fit from the energy savings for connecting to WiFi networks
rather than cellular networks, which is particularly important
for mobile devices with low battery capacity.

Fig. 6 illustrates the payoff versus user density under caching
strategies with different accuracies. As shown, the payoff of
edge caching schemes always increases with user density, and
the rate of increase is larger when the user density is low. In the
no caching case, the CP’s payoff remains almost the same under
different user densities. We further observe that given the user
density, when the prediction of request number is accurate, edge
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TABLE II
TIME CONSUMPTION OF ALGORITHMS IN PEAK HOUR

Fig. 6. The CP’s payoff under different prediction error levels and user den-
sities.

caching enhances the CP’s payoff dramatically. Conversely, if
the prediction error of request number is high, edge caching
may even decrease the CP’s payoff because the deployment of
caching contents is costly if they cannot obtain enough access.
This result implies that user density significantly affects the per-
formance of edge caching. The CP’s payoff can outperform pure
data sponsoring by 30% ∼ 100% under different user densities.

In terms of time consumption, we list the average schedul-
ing computation times in peak hour in Table II, from which
we see that the algorithms without user valuations require more
computation time than the corresponding algorithms with user
valuations. This is caused by the estimation process in the al-
gorithms without user valuations. The overall processing time
is relatively short, thereby satisfying real-time processing. The
running time measurement was conducted using a desktop with
an Intel Core i7-3770 CPU @ 2.7 GHz × 4.

VII. CONCLUSION

In this paper, we studied the joint optimization of data spon-
soring and edge caching for mobile video delivery, aiming at
maximizing the CP’s revenue. We formulated the joint optimiza-
tion problem as a two-stage decision problem, and we solved
the problem using the Lyapunov optimization technique and
the predicted edge caching principle. The simulation results on
large-scale real data traces indicate that our design significantly
improves the CP’s payoff. The backhaul data traffic is dramati-
cally reduced due to the edge caching.

APPENDIX

A. The Greedy/SemiGreedy Policy in Stage II

With the greedy policy, the CP makes the sponsoring decision
in each time slot that maximizes the CP’s instantaneous payoff
in that time slot within the remaining budget.

We first introduce the greedy policy for the case in which the
CP can observe the instantaneous valuations of users realized
in each time slot t, i.e., Wu [t],∀u ∈ U .10 In this case, the CP
can compute the precise instantaneous payoff R[t] in each time
slot t under any sponsoring decision, and hence, it can greedily
solve for the best sponsoring strategy that maximizes the precise
payoff R[t] in time slot t, i.e.,

(Greedy) max R[t]

s.t. (6), (7), (8), (9)

C[t] ≤ B[t − 1]

var. xu [t], yu [t] ∈ {0, 1}, ∀u ∈ U , (31)

where B[t − 1] = Bspon −
∑

τ ∈[1:t−1] C[τ ] is the total remain-
ing budget at time slot t. In practice, Wu [t] is generally user
u’s private valuation and cannot be directly observed by the
CP. Hence, we will re-design the greedy policy based on the
stochastic information regarding Wu [t].

With the above greedy policy, the CP will make the sponsor-
ing decision in each time slot using as much budget as possi-
ble. This may cause an imbalanced allocation of budget among
time slots. To this end, we further introduce a modified greedy
policy (called SemiGreedy policy), which restricts the budget
consumption in each time slot and can hence achieve more even
budget allocation. Formally, the CP greedily solves for the best
sponsoring strategy that maximizes the precise payoff R[t] in
time slot t using the reduced remaining budget, i.e., we replace
the constraint C[t] ≤ B[t − 1] with C[t] ≤ B [t−1]

T −t+1 . Here, only
a portion of the remaining budget can be used in time slot t.

We now introduce the Greedy* policy in the case that the CP
cannot observe the instantaneous valuations of users realized in
each time slot but knows only the stochastic distribution infor-
mation regarding user valuation. Specifically, with the stochas-
tic information regarding Wu [t], the CP can only compute the
average probability of each user u accepting the cellular/WiFi
sponsoring, i.e., Pw

u [t] and Pc
u [t]. Recall that the estimations of

Pw
u [t] and Pc

u [t] are provided in (2) and (3), respectively. Then,
we can compute the expected cellular data downloading cost
induced by cellular sponsoring as follows:

C̃[t] �
∑

u∈U
xu [t] · Cu [t] · Pc

u [t], (32)

and the expected sponsoring value (revenue) that can be
achieved from sponsoring as follows:

Ṽ [t] �
∑

u∈U
(xu [t] · Pc

u [t] + yu [t] · Pw
u [t]) · Vu [t]. (33)

10Note that the content requests su [t] and locations lu [t] of all users in time
slot t will be naturally revealed to the CP.
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Thus, the expected payoff that the CP can achieve in each time
slot t can be computed as follows:

R̃[t] = Ṽ [t] − C̃[t]. (34)

Note that such an expected payoff based on the stochastic valua-
tion information may be different from the precise instantaneous
payoff based on the complete valuation information. Neverthe-
less, when the number of users is large enough, this expected
payoff converges to the precise payoff asymptotically:

lim
|U|→∞

C̃[t] = C[t], lim
|U|→∞

Ṽ [t] = V [t], ∀t ∈ T .

Proof: Note that problem C[t] and V [t] is time independent
but user dependent. Hence, the sponsor decisions in different
time slots with the same user valuation must be identical, i.e.,
Cu [t1 ] = Cu [t2 ], if θ[t1 ] = θ[t2 ].

(1) C[t] =
|U|∑

u=1

Cu [t] · xu [t], s.t. xu [t] = 0, ∀u /∈ U c [t].

�
The probability for u ∈ U c [t] is Pc

u [t]. Then, by the law of
large numbers (LLN), we have the following: When |U| → ∞,

(2) C[t] → C̃[t] =
∑

u∈U
xu [t] · Cu [t] · Pc

u [t], ∀u ∈ U [t].

This implies that C[t] and C̃[t] are equivalent if |U| → ∞.
Based on the expected payoff R̃[t] in each time slot t under

any sponsoring decision, the CP can greedily solve for the best
sponsoring strategy that maximizes the expected payoff R̃[t] in
time slot t, i.e.,

(Greedy*) max R̃[t]

s.t. (6), (7),

C̃[t] ≤ B̃[t − 1]

var. xu [t], yu [t] ∈ {0, 1}, ∀u ∈ U , (35)

where B̃[t − 1] = Bspon −
∑

τ ∈[1:t−1] C̃[τ ] is the total remain-
ing budget at time slot t.

Similarly, we can also design a SemiGreedy* algorithm in the
case that the CP cannot observe the instantaneous valuations of
users. The CP can greedily solve for the best sponsoring strategy
that maximizes the expected payoff R̃[t] in time slot t using
the reduced remaining budget, i.e., we replace the constraint

C̃[t] ≤ B̃[t − 1] with C̃[t] ≤ B̃ [t−1]
T −t+1 . In this way, only a portion

of the remaining budget can be used in time slot t.
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