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1 It costs US$10 for every 
1 GB data usage exceed-
ing the budget, according 
to one of China’s largest 
telcos, Unicom. 
 
2 The battery capacities of 
different mobile devices 
range from 1000 mAh 
to 5000 mAh, while data 
plans range from 0.5 GB 
per month to 10 GB per 
month. 
 
3 The motivation for off-
loading computation tasks 
can also be the lack of com-
putation capability, which is 
not the focus of this article.

AbstrAct
The increasing demand of mobile applications 

creates challenges for mobile devices on ener-
gy consumption and data usage. As a solution, 
device-to-device communication can serve as a 
powerful paradigm in future cellular networks to 
enable local cooperation of mobile devices. By 
leveraging social awareness, users can share sur-
plus communication and computation resources 
on their mobile devices to stimulate beneficial 
cooperation, which can cut down on energy con-
sumption and data usage. In this article, we pro-
pose a joint task-data offloading framework for 
mobile devices that have insufficient energy bud-
gets or data usage budgets. Based on the pro-
posed framework, a mobile device association 
problem is formulated and solved by exploiting 
matching-based and game-theory-based schemes. 
Extensive numerical results show the effective-
ness of the schemes for the proposed framework 
in the reduction of energy consumption and data 
usage.

IntroductIon
Social and multimedia-type mobile applications, 
which are favored by a majority of mobile users, 
are demanding in both network bandwidth and 
computation capability. Such bandwidth and 
computation demanding mobile applications 
pose a significant challenge for mobile devic-
es. Clearly, today’s mobile devices (e.g., smart-
phones) are facing two challenges:
• Limited energy budget (energy thirst). When 

continuously running computation-demanding 
applications (e.g., video transcoding and 3D 
gaming) on a mobile device, the energy budget 
is used up soon.

• Limited budget for monthly data usage. 
Data-intensive applications like high-defini-
tion video streaming can exhaust a cellular 
user’s data usage budget easily, and the fees 
for exceeding the data usage budget are quite 
expensive.1 In addition, heterogenous energy 
and data usage budgets across different mobile 
devices are commonly observed;2 can mobile 

devices with lower energy or data usage bud-
gets run social and multimedia-type applica-
tions without draining batteries or causing 
extensive data usage fees?
The emerging device-to-device (D2D) com-

munications can be a promising paradigm that 
enables direct communication between two 
mobile devices in proximity by reusing the cel-
lular spectrum without traversing the base sta-
tion (BS) and the core network [1]. Recently, 
D2D communications in cellular networks have 
drawn much attention from both industry and 
academia.

User cooperation via D2D communications 
is viewed as a solution to the unbalanced ener-
gy and data usage budgets [1, 2]. Regarding the 
energy budget, a device with sufficient remain-
ing energy can serve as a surrogate and help a 
device with low remaining battery power to exe-
cute computation-demanding tasks,3 and is called 
a mobile cloudlet [3]. Regarding the data usage 
budget, a device with sufficient remaining data 
usage budget can relay information from other 
devices to a BS [4], considering that D2D com-
munication does not consume data usage bud-
get. However, how to motivate users of mobile 
devices to help others is critical. Since the shar-
ing of resources typically incurs overhead such 
as energy consumption and data usage, a user 
of a mobile device may not be willing to help 
others for free without proper incentive. From 
a social awareness perspective, the underlying 
rationale for considering social ties is that the 
mobile devices are carried by human beings, and 
knowledge of human social ties can be utilized 
to add more opportunities for resource sharing 
[5–7]. Generally, there are two important types 
of social ties. The first type is social trust, which 
is mutual trust observed among family members, 
friends, and colleagues. A user is willing to help 
another user (or vice versa) without any imme-
diate reward when they have trust. Unfortunate-
ly, the social trust between two cellular users in 
proximity usually exists in limited locations like 
a residence or an office. A second type is social 
reciprocity, which is a powerful mechanism for 
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promoting mutual beneficial cooperation among 
unfamiliar users without any trust; that is, mul-
tiple users can cooperate to be better off. How-
ever, social reciprocity is not easy to achieve 
when only one type of resource is considered. 
For example, a user with a sufficient commu-
nication (computation) resource will not join a 
socially reciprocal group because she/he does not 
need additional communication (computation) 
resources.

A possible solution is that mobile devices 
can form socially reciprocal groups and achieve 
a win-win situation through exchanging differ-
ent types of resources (e.g., communication and 
computation resources). For example, device A 
has sufficient data usage but is running on low 
battery power. When device A plans to transcode 
a captured video clip, it can offload such a task 
to nearby device B, which has sufficient ener-
gy budget and computation capability but with 
insufficient data usage budget. The proposed 
framework is referred to as joint task-data off-
loading in this article. Specifically, there are two 
key challenges to realize the proposed frame-
work:
• A proper system model design for joint 

task-data offloading
• Effective mobile device association mecha-

nisms that form socially reciprocal groups of 
cooperation

The main contribution of this article is to solve 
the above challenges.

The related works fall into two categories: 
share communication resources (cooperative 
networking) and share computation resources 
(task offloading) via D2D communications. On 
one hand, there are a plethora of studies about 
D2D-based relaying. Cao et al. [8] proposed a 
cooperative video multicast system and showed 
that by allocating dedicated cellular spectrum 
to D2D communications, the user’s perception 
of video quality can be greatly enhanced. For 
heterogeneous cellular networks, a D2D-based 
load-balancing framework was proposed in [9], 
which can flexibly offload traffic among differ-
ent tier cells and achieve efficient load balancing 
according to their real-time traffic distributions. 
In [1], the authors considered a scenario involv-
ing collocated cellular networks and D2D net-
works, in which the cellular network leverages 
D2D users as cooperative relays and decides the 
optimal spectrum-sharing mode for D2D com-
munications. On the other hand, more and more 
studies are about mobile task offloading. Li et 
al. [3] analyzed boundaries of the computing 
capacity and computing speed of a cloudlet, in 
which resource-constrained mobile devices can 
offload tasks to resource-rich mobile devices. 
In [10], Jiang et al. proposed a Lyapunov opti-
mization-based scheme for offloading tasks to 
multi-core mobile devices. In [11], the authors 
established a distributed computing framework 
based on mobile devices and put forth a sched-
uling algorithm to minimize the makespan (com-
pletion time) of a set of computing tasks. To the 
best of our knowledge, this is the first time that 
a joint task-data offloading framework, which 
can significantly reduce the energy consumption 
and data usage for mobile devices, has been pro-
posed.

This article is organized as follows. In the next 
section, we introduce the system model of D2D 
communications-based resource sharing. Then 
the joint task-data offloading framework and two 
mobile device association schemes are presented. 
Numerical results show the performance com-
parison of the proposed schemes with the base-
line scheme in the following section. Conclusions 
are drawn in the final section.

resource shArIng bAsed on 
devIce-to-devIce communIcAtIons

In this article, we consider an orthogonal fre-
quency-division multiple access (OFDMA)-based 
cellular network, which can be Long Term Evo-
lution (LTE)-Advanced [4]. As shown in Fig. 1, 
a cell in the cellular network is centered around 
a BS that operates over a licensed spectrum 
band, and there are a number of mobile devic-
es. Through OFDMA modulation, the spectrum 
band can be divided into a number of orthogonal 
sub-channels with equal bandwidth, and the time 
is equally divided into OFDMA frames, each of 
which lasts several milliseconds. The BS supports 
operator-controlled D2D communications, which 
means, besides a cellular link between a mobile 
device and the BS, two mobile devices can com-
municate directly with each other over a D2D 
link. Notice that a D2D link remains controlled 
by the BS. Specifically, the BS is in charge of the 
peer discovery, link establishment/maintenance, 
and spectrum allocation for D2D communica-
tions. During an OFDMA frame, each mobile 
device that has communication demand can be 
allocate at most a sub-channel for data trans-
mission; the D2D link is allowed to share the 
sub-channel of a cellular link with constrained 
transmit power to protect the cellular link from 
severe interference [1].

As illustrated in Fig. 1, we define three types 
of mobile devices: surrogate, relay, and dumb 
devices.

Figure 1. An illustration of the cellular network with socially-aware D2D 
resource sharing.
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• Surrogate: This is a mobile device with suffi-
cient energy budget (i.e., the remaining battery 
power is beyond the threshold set by the user) 
and computation capability, which has the 
potential to provide task offloading services to 
other mobile devices.

• Relay: This is a mobile device with sufficient 
data usage budget (i.e., the remaining data 
usage budget is beyond the threshold set by 
the user), which has the potential to provide 
data offloading services to other mobile devic-
es.

• Dumb device: This is a mobile device that does 
not have the potential to provide task offload-
ing services or data offloading services.
Since we consider the scenario that mobile 

devices share communication and computation 
resources among each other to achieve a win-win 
situation, it is reasonable to assume that a surro-
gate expects to reduce its data usage by provid-
ing task offloading services, and a relay expects 
to reduce its energy consumption by providing 
data offloading services. In this article, we do not 
take into account the case that a surrogate/relay 
would help dumb devices without any immedi-
ate reward because it breaks the principle of 
social reciprocity. Similarly, we consider a mobile 
device with sufficient energy and data usage bud-
gets as a dumb device because it does not have 
the motivation to exploit social reciprocity. In 
summary, both surrogate and relay are willing 
to share one type of resource in order to obtain 
another type of resource.

Compared to the timescale of an OFDMA 
frame (several milliseconds), the timescale of the 

task offloading and data offloading processes can 
be much larger (from hundreds of milliseconds 
to several seconds). To properly schedule the 
communication and computation resource shar-
ing among mobile devices, we define a schedul-
ing frame with length T (in seconds) as a larger 
timescale frame for the scheduling of task/data 
offloading processes. Further, we assume that a 
sub-channel would be assigned to a relay during 
the scheduling frame if this relay is in a socially 
reciprocal group, while sub-channels would not 
be assigned to surrogates in socially reciprocal 
groups during the scheduling frame. Moreover, 
a scheduling frame is divided into two parts, a 
D2D phase and a cellular phase.4

In what follows, the models for task offload-
ing and data offloading are presented.

tAsk offloAdIng model
With the purpose of cutting down on a mobile 
device’s energy consumption, we consider the 
computation of resource-demanding mobile tasks 
(e.g., video transcoding) that are suitable for 
being offloaded to a surrogate. For a surrogate, 
the computation capability allocated to a mobile 
task is limited, and thus the computing time is 
not negligible.

At the beginning of a scheduling frame, each 
initiator (the mobile device that requires task off-
loading) should broadcast a mobile task offload-
ing request over the control channel, and each 
task offloading request contains a task meta-
data, which is the information of task offload-
ing requirements. When the initiator has been 
associated with a surrogate, the task offloading 
process begins. Specifically, the task offloading 
process of an initiator, which consists of three 
sequential stages [12], is illustrated in the top 
part of Fig. 2.
• Data uploading: The initiator uploads Dup 

bytes of task data (e.g., encoded frames from 
a specific formatted video) to the surrogate via 
D2D transmission over the allocated sub-chan-
nel in the D2D phase. The data uploading is 
completed when the data transmission from 
the initiator to the surrogate is finished. The 
duration of this stage is denoted by tup.

• Computing: The uploaded task (transcoding of 
video frames) is computed by the surrogate; 
then the output data is ready to be sent to the 
initiator. The duration of this stage is denoted 
by tcompute, which is affected by the task load 
and the computation capability of the surro-
gate.

• Data downloading: When the computing stage 
ends, the surrogate sends Ddown bytes of out-
put data (e.g., encoded frames with the target 
format) to the initiator via the D2D trans-
mission over the allocated sub-channel in the 
D2D phase. The data downloading is complet-
ed when the output data transmission is fin-
ished. The duration of this stage is denoted by 
tdown.
Obviously, the execution time of an offload-

ed mobile task is the makespan of all the above 
three stages and the intervals between two suc-
cessive stages. Since we study the problem in 
a low-mobility scenario (speed ≤ 1.5 m/s), it is 
assumed that the distance between the initiator 
and the surrogate would not change much during 

Figure 2. Illustrations of task offloading and data offloading models.
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the mobile task offloading process (could range 
from hundreds of milliseconds to a few seconds). 
Moreover, the deadline of the task offloading 
is assumed to be at the end of the scheduling 
frame, and the end of the data downloading 
stage should not go past this deadline.

Notice that the task offloading may not always 
save energy. As shown in [2], task offloading with 
a large amount of data to be transferred could 
result in waste of energy on communication, 
which offsets the energy saving by offloading 
computation. In this article, we only consider the 
case in which the task offloading is energy saving.

dAtA offloAdIng model
At the beginning of the scheduling frame, the 
mobile device is termed as an initiator of data 
offloading when it broadcasts a data offload-
ing request over the control channel, to offload 
the data transmission to another mobile device 
(relay). Generally, cooperative relaying is an 
extension of distributed, multiple-input multi-
ple-output communications [4], which can be 
fulfilled by D2D transmission. Specifically, the 
relaying communication consists of two links, the 
access link between the initiator and the relay, 
and the backhaul link between the relay and the 
BS.

As illustrated in the bottom part of Fig. 2, 
the relay can help the initiator when the latter 
has insufficient data usage budget. During the 
D2D phase, the initiator transmits its D bytes of 
data to the selected relay (access link), and the 
data transmission lasts taccess. During the cellular 
phase, the relay forwards the received D bytes of 
data to the BS via the decode-and-forward meth-
od (backhaul link), and the data transmission 
lasts tbackhaul. Obviously, the minimum require-
ment of a successful data offloading is that taccess 
is no longer than the D2D phase and tbackhaul is 
no longer than the cellular phase of a scheduling 
frame.

JoInt tAsk-dAtA 
offloAdIng frAmework

One salient feature of the proposed joint task-da-
ta offloading framework is to stimulate socially 
reciprocal cooperation among mobile devices. 
Therefore, a win-win situation can be achieved 
through exchanging communication and compu-
tation resources. The case in which a relay and a 
surrogate form a socially reciprocal group is illus-
trated in Fig. 3. During the D2D phase, the relay 
first sends its task data to the surrogate, as in 
the data uploading stage of the task offloading. 
The following computing stage can be utilized 
to transmit data from the surrogate to the relay 
through the access link of data offloading. After 
that, the surrogate returns the resulting data to 
the relay, as in the data downloading stage of the 
task offloading. During the cellular phase, the 
data from the surrogate is retransmitted to the 
BS by the relay through the backhaul link of data 
offloading.

Obviously, it is crucial to study the princi-
ple of forming socially reciprocal groups among 
surrogates and relays. A surrogate (relay) pre-
fers to help a relay (surrogate) at minimum cost 
when its own data (task) offloading request has 

been satisfied. Specifically, denote costtask(i, j) 
as the cost of surrogate i that helps relay j off-
load its computation task, and costtask(i, j) can 
be calculated based on the summation of tup(i, 
j), tcompute(i, j), and tdown(i, j). Meanwhile, denote 
costdata(i, j) as the cost of relay j that helps surro-
gate i to offload its data transmission to the BS, 
and the calculation of costdata(i, j) can be related 
to taccess(i, j) because a larger taccess(i, j) would 
reduce the sub-channel time for the data trans-
mission of the task offloading. It is not difficult 
to find that the values of tup(i, j), tdown(i, j), and 
taccess(i, j) depend on Dup, Ddown, D and the D2D 
transmission rate between surrogate i and relay 
j, and the value of tcompute(i, j) depends on the 
load of the task from relay j and the computation 
capability of surrogate i.

The mobile device association problem can be 
solved by two mobile device association schemes 
to form surrogates and relays into socially recip-
rocal groups, from two different perspectives:
• From a system operator’s perspective, the 

objective of the mobile device association 
problem is to minimize the overall cost of 
all mobile devices. We propose a centralized 
matching-based scheme deployed at the BS to 
obtain the mobile device association plan.

• From a mobile device user’s perspective, the 
objective of the mobile device association 
problem is to minimize its own cost when join-
ing a socially reciprocal group. We propose a 
game-theory-based scheme deployed at each 
mobile device to obtain the mobile device 
association plan in a distributed manner.
In the following part of this section, details 

about the above two schemes are given.

mAtchIng-bAsed scheme
One centralized solution to the mobile associa-
tion problem is to match one surrogate to one 
relay and let those two become a socially recip-
rocal group. As a result, the original problem can 
be transformed into a weighted bipartite match-
ing problem.

Here we use an example to show the prob-
lem solving process. As shown in Fig. 4, there are 
two surrogates (surrogate 1 and surrogate 2) that 
need the data offloading service, and there are 

Figure 3. An illustration of the joint task-data offloading based on D2D 
communications.
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two relays (relay 1 and relay 2) that have been 
allocated two sub-channels and need the task 
offloading service. Next, denote weight w(i, j) = 
α1 costtask(i, j) + α2 costdata(i, j), where α1 and 
α2 are positive, and α1+ α2 = 1. Then a weight-
ed bipartite graph (Fig. 4) can be constructed 
with weights w(1, 1), w(1, 2), w(2, 1) and w(2, 2). 
By using the Hungarian algorithm, the match-
ing plan (surrogate-relay pairs) with a minimum 
sum of weights (overall cost) can be determined. 
The time complexity of constructing the bipar-
tite graph is O(N2), and the weighted bipartite 
matching problem can be optimally solved by use 
of the Hungarian algorithm with a time complex-
ity of O(N3) [13].

gAme-theory-bAsed scheme
In order to develop a distributed mobile device 
association scheme with lower complexity, we 
now formulate the mobile device association 
problem for the joint task-data offloading frame-
work as a coalition game [14].

First, consider the critical part of the coalition 
game formulation, that is, constructing the pref-
erence order list for each mobile device i. A pref-
erence order list is a set of IDs of mobile devices 
that mobile device i is able to help (complete task 
offloading or data offloading before the end of 
the scheduling frame). IDs in a preference order 
list are in descending order according to the pref-
erence. Intuitively, the preference of a mobile 
device is determined according to its type:
• Surrogate i prefers to help relay j with as low 

as possible costtask(i, j).
• Relay j prefers to help surrogate i with as low 

as possible costdata(i, j).
Accordingly, we can construct a preference order 
list for each mobile device. To support self-cycle 
reciprocal groups, add mobile device i to the end 
of its own preference order list.

Based on the preference order list intro-
duced above, we next formulate a coalition game 
Omega with key elements listed as follows:
• Set of Players: the set of surrogate-type and 

relay-type mobile devices.
• Set of Cooperation Strategies: the set of all 

possible takers (mobile devices helped by oth-
ers) associated with all mobile devices (one-to-
one mapping).

• Characteristic of Coalition: the mapping from 
coalitions to cooperative strategies. Specif-
ically, for coalition Δ (a non-empty subset 
of the set of players), each mobile device in 
Δ helps one mobile device while helped by 
one mobile device.5 Meanwhile, each mobile 
device not in Δ would not participate in any 
cooperation.

• Preference of Player: mobile device i prefers a 
cooperation strategy A to another cooperation 
strategy B if and only if i’s taker in strategy 
A is preferred by mobile device i rather than 
that in strategy B, according to the preference 
order list.
The core of this coalitional game is a set of 

stable cooperation strategies, for which there does 
not exist new coalition Δ’ and its characteristic 
cooperation strategy such that mobile devices in 
coalition Δ can deviate and associate with a better 
taker by cooperation in coalition Δ’. The objec-
tive of the game-theory-based scheme is to find 
a core solution (i.e., one cooperation strategy in 
the core). Given the preference order lists of all 
mobile devices, a preference graph can be con-
structed for a given set of mobile devices. Specif-
ically, the given set of mobile devices is the set of 
vertices, and the set of edges represents the pref-
erences. There is an edge directed from mobile 
device i to mobile device j if and only if mobile 
device j is the most preferred taker (MPT) among 
the set of mobile devices according to the prefer-
ence order list of mobile device i.

According to [8], we propose a distributed, 
socially reciprocal group formation algorithm. 
The basic operation of the algorithm is to find 
reciprocal cycles through local probing messag-
es from mobile devices. For example, mobile 
device i first sends a probing message to its MPT, 
mobile device j. Mobile device j then forwards 
this message to its MPT. Such a process contin-
ues until mobile device i receives this message 
from another mobile device if a reciprocal cycle 
exists. The proposed algorithm’s detailed steps 
are given as follows:
• Step 1: During the random access window, 

each mobile device with indicator 1 (i.e., this 
mobile device is not involved in any reciprocal 
cycle) competes for the opportunity to per-
form reciprocal cycle discovery.

• Step 2: When mobile device i wins the compe-
tition, it first broadcasts an Occupy message 
to declare that it will perform reciprocal cycle 
discovery soon, and other mobile devices do 
not perform reciprocal cycle discovery until 
mobile device i finishes. Then mobile device i 
transmits a Probe message to its MPT, mobile 
device j.

• Step 3: Mobile device j, which receives the 
Probe message, will check its indicator’s value. 
In particular, if the indicator equals 0 (i.e., 
mobile device j has been involved in some 
reciprocal cycle), mobile device j sends a Skip 
message to mobile device i, and then mobile 
device i sends the Probe message to the next 
most preferable taker according to the prefer-
ence order list. If the indicator equals 1 (i.e., 
mobile device j has not been involved in any 
reciprocal cycle), mobile device j attaches its 
ID to the Probe message. Next, it transmits 
the Probe message to its MPT.

5 For a coalition with 
more than one player, 
each mobile device helps 
one other mobile device, 
and is helped by one 
other mobile device; for 
a coalition with a single 
player, the mobile device 
is actually not involved in 
any cooperation.

Figure 4. An illustration of the weighted bipartite matching for mobile 
device association.

Surrogate 1 Relay 1

Relay 2Surrogate 2

Authorized licensed use limited to: Auburn University. Downloaded on April 13,2020 at 02:15:06 UTC from IEEE Xplore.  Restrictions apply. 



IEEE Wireless Communications • August 2016 57

• Step 4: The process continues until there is a 
mobile device k that has received the Probe 
message before (i.e., a reciprocal cycle is iden-
tified). Mobile device k sets its indicator to 
0; then it can obtain the list of mobile devic-
es from the cycle (because of Step 3). Next, 
mobile device k broadcasts a feedback mes-
sage including the IDs of mobile devices that 
form the reciprocal cycle to all the mobile 
devices in the system. Mobile device k is also 
the leader of the cycle.

• Step 5: Each mobile device with indicator 1 
repeats Steps 1 to Step 4 until a new recipro-
cal cycle is discovered. Such a reciprocal cycle 
discovery process ends when all the mobile 
devices’ indicators equal 0.
It is not difficult to prove that the time com-

plexity of the game-theory-based mobile device 
association scheme is O(N2).

numerIcAl results
In this section, numerical results are presented 
through computer-based simulations. Regard-
ing the simulation scenario, a cluster of mobile 
devices is scatted in a round area and the area’s 
radius is 100 m, which ensures that all the mobile 
devices in the cluster can directly communicate 
with each other through D2D communications. 
The distance between the BS and the cluster cen-
ter is 500 m. There are N active mobile devices, 
which are divided into two types, surrogate and 
relay. It is assumed that 50 percent of mobile 
devices are surrogates. Each mobile device’s 
transmit power6 equals 100 mW, and the noise 
power density is set to –174 dBm/Hz. Each relay 
has been preassigned a sub-channel with a band-
width of 1 MHz, while each surrogate does not 
have a preassigned sub-channel. Additionally, 
the path loss of a cellular link and a D2D link 
are calculated according to the COST-231 Type 
E model (Walfish-Ikegami) and Type F model 
(WINNER II B1) [15], respectively. Large-scale 
shadowing and small-scale fading are also con-
sidered in the channel model. We denote T (in 
seconds) as the length of the scheduling frame, 
which is divided into two parts, the D2D phase 
and the cellular phase, and the percent of the 
cellular phase is 0.2.

Moreover, the computation capability of a 
surrogate ranges from 61.5 to 76.8 units/s, the 
computation capability of a relay ranges from 
20.5 to 25.6 units/s, the computation task load 
ranges from 15.3 to 19.2 units, the data off-
loading load ranges from 46 kB to 57.5 kB, the 
uploaded data of task offloading ranges from 
38.3 kB to 47.9 kB, and the downloaded data of 
task offloading ranges from 30.6 kB to 38.3 kB. 
The energy consumption of communication is 
calculated according to the transmit power of 
the mobile device (i.e., 100 mJ/s). According to 
experiments on an Android smartphone (XiaoMi 
Note2) with 2.0 GHz 8-core CPU and 3060 mAh 
battery capacity, we set the energy consumption 
of running resource-demanding tasks as 800 mJ/s.

In the simulation, we consider three different 
schemes as follows:
• No Cooperation: This is the case in which no 

cooperation is enabled among surrogates and 
relays. This means that a mobile device with 
an insufficient data usage budget has to trans-

mit its data to the BS by itself, and a mobile 
device with an insufficient energy budget has 
to execute the computation resource-demand-
ing task locally.

• Matching: This is the matching-based mobile 
device association scheme for the proposed 
framework, which is centralized.

• Game: This is the game theory-based mobile 
device association scheme for the proposed 
framework, which is distributed and has lower 
complexity.
We consider two performance metrics, ener-

gy consumption (the total energy consumed by 
relays) and data usage (the total data usage of 
surrogates that directly transmit data to the BS). 
Notice that when executing a task locally, the 
energy consumption of a relay is on computation; 
when offloading a task to a surrogate, the energy 
consumption of a relay is on communication for 
task data uploading and relaying transmission. 
In what follows, we vary the number of mobile 
devices and T to compare the performance of 
different schemes for a variety of scenarios.

The curves of energy consumption (in Joules) 
and data usage (in kilobytes) using three schemes 
vs. the number of mobile devices are depicted 
in Fig. 5. We could find that both game-theo-
ry-based and matching-based schemes can cut 
down on energy consumption and data usage, 
since they can stimulate relays and surrogates to 
form socially reciprocal groups, which can sig-
nificantly decrease energy consumption and data 
usage. Compared to the no cooperation scheme, 
the game-theory-based scheme can reduce 44 
percent of energy consumption and 45 percent of 
data usage when the number of mobile devices 
is 20, and the matching-based scheme reduces 
slightly more energy consumption and data usage 
than the game-theory-based scheme at the cost 
of higher complexity and the requirement of a 
centralized controller.

In Fig. 6, the curves of energy consumption 
and data usage by using three schemes vs. the 
scheduling frame length T are depicted when N 

6 Dynamic power control 
is not the focus of this 
article.

Figure 5. Energy consumption and data usage using three schemes vs. the 
number of mobile devices.
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is fixed to 20. Obviously, schemes for the pro-
posed framework can reduce more energy and 
data usage consumption with the increase of T.

In summary, the two schemes for the pro-
posed framework can efficiently reduce the 
energy consumption and data usage for mobile 
devices compared to the baseline scheme without 
cooperation among mobile devices.

conclusIon And future dIrectIon
In this article, a socially aware joint task-data 
offloading framework based on D2D communi-
cations has been proposed. Specifically, a mobile 
device association problem was formulated to 
socially organize mobile devices that have insuf-
ficient energy budget or data usage budget into 
socially reciprocal groups. Both centralized and 
distributed schemes were developed to achieve 
the reduction of energy consumption and data 
usage. Through numerical results, schemes for 
the proposed framework can significantly reduce 
the consumption of energy and data usage, which 
improves the user experience. Possible future 
directions could be:
• Considering more practical cases, for example, 

one surrogate serves multiple relays and one 
relay serves multiple surrogates

• Considering joint transmit power control and 
sub-channel allocation for the proposed joint 
task-data offloading framework

• Analyzing the performance bound of the pro-
posed joint task-data offloading framework
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scheduling frame length T.

0.5 1 1.5 2 2.5
2

3

4

5

6

T (s)

En
er

gy
 c

on
su

m
pt

io
n 

(J
)

 

 
Game
Matching
No cooperation

0.5 1 1.5 2 2.5

200

300

400

500

T (s)

D
at

a 
us

ag
e 

(k
B)

 

 

Game
Matching
No cooperation

Authorized licensed use limited to: Auburn University. Downloaded on April 13,2020 at 02:15:06 UTC from IEEE Xplore.  Restrictions apply. 



IEEE Wireless Communications • August 2016 59

in 1997 and 2000, respectively, and his Ph.D. degree 
in information and communication engineering from 
Huazhong University of Science and Technology in April 
2004. From August 2004 to December 2007, he worked in 
some universities, such as Brunel University and the  Uni-
versity of Michigan-Dearborn. He has authored or co-au-
thored over 200 technical papers in major journals and 
conferences, and 8 books/chapters in the areas of com-
munications and networks. He has served or is serving as 
a Symposium Technical Program Committee member of 
some major IEEE conferences, including INFOCOM, GLO-
BECOM, ICC, and others. He was invited to serve as TPC 
Symposium Chair for IEEE GLOBECOM 2013, IEEEE WCNC 
2013, and ICCC 2013. He has served or is serving as Asso-
ciate Editor of some technical journals in communications, 
including IEEE Transactions on Signal Processing, IEEE 
Communications Surveys & Tutorials, IEEE Transactions 
on Vehicular Technology, and the IEEE Internet of Things 
Journal. He is a recipient of the NSFC for Distinguished 
Young Scholars Award in 2013, and he is also a recipient 
of the Young and Middle-Aged Leading Scientists, Engi-
neers and Innovators by the Ministry of Science and Tech-

nology of China in 2014. He was awarded as the Most 
Cited Chinese Researcher in Computer Science announced 
by Elsevier in 2014 and 2015.

Shiwen Mao [S’99, M’04, SM’09] received his Ph.D. in elec-
trical and computer engineering from Polytechnic Universi-
ty, Brooklyn, New York. He is the Samuel Ginn Distinguished 
Professor and Director of the Wireless Engineering Research 
and Education Center (WEREC) at Auburn University, Ala-
bama. His research interests include wireless networks 
and multimedia communications. He was a Distinguished 
Lecturer of the IEEE Vehicular Technology Society Class of 
2014. He is on the Editorial Boards of IEEE Transactions 
on Multimedia, the IEEE Internet of Things Journal, IEEE 
Communications Surveys & Tutorials, and IEEE Multimedia, 
among others. He received the 2015 IEEE ComSoc TC-CSR 
Distinguished Service Award, the 2013 IEEE ComSoc MMTC 
Outstanding Leadership Award, and the NSF CAREER Award 
in 2010. He is a co-recipient of the Best Paper Awards from 
IEEE GLOBECOM 2015, IEEE WCNC 2015, and IEEE ICC 
2013, and the 2004 IEEE Communications Society Leonard 
G. Abraham Prize in the Field of Communications Systems.

Authorized licensed use limited to: Auburn University. Downloaded on April 13,2020 at 02:15:06 UTC from IEEE Xplore.  Restrictions apply. 


