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Abstract—We consider an integrated mobile gaming platform,
in which the mobile device (e.g., smartphone) of a player can of-
fload some game tasks toward a server as well as some neighboring
mobile devices. The advantages of such a platform are manyfold: it
can lead to an improved game experience, to a better use of energy
resources, and, while offloading tasks to other mobile users, to the
exploitation of the unused computing and storage resources of the
mobile equipment, thus reducing the bandwidth and computing
costs of the overall system. In this context, we formulate the prob-
lem of offloading the game computational tasks as an optimization
problem that minimizes the maximum energy consumption across
a set of mobile devices, under the constraints of a maximum re-
sponse time and a limited availability of computation, communi-
cation, and storage resources. In light of the problem complexity,
we then propose a heuristic, called Task Allocation with Minimal
Energy cost (TAME), which is shown to closely approximate the
optimal solution in all scenarios we considered. TAME also out-
performs state-of-the-art algorithms under both synthetic and real
scenarios, which have been devised based on a realistic and detailed
energy consumption model for computation and communication
resources. Our results, although tailored to mobile gaming, could
be extended to other applications, where it may be beneficial to
offload computational and storage tasks through device-to-device
communications, as enabled by Wi-Fi, Bluetooth, or the upcoming
5G technology.

Index Terms—Fog computing, online games, optimization, task
offloading algorithms.

I. INTRODUCTION

MOBILE cloud gaming (MCG) [1] offers the possibility of
running sophisticated games on thin mobile devices by

offloading heavy tasks to the cloud. In this way, mobile games
can be accessed on any device from anywhere with a simple
setup. During the last few years, MCG has sharply motivated
the expansion of mobile game industry. According to the report
by Newzoo [2], in 2016 game users generated $99.6 billion rev-
enue, with an increase of 8.5% compared to 2015, and mobile
games began to take a larger market share than their personal
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computer (PC) counterparts for the first time. Additionally, the
Asia Pacific cloud gaming market is expected to witness a com-
pound annual growth rate of 22% between 2016 and 2022 [3].
Finally, as a prevalent gaming model, MCG is widely supported
by many famous online gaming platforms including Onlive [4]
and GamingAnywhere [5].

In spite of the increasing popularity of MCG, several impor-
tant challenges still need to be faced. First, offloading tasks to
the remote cloud imposes extra communication latency, which
may degrade users’ quality of experience and limit user coverage
due to strict requirements on the response delay [6], [7]. Second,
a large amount of bandwidth is required in order to guarantee
high game quality, which, in turn, increases the costs for gam-
ing service providers [1]. Third, cloud infrastructure requires
more and more resources to cater the ever-increasing demands
of large-scale mobile games (e.g., World of Warcraft) [8].

In this paper, we propose a general mobile gaming platform,
named integrated mobile gaming (IMG), which combines the
available resources at both a game server and the neighbor mo-
bile nodes, denoted as mobile fog, to run a game on behalf of
the player’s device. This new model shares MCG’s idea of aug-
menting mobile devices with computation offloading, whereas
it overcomes the intrinsic drawbacks of traffic offloading such
as long response latency, wireless bandwidth consumption, and
limited available energy and computational resources. By par-
titioning a game into fine-granularity tasks and offloading part
of them to either the game server or neighbor nodes cognitively,
not only the player’s local device can save energy, but also the
available resources of the network can be better utilized. Similar
to [9] and [10], we partition games into multiple tasks, at both
object and method levels, for the sake of offloading flexibility.
Then, we determine the offloading strategy by solving an inte-
ger linear programming (ILP) problem as well as by devising
an approximation algorithm exhibiting excellent scalability.

As an example, consider the IMG scenario depicted in Fig. 1,
including the player’s device (denoted by n0) and some mobile
devices in proximity, a point of access (PoA) and a game server,
located at the edge of the network. Notably, the PoA can be a
standard Wi-Fi access point (AP) or can be the access node of
a cellular network. Beside the connection with the game server
through the PoA, each of the mobile devices can exploit device-
to-device (D2D) communications with the neighboring nodes,
enabled by Bluetooth or Wi-Fi Direct technologies. According
to the IMG model, the game running on n0 is first partitioned into
tasks, part of which can be offloaded to the neighboring devices
(e.g., n1 and n2 ) or the game server, without degrading gameplay
experience. Through task offloading, we aim to minimize the
maximum energy consumption across all mobile nodes, instead
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Fig. 1. Exemplifying scenario of IMG.

of just at the player’s device, since, as shown in [11], the case
of multiple players in the network minimizing unilaterally the
energy cost for their own devices may end up with a lose–lose
situation.

To the best of our knowledge, this is the first paper that
exploits both edge computing and mobile fog computing for
energy-efficient mobile gaming. In more detail, we provide the
following contributions.

1) We formulate the optimal energy-aware task offloading
problem for mobile gaming under the IMG model.

2) We devise an approximate algorithm, named Task Alloca-
tion with Minimal Energy cost (TAME), which is able to
account for both computation and communication costs.

3) We evaluate the performance of TAME under synthetic
and realistic scenarios and show numerically that it ap-
proximates very closely the optimal solution and outper-
forms other state-of-the-art offloading algorithms.

The remainder of this paper is organized as follows.
Section II presents the system model of IMG and describes the
available computation and communication network resources
as well as the game structure in terms of tasks and their inter-
action. Section III introduces the optimal energy-efficient task
offloading problem, while Section IV describes our approximate
algorithm TAME. Section V presents the methodology used to
investigate the system performance, which is then shown in
Section VI. Finally, Section VII discusses related work high-
lighting the novelty of our contribution.

II. SYSTEM MODEL FOR IMG

We first introduce the network graph GN , which describes
the network topology and all its computation, communication,
and storage resources. Then, we define the task graph GT ,
characterizing the game tasks and their dependence.

A. Network Model

We consider the network topology depicted in Fig. 1. Each
mobile device can communicate with a PoA, e.g., a Wi-Fi AP or
a base station, and with its neighbor mobile nodes through any
D2D communication technology. We envision that the mobile
game server is implemented as a network function virtualization
(NFV) application in the mobile network operator infrastructure
and connected to the PoA through a wired connection. Leverag-
ing the information available at the PoA on the user presence,
the server can provide the application at the player’s device with
the list of nodes that can be involved in the task offloading. Com-
munication links between the player’s device and its neighbors

Fig. 2. Sample network graph GN with three mobile nodes: one player’s node
n0 and two neighbor nodes n1 and n2 .

TABLE I
NETWORK MODEL NOTATION

can be established using standard procedures for D2D commu-
nications [12]. Alternative solutions where the game server is
located in the cloud can be envisioned as well.

LetN be the set of all network nodes, comprising the mobile
nodes and the PoA. We denote by n a generic network node;
with an abuse of notation, we will use a, with a ∈ N , to re-
fer to both the PoA and the game server. We assume that the
network evolves through a sequence of temporal epochs, each
with duration of the order of tens of seconds or minutes. During
each epoch, the communication capacity between pairs of nodes
remains constant; indeed, we include in the N set only those
neighbor nodes whose movement with respect to the player’s
device is negligible during an epoch.

Let GN be the network graph representing our network dur-
ing an epoch: each vertex corresponds to a network node, while
edges represent communication links between nodes in radio
visibility. An example of GN in the case of a network including
three mobile users is depicted in Fig. 2, while Table I summa-
rizes the notation we use to describe the network. Let n0 be the
game player’s device. A generic mobile node n is characterized
by computation capacity Cn , available storage Sn , and avail-
able energy En . The server node a has computation capacity
Ca , while its available storage and energy are considered as
unbounded. Let Bn,m be the throughput between nodes n and
m, and Bn,a the throughput between node n and the PoA. We
assume that the propagation delay from any mobile node to the
PoA is negligible, and that the available bandwidth between the
PoA and the game server is so high that the only contribution
to the communication delay between the PoA and the server
is due to the propagation delay, denoted with Dac . Regarding
the energy consumption, we define EC

n as the per-clock-cycle
energy cost due to computing at node n. With regard to the
transmission from node n to node m, let ET

n,m and ER
n,m be

the per-bit energy cost for the transmission and the reception

Authorized licensed use limited to: Nokia. Downloaded on May 07,2022 at 22:15:58 UTC from IEEE Xplore.  Restrictions apply. 



1548 IEEE SYSTEMS JOURNAL, VOL. 13, NO. 2, JUNE 2019

Fig. 3. Sample task graph GT composed of one local task t0 and two generic
tasks t1 , t2 .

TABLE II
GAME MODEL NOTATION

of data, respectively, similarly to the models adopted in [11]
and [13].

B. Mobile Game Model

The software of a game can be partitioned into several tasks.
Different levels of granularity for the definition of the tasks
can be adopted. For example, in a shooter game, the collision
detection could be a single task defined at the method level, i.e.,
shared across the objects requiring the evaluation of collisions.
Instead, the automata governing different entities interacting in
the game (e.g., the enemies) could run as individual tasks at the
object level, i.e., one automata task for each entity. Finally, the
artificial intelligence (AI) module, comprising a compound of
multiple classes, could run as a single task. As another example,
in a chess game with two self-playing opponents, the AI module
could run as a single task at the class level (if shared between
the two opponents) or as two distinct tasks at the object level
(i.e., one for each opponent). In Section V-C2, we will describe
in detail the tasks, defined at class level, that can be obtained for
two real-world games.

Additionally, in real-time games, the software manages the
calls of the tasks within a main event loop, which is responsible
to update the entire state of the game, given the players’ inputs,
and to render the scene. The duration of the event loop is typ-
ically bounded by the scene frame period (e.g., 33 ms for 30
frames/s) with duration F .

For the sake of generality, we describe the tasks and their
dependencies through a directed graph, called task graph and
denoted by GT . Each vertex corresponds to a task, and an edge
connects two vertices if there exists a dependence between the
corresponding tasks, e.g., the output of the first task is used as
input to the second one, or the second task runs only after the
first has been completed. Fig. 3 shows a sample graph with three
tasks; in Section V-C2, we will then discuss a methodology to
obtain such a task graph in the case of real-world games.

The notation we use for the task graph is summarized in
Table II. Let T be the set of all tasks, assumed to run in real time.
Let t0 be a special task (possibly comprising a set of specific
subtasks) that must run locally on the player’s device n0 (e.g.,

TABLE III
DECISION AND AUXILIARY VARIABLES IN THE OPTIMIZATION PROBLEM

I/O processing, video rendering, or decoding). Each task t is
characterized by a computation requirement ct , expressed as
the number of CPU cycles in a frame period, coherently with
standard practice [11], [13]. Let Wt,τ be the average amount of
data, measured in bits, sent from task t to task τ during a frame
period. Some tasks may need some objects for their execution
(e.g., the textures shown in the game, or the sounds), which
must be stored at the nodes running the tasks. We assume that
the game server has a copy of every object, and that, at the
beginning of each frame period, both the availability of objects
at each node and the set of objects required by a task are known.
With an abuse of notation, we say that o ∈ n if object o is locally
available at node n, and o ∈ t if object o is required by task t.
Finally, for simplicity, we assume that only one portable device
within the neighborhood is involved actively in the game playing
activity.

III. PROBLEM FORMULATION

We formulate the problem of optimal energy-aware task of-
floading, under the system constraints presented in Section II.
The aim of the problem is to allocate each task to the most suit-
able node, so that the maximum energy consumption across the
mobile nodes, including the player’s one, is minimized. This en-
sures fairness in the energy toll requested to the mobile nodes for
the game execution, and it can also be easily adapted to the case
where the player’s device is supposed to pay a higher energy
toll than its neighbor devices. Notably, a different optimization
objective could lead to a lower total energy consumption, but
with very unfair allocation of the tasks across the nodes, which
may be unacceptable for the user devices.

Input to the optimization problem are the network model,
described by GN , and the game model, described by GT . The
main decision variable is the binary variable Xt,n , which takes
1 iff task t is offloaded to node n and zero otherwise, with
Xt,a = 1 denoting that the task is allocated to the game server.
The related decision and auxiliary variables are summarized in
Table III.

The objective function is

min max
n∈N\{a}

εn (1)

where εn is the energy cost on node n (excluding the PoA) due
to the game execution, during a given frame period. As detailed
in Section III-A, εn accounts for the energy consumption due
to task processing, as well as to the communication required
for task offloading, retrieval of nonlocal objects, and data ex-
change between tasks. In addition, our optimization framework
accounts for the performance perceived by the user, defined as
response delay of the game software. Indeed, a game with a high
response delay or a low frame rate cannot guarantee accurate
and fluent game scenes; thus, in our optimization problem, we
constrain the response time to be below a given threshold. This
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performance metric is defined in detail in Section III-B, while
the system constraints under which the optimization problem
should be solved are reported in Section III-C.

A. Mobile Node Energy Consumption

The total energy cost for any mobile node n, with n ∈ N \
{a}, in the given frame period is the summation

εn = εP
n + εC

n + εM
n + εO

n . (2)

Each term is defined as follows.
Task processing energy consumption εP

n : The total energy
consumption of mobile node n, due to the computation of the
tasks that node n hosts, is given by

εP
n =

∑

t∈T
Xt,n · EC

n · ct (3)

where EC
n denotes the per-clock-cycle energy cost of node n and

ct is the required number of CPU cycles for task t. Thus, Xt,n ·
EC

n · ct is the energy consumption due to t being offloaded
to n.

Task communication energy consumption εC
n : Each mobile

node transmits and receives data from other nodes on behalf of
the hosted tasks. The corresponding energy consumption at the
generic node n is evaluated as follows:

εC
n =

∑

t,τ ∈T
t �=τ

∑

m∈N\{n}
Wt,τ · (πt,τ

n,m · ET
n,m + πt,τ

m,n · ER
m,n ) (4)

where we recall that Wt,τ represents the amount of data that task
t sends to task τ . The first term within the summation denotes the
energy used by node n to transmit to m (i.e., ET

n,m ), whenever
t is running on n and τ on m (i.e., πt,τ

n,m = 1). Similarly, the
second term is the energy used by n, running τ , to receive data
from task t running on m (i.e., ER

m,n ). Notably, we also consider
the reception of data from the PoA (i.e., m = a).

Task migration energy consumption εM
n : In the case of task

migration from the player’s node n0 to another node m (possibly
including the game server a), the energy cost at n0 due to the
task transmission is

εM
n0

=
∑

t∈T

∑

m∈N \{n0 }
st ·Xt,m · ET

n0 ,m (5)

where st denotes the size of task t. Similarly, the energy cost at
a generic destination node n receiving a task from n0 is

εM
n =

∑

t∈T
st ·Xt,n · ER

n0 ,n n �= n0 , a. (6)

Note that we excluded the energy consumption at the PoA (i.e.,
n �= a), since the PoA operates without energy limitations.

Object retrieval energy consumption εO
n : Since tasks may

need to load some objects as input for execution, the nodes
hosting the tasks are in charge of downloading the required
objects from other nodes if not locally available. As a result, a
node may need to transfer its locally available objects to others
or receive objects from other nodes. Thus, any n ∈ N \ {a}
may experience the following energy consumption:

εO
n =

∑

o∈O

∑

m∈N\{n}
so · (ηo,m,n · ER

m,n + ηo,n,m · ET
n,m ) (7)

where so denotes the size of object o and ηo,m,n indicates
whether n needs to download object o from m or not. In par-
ticular, the two terms in the above equation represent the total
energy cost for node n to, respectively, retrieve objects from
others and transmit objects to others.

B. Response Delay

The response delay δ experienced by the player in a given
frame period is given by

δ = δM + δR + δP + δE (8)

where each term is described as follows.
Task migration delay δM : The tasks that are offloaded from

n0 to other nodes or to the game server for remote execution
require to be transmitted; thus, they experience some migration
latency given by

δM =
∑

t∈T

∑

n∈N\{n0 ,a}

(
Xt,n · st

Bn0 ,n
+ Xt,a ·

(
st

Bn0 ,a
+ Dac

))
.

(9)
The first term in (9) is the transmission time of task t, of size
st , from n0 to another mobile node n, given that the expected
throughput between the two nodes is Bn0 ,n . The second term
in (9) is instead the migration delay from n0 to the game server,
given the transmission time to the PoA (i.e., st/Bno ,a ) and the
propagation delay Dac from the PoA to the game server.

Task processing delay δP : The processing time of task t,
requiring ct cycles and running on node n with Cn processing
capability, is ct/Cn . Notably, in the case the task runs in the
server, this turns out to be ct/Ca . The overall execution time
depends on the degree of parallelism allowed to run the tasks. If
we assume that all tasks are executed sequentially, the total task
processing delay δSeq is

δSeq =
∑

t∈T

∑

n∈N

Xt,n · ct

Cn
.

Instead, if all tasks are executed in parallel, the total task delay
δPar is the maximum among all the processing nodes

δPar = max
n∈N

∑

t∈T

Xt,n · ct

Cn
.

We expect that in realistic scenarios, some tasks can be executed
in parallel and others sequentially. As a result, the actual task
processing time is bounded as follows:

δPar ≤ δP ≤ δSeq. (10)

In the following, for a worst-case design, we will consider
δP = δSeq.

Task communication delay δE : As shown in Fig. 3, tasks may
need to exchange data, introducing communication latency. For
a worst-case design, we assume sequential communications,
and thus, the task communication delay can be formulated

Authorized licensed use limited to: Nokia. Downloaded on May 07,2022 at 22:15:58 UTC from IEEE Xplore.  Restrictions apply. 



1550 IEEE SYSTEMS JOURNAL, VOL. 13, NO. 2, JUNE 2019

as follows:

δE =
∑

t,τ ∈T
t �=τ

(
∑

n,m∈N
n �=m,a

Wt,τ · πt,τ
n,m

Bn,m

+
∑

n∈N\{a}

(
πt,τ

a,n + πt,τ
n,a

)
·
(

Wt,τ

Bn,a
+ Dac

))
. (11)

The first term in (11) includes the duration of the transmission
from task t to task τ occurring from mobile node n to mobile
node m and equal to Wt,τ /Bn,m , whenever such transmission
occurs (i.e., πt,τ

n,m = 1). The second term in (11) considers the
communications between the game server and a mobile node.
It includes the transmission time Wt,τ /Bn,a from/to the PoA
and the propagation delay Dac between PoA and the game
server whenever such communication occurs, either from the
mobile node to the game server (i.e., πt,τ

n,a = 1) or vice versa
(i.e., πt,τ

a,n = 1).
Object retrieval delay δR : We assume that objects, if needed,

are retrieved sequentially; thus, the total object retrieval delay
is formulated as follows:

δR =
∑

o∈O

∑

n∈N\{a}

∑

m∈N\{n,a}

(
ηo,m,n · so

Bm,n

+ ηo,a,n ·
( so

Bn,a
+ Dac

))
. (12)

The first term in (12) represents the total delay so/Bm,n for
mobile node n to retrieve object o from mobile node m whenever
convenient (i.e., ηo,m,n = 1). The second term refers to the
download time of o from the game server, i.e., between the game
server and the PoA (i.e., Dac ) and between the PoA and node
n (i.e., so/Bn,a ), whenever this case happens (i.e., ηo,a,n = 1).
We recall that the game server has a copy of any object; thus,
objects are never uploaded to the server.

C. Constraints

Given the variables defined above, the IMG system is subject
to the constraints listed as follows.

Maximum response delay: The execution of all tasks related
to a given frame period needs to be completed within the frame
itself

δ ≤ F. (13)

Task mapping: Each task can only be offloaded to either a
mobile node or the game server, i.e.,

∑

n∈N
Xt,n = 1 ∀t ∈ T . (14)

Additionally, since t0 is the local task that must run on node n0 ,
we force Xt0 ,n0 = 1.

Task communication: The auxiliary binary variable πt,τ
n,m is

related to the main decision variable Xt,n as follows:

πt,τ
n,m =

{
Xt,n ·Xτ,m , if Wt,τ > 0

0, else
(15)

i.e., a data transfer between tasks t and τ running, respectively,
on nodes n and m occurs only if τ gets as input t′s output, and

t and τ are actually assigned to the two mobile nodes. In order
to obtain linear constraints, we can equivalently express (15),
when Wt,τ > 0, as

πt,τ
n,m ≥ (Xt,n + Xτ,m − 1) , πt,τ

n,m ≤ Xt,n , πt,τ
n,m ≤ Xτ,m .

Object demand: Let νn,o be a binary variable such that νn,o =
1 iff one or more tasks on node n need object o to be executed.
Thus, the value of νn,o should be such that

∑

t|o∈t

Xt,n ≤ K · νn,o (16)

∑

t|o∈t

Xt,n ≥ νn,o (17)

where K is a large enough constant. Indeed, if at least one
task t running on node n needs object o (thus, Xt,n = 1 and
o ∈ t), then the summation across all tasks in (16) implies νn,o =
1; otherwise, (17) imposes νn,o = 0. We remark that (17) is
superfluous, since the energy minimization will prevent the case
νn,o = 1 to occur whenever task t does not require object o.

Object retrieval: If node n hosts tasks requiring an object
that is not locally available, then one copy of the object must be
downloaded from other nodes, i.e., for any o /∈ n

K ·
∑

m∈N\{n}
ηo,m,n ≥ νn,o . (18)

An object is downloaded by n from other nodes (i.e.,∑
m∈N\{n} ηo,m,n = 1) iff it is not locally available (i.e., o /∈ n),

and it is needed by the tasks running on node n (i.e., νn,o = 1),
as modeled in (18). Similarly to (17), we remark that νn,o will
take zero unless (18) is satisfied.

1) Resource Capacity: Since mobile devices have limited
battery and computation capabilities, they must have enough re-
sources in order to host tasks. For each mobile device, we define
four kinds of resource capacity constraints: CPU, bandwidth,
storage, and energy constraints, as described in the following.

Node CPU constraint: Each node n (either a mobile node or
the game server) must have enough CPU to satisfy the compu-
tation requirements of all the tasks it hosts in the given frame
period. Thus, for any n ∈ N , we have

∑

t∈T
Xt,n · ct ≤ F · Cn. (19)

The left side is the summation of CPU cycles required by all
tasks running on node n, while the right side is the total number
of CPU cycles available at the node.

Node bandwidth constraint: In the given frame period, each
node n (either a mobile node or the PoA/server) must have
enough bandwidth to support the data exchange between the
local tasks and the remote tasks running on other nodes. Hence,
for any n,m ∈ N , we have

∑

t,τ ∈T
t �=τ

Wt,τ · (πt,τ
n,m + πt,τ

m,n ) ≤ F ·Bn,m . (20)

The left side of (20) is the total amount of data that node n
transmits/receives to/from m (i.e., πt,τ

n,m and/or πt,τ
m,n are equal

to 1). The right side of (20) is the total amount of data node n
can exchange with m in the given frame period.
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Node storage constraint: In a given frame period, each mobile
node n has to store the objects needed by its local tasks, i.e.,
for any n ∈ N \ {a}, the total size of stored objects cannot be
larger than the available storage at n

∑

o∈O
νn,o · so ≤ Sn . (21)

Note that we implicitly assume nonpersistent storage, and we
expect that nonneeded objects can be deleted by node n at the
beginning of a frame period whenever νn,o = 0 and the storage
is full. We stress, however, that the set of objects stored by a
node at the beginning of one frame period is given and used as
input to the optimization problem for the current frame period.

Node energy constraint: The energy consumption εn cannot
be larger than the available energy En of a mobile node n,
during the frame period, i.e., for any n ∈ N \ {a}, we have

εn ≤ En. (22)

Recall that the game server has CPU and bandwidth limitations
only.

D. Problem Complexity

The above ILP formulation involves four kinds of decision
variables and six kinds of constraints. It can be shown that the
total number of variables grows as O(|N |2 |O|, |T |2 |N |2), and
the total number of constraints grows as O(|T ||N |, |O||N |).
According to [14], for a linear programming problem with v
variables and α constraints, the complexity of an ILP solver is
O(22v

α). Thus, the final complexity to solve our optimization
problem is

{
O(22 |T |

2 ·|N |2 |T ||N |), for |T | > |O|
O(22 |O|·|N |

2

|O||N |), for |T | ≤ |O|
which underlines that the problem complexity greatly increases
with the number of tasks and mobile nodes.

IV. TAME ALGORITHM

The optimization problem presented in Section III can be
solved with ILP solvers in the case of small problem instances,
but, due to its high complexity, it cannot scale to large net-
work/game instances. We, therefore, devise a low-complexity,
greedy algorithm, named TAME, which is amenable to an im-
plementation in mobile user devices and can provide a swift so-
lution to the problem of computational task offloading. TAME
is inspired by the well-known greedy BestFit approximation
algorithm, which has low complexity and has been shown to
be very efficient in the allocation of virtual machines in cloud
computing systems [15].

At each iteration, TAME assigns a task to the node that mini-
mizes the energy cost. This cost depends on both communication
and computation. To minimize the complexity when evaluating
the energy costs, TAME identifies the dominant factor (either
computation or communication) contributing to the total energy
cost, based on all unallocated tasks. The task to offload is chosen
according to the dominant factor, while ensuring compatibility
with the resources (computation, communication, and storage)
that are available locally and at the neighbor nodes. In other
words, at each iteration, TAME adapts its “energy-awareness”

Algorithm 1: TAME Algorithm.
Require: GT ,GN

1: Xt,n = 0,∀t ∈ T ,∀n ∈ N �Init with no allocated task
2: Xt0 ,n0 = 1 �Allocate local task/s to n0
3: Ω = T \ {t0} �Init set of unallocated tasks
4: while Ω �= ∅ do �For all unallocated tasks
5: εcpu = ÊC · (

∑
t∈Ω ct) �Energy due to computation

6: εcom = (ÊT + ÊR ) · (
∑

t,τ ∈Ω ,τ �=t
Wt,τ ) �Energy

due to communication
7: if εcpu ≥ εcom then�Computation energy is dominant
8: t∗ ← arg maxt∈Ω{ct} �Task

with highest computation requirement
9: τ ∗ = {} �Task τ ∗ is undefined

10: else �Communication energy is dominant
11: t∗, τ ∗ ← arg maxt,τ ∈Ω{Wt,τ + Wτ,t} �Task pair

with highest communication requirement
12: for all n ∈ N do �Find most energy-convenient

node
13: assume t∗ (and, possibly, τ ∗) is offloaded to n
14: if all the constraints are satisfied then
15: ên ← maximum energy cost across the mobile

nodes if t∗ (and, possibly, τ ∗) is offloaded to n
16: else
17: ên ←∞ �n is not suitable
18: n∗ = arg minn∈N{ên} �Find the node with

minimum energy
19: if εn∗ <∞ then �A feasible choice exists
20: Xt∗,n∗ = 1 �Offload t∗ on n∗

21: Ω = Ω \ {t∗} �t∗ will not be further considered
22: if τ ∗ �= {} then �If τ ∗ is defined
23: Xτ ∗,n∗ = 1 �Offload τ ∗ on n∗

24: Ω = Ω \ {τ ∗}�t∗ will not be further considered
25: else
26: return �Task offloading is not possible
27: return X

to the most relevant energy contribution. It is worth mentioning
that knowledge about the neighbors’ resources can be acquired
by the player’s node through the assistance of the game server.

The pseudocode of TAME is presented in Algorithm 1, which
takes both the task graph GT and the network graph GN as input
and returns the task allocationX = {Xt,n}. After initialization,
TAME allocates the local tasks t0 to the player’s device n0
(line 2). Then, it considers the remaining tasks iteratively, until
all of them have been allocated (lines 4–26). At each iteration,
TAME estimates the total energy cost due to computation and
communication for all the unallocated tasks. This allows iden-
tifying the major contribution to the energy cost and, based on
that, the optimal task allocation. In more detail, let ÊC be the
energy consumption corresponding to one computation unit, av-
eraged across all the mobile nodes; then, εcpu is the estimated
total energy cost due to computation for all unallocated tasks
(line 5). Likewise, let ÊT and ÊR be the energy consumption
due to the transmission and reception, respectively, averaged
across all possible pairs of mobile nodes. Then, εcom is the es-
timated total energy cost due to communication between all
unallocated tasks (line 6). If the dominant energy contribution
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is due to computation, the unallocated task with the maximum
energy (t∗) is selected (line 8). Otherwise, the dominant energy
is due to communication; thus, the pair of unallocated tasks with
the maximum communication cost (t∗ and τ ∗) are selected. Af-
ter having selected the task (or the pair of tasks) to allocate,
all the mobile nodes are considered as candidates to host such
task/s (lines 12–17). When a generic candidate node n is con-
sidered, the constraints on the maximum response delay and on
the CPU, bandwidth, storage, and energy resources are evalu-
ated (as detailed in Section III-C). If all constraints are satisfied
(line 14), then ên records the maximum energy cost among all
the nodes, assuming that t∗ (and possibly τ ∗) is allocated on
the node under consideration. Among all nodes for which the
allocation is feasible, TAME selects the node n∗ for which the
cost ên∗ is minimum (line 18). Finally, t∗, and possibly τ ∗, is
offloaded to node n∗ (lines 20–24).

Note that, since TAME greedily allocates tasks in each it-
eration, at some point, it may happen that the response delay
constraint cannot be met under the current partial task alloca-
tion, thus resulting into an allocation failure. To solve this issue,
TAME adopts a worst-case prediction approach: when it verifies
the response delay constraint (line 14), it assumes that for the
future iterations, the unallocated tasks will run in the player’s
node n0 . All nodes that fail to satisfy this response delay con-
straint are excluded from further inspection. So doing, TAME
minimizes the probability of task offloading failure.

V. PERFORMANCE EVALUATION METHODOLOGY

We now introduce the methodology adopted to assess the
performance of our scheme and to compare it against state-of-
the-art solutions. In particular, Section V-A describes the two
algorithms we use as benchmarks for the TAME algorithm,
while Sections V-B and V-C present, respectively, the network
scenarios and the network task graphs used in our experiments.

A. Benchmark Schemes

We evaluate the performance of our TAME algorithm against
the following three approaches.

1) BESTFIT considers the tasks in a decreasing order of CPU
requirements and offloads each task to the node with the
minimum available CPU resource, thus consolidating the
tasks into the minimum number of mobile nodes such that
the system constraints are met. As an example, assume that
all mobile nodes have the same CPU capacity: since the
local task t0 is initially allocated to node n0 , all other tasks
will be allocated into n0 until possible. Then, BESTFIT will
assign tasks to the node with maximum available CPU till
its capacity is saturated, and it will proceed in this way
till no further allocation is possible. It follows that often
BESTFIT does not offload any task.

2) GRAPHMERGE [16] is based on the idea of combining tasks
with low computation requirements and high communica-
tion cost into a “supertask,” which is then allocated to the
most suitable node. This is equivalent to merging nodes in
the task graph, and it has the advantage of nullifying the
energy cost due to communication between tasks that fall
within the same supertask, since they will be colocated in
the same physical node.

TABLE IV
EXPERIMENTAL SETTING FOR THE NETWORK MODEL GN

TABLE V
ENERGY COST DUE TO COMPUTATION

TABLE VI
ENERGY COST DUE TO COMMUNICATION

3) OPTIMAL solves optimally the ILP optimization problem
formulated in Section III.

TAME, BESTFIT, and GRAPHMERGE are implemented in
Python, while in OPTIMAL, the solution is obtained by using
the Gurobi solver [17]. We evaluate the approximation ratio
of each algorithm defined as the ratio of the cost function
maxn∈N\{a} εn [as defined in (1)] obtained through the algo-
rithm to that of OPTIMAL. Clearly, by construction, the approx-
imation ratio is always equal to or greater than 1.

B. Network Scenarios

To generate the network model described by GN , we consider
a network scenario characterized by the parameters listed in
Table IV. The chosen CPU clock frequencies are derived from
commercial products: Ca is coherent with Intel i7/i9 CPU cores,
and Cn with Samsung Exynos processors (considered later in
Table V) as well as with state-of-art Qualcomm Snapdragon
processors. The values we selected as size of storage resources
are compatible with the maximum size available in high-level
smartphones (e.g., iPhone 8). We vary the total number of net-
work nodes |N | (which we recall it includes the player’s node
n0 and the game server a) from 4 to 12; this corresponds to a
number of neighbor mobile nodes for n0 varying from 2 to 10.
Node n0 is connected to the neighbor nodes through a Wi-Fi
Direct or Bluetooth interface, while it communicates with the
PoA through a Wi-Fi interface. The delay Dac varies from 1 ms
(which is very small and typical of edge computing systems) to
50 ms (which is reasonable for a game server in the cloud [18]).
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TABLE VII
EXPERIMENTAL SETTING FOR SYNTHETIC TASK GRAPHS

The energy consumption for computation (EC
n ) and commu-

nication (ET
n,m ,ER

n,m ) are all derived from real-world mobile
processors and wireless modules, as detailed in the following.

Computation energy cost EC
n : We estimate the energy con-

sumption per clock cycle by dividing the nominal maximum
power of a mobile processor by its maximum CPU frequency.
Specifically, we consider two mobile processors: the Exynos
5433 equipping the Samsung Note 4 [19] and the Exynos 7420
equipping the Samsung Galaxy S6 [20]. The resulting values
are shown in Table V.

Communication energy costs ET
n,m and ER

n,m : We estimate
the energy cost to transmit (ET

n,m ) and receive (ER
n,m ) data

by computing the per-bit energy consumption through the for-
mula V · I/r applied to the considered communication chipset,
where V is the voltage supply and I is the current when transmit-
ting/receiving at the physical data rate r. We consider different
Wi-Fi and Bluetooth chipsets, and we set their physical-layer
data rate to r = 54 Mb/s for Wi-Fi and r = 3 Mb/s for Bluetooth.
Indeed, in order to achieve, e.g., a 20-Mb/s throughput in Wi-Fi,
a data rate of 54 Mb/s should be adopted. Note that the Wi-Fi
chipsets support also Wi-Fi Direct, since the two technologies
share the same physical layer.

C. Task Graph Generation

To describe the game graph GT , we take two approaches.
First, we build synthetic task graphs, which emulate mobile
games and allow us to easily vary the system parameters. Then,
we profile two real-world games and create the corresponding
task graphs, so as to further verify the algorithms performance
in real-world scenarios.

1) Synthetic Task Graphs: We generate random task graphs
with a given number of tasks |T | and a given average out-degree
of each task dT . The graph generation process starts with a
graph of |T | isolated nodes. Then, an ordered pair of tasks
(t1 , t2) is randomly selected, and a directed edge from t1 to t2 is
added to the graph. Such a select-and-add operation continues
until the number of distinct edges in the graph equals |T | ·
dT , so as to achieve the expected average degree. The amount
of data exchanged between each pair of tasks is exponentially
distributed with 500 bytes as the mean value. The frame period
is fixed to either 33 ms (for a frame rate equal to 30 frames/s)
or 150 ms (for a generic real-time application). All the settings
for this scenario are reported in Table VII.

2) Real Task Graphs: We select two open-source python
games: MICshooter [21] and Minecraft clone [22]. MICshooter
is a classic single-person arcade space shooting game, while
Minecraft is a clone of the popular multiplayer sandbox game.
For both games, we first analyze the source code and partition
the game into relevant tasks at the class level. In our experiment,
we partition MICshooter into six tasks and Minecraft clone into

Fig. 4. Experimental task graph GT for MICshooter: c is expressed in CPU
cycles and W in bytes.

Fig. 5. Experimental task graph GT for Minecraft clone: c is expressed in
CPU cycles and W in bytes.

five tasks. Then, we run the game and get the real task graphs
for both games as follows. First, the game call graph can be
obtained in real time using the pycallgraph module [23].
We then process the call graph by categorizing the method calls
at the class level to get the actual task graph GT . The average
CPU requirement ct of each task t in a frame period can be ap-
proximated by the total CPU time provided by cProfile [24]
divided by the number of frames. The average amount of ex-
changed data between tasks are obtained by parsing the source
code and setting up interception points to measure the size of
exchanged data, considering the input variables and the output
ones of each call. Notably, to obtain the actual size of the whole
data structure referred by a variable, we adopt the python mod-
ule asizeof [25], which recursively measures the referents of
a data structure.

Figs. 4 and 5 depict the resulting task graphs, highlighting
the computation requirement (c) and the communication re-
quirement (W ) of each task.

VI. NUMERICAL RESULTS

Here, we compare the performance of the TAME algorithm
against our benchmark schemes, under both synthetic and real-
world scenarios.

A. Synthetic Scenarios

We first use synthetic scenarios, since they allow us to easily
vary all the experimental settings. In particular, we first in-
vestigate the effect of the number of nodes and tasks, under
Wi-Fi communications in Section VI-A1 and under Bluetooth
communications in Section VI-A2. Then, in Section VI-A3, we
study the impact of different communication delays between
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TABLE VIII
AVERAGE APPROXIMATION RATIO FOR WI-FI DIRECT (TOP) AND BLUETOOTH

(BOTTOM) CONNECTIONS, |N | ∈ {4, 6, 8, 10, 12} AND |O| = 0

the player’s device and the game server; this allows us to better
understand the benefit of task offloading in the case of different
architectures such as cloud, edge, and fog computing. Finally,
in Section VI-A4, we study how the system performance varies
as the number of objects shared among the nodes changes.

1) Scenario With Wi-Fi Direct Communications: Initially,
we neglect the process of object retrieval by setting |O| = 0 and
assume that the game server is “close” to the PoA, i.e., we set
Dac = 1 ms. We fix F = 33 ms, corresponding to the common
30 frames/s refresh rate. Table VIII (top) reports the average
approximation ratio of TAME, BESTFIT, and GRAPHMERGE,
assuming only Wi-Fi Direct D2D communications. Given a
number of tasks |T | and a number of nodes |N |, we run 1000
different experiments and evaluate the approximation ratio av-
eraged over 1000 instances. In Table VIII, we fix |T | and vary
|N | ∈ {4, 6, 8, 10, 12}; in each cell, for each |T |, we report the
minimum and maximum (average) approximation ratio obtained
by varying |N |.

Observe that the TAME algorithm is always very close to the
optimal solution, with a maximum approximation ratio of 1.03,
and always outperforms the other algorithms. On the contrary,
BESTFIT gives the worst performance, since it concentrates the
tasks in one (n0) or few nodes, thus increasing their energy
consumption, while the other algorithms tend to balance the
task load across multiple nodes. As expected, this problem is
exacerbated as |T | increases. With regard to GRAPHMERGE, it
behaves worse than TAME, because it assumes that the problem
is mainly dominated by communication energy costs (which is
not the case in this scenario); hence, it tends to colocate different
tasks on the same node, regardless of their computation energy
cost. TAME instead is able to adapt its choices to the dominant
energy contribution.

To better understand the behavior of TAME and OPTIMAL,
we show how the tasks are distributed across the local node (see
Fig. 6), the neighbor nodes (see Fig. 7), and the game server
(see Fig. 8), in the same scenario as for Table VIII (top). We
report the results as functions of the number of neighbor nodes
(which is equal to |N | − 2). TAME behaves almost identically
to OPTIMAL in terms of the number of offloaded tasks toward
the neighbor nodes and the game server, and this justifies the
approximation ratio very close to 1 reported in Table VIII (top).
In particular, according to Fig. 6, the number of local tasks is 1
most of the times and 2 in all other cases, independently from
the number of neighbor nodes; thus, TAME is very effective in
offloading tasks. By comparing Fig. 7 to Fig. 8 as the number of
neighbor mobile nodes increases, we note that fewer tasks are
offloaded to the game server, while more tasks are delegated to

Fig. 6. Tasks running locally on player’s node for Wi-Fi Direct communica-
tions.

Fig. 7. Tasks offloaded to neighbor nodes for Wi-Fi Direct communications.

Fig. 8. Tasks offloaded to the game server for Wi-Fi Direct communications.

Fig. 9. Offloaded tasks for Wi-Fi Direct communications and F = 33 ms.

the neighbor nodes. This is because a higher number of neighbor
mobile nodes provides more choices to offload tasks. Notably,
the number of offloaded tasks per node is on average at most
one; thus, TAME tends to distribute equally the load across all
neighbor nodes, although some of them do not host any task,
since offloading is not convenient. All other tasks are offloaded
to the game server.

Figs. 9 and 10 show how the tasks are offloaded across the
game server and the neighbor nodes, as the number of tasks in-
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Fig. 10. Offloaded tasks for Wi-Fi Direct communications and F = 150 ms.

creases. Both small (F = 33 ms) and large (F = 150 ms) values
of the frame period are considered, while the other parameters
are set as reported in Section V-C. The results refer only to
TAME, since, for such a large number of tasks, it is not possi-
ble to run the solver and obtain the optimal solution of the ILP
problem. Interestingly, the number of offloaded tasks shows a
bell behavior: when the tasks are few, it is convenient to offload
most of them either to the game server or to the neighbor nodes.
However, as the number of tasks grows further, the latency due
to the data transfer between tasks allocated at different nodes
becomes predominant, thus leading to a reduction in the num-
ber of offloaded tasks. When the delay requirement is very strict
(F = 33 ms), for a number of tasks higher than 35, it is not
possible to obtain any feasible solution, not even by keeping
all tasks locally. Instead, relaxing the time requirement as in
Fig. 10, it is still convenient to offload some tasks (even in the
case of a total of 80 tasks).

In general, the level of granularity in the task partition affects
the efficiency of the offloading scheme, and it is clear that it is
better to partition into aggregation of tasks that limit the com-
munication needs between the different partitions. The optimal
way to partition a given application is outside the scope of this
work.

2) Scenario With Bluetooth Communications: Table VIII
(bottom) shows the average approximation ratio when mobile
nodes communicate via Bluetooth, and Wi-Fi is used to commu-
nicate with the PoA. In this case too, TAME greatly outperforms
the other algorithms. Note that TAME performs a little worse
for ten tasks, compared to the Wi-Fi Direct case in Table VIII
(top). Indeed, Wi-Fi Direct and Bluetooth have quite different
link speeds. Since, in our experiment, the link speed of Wi-
Fi Direct (20 Mb/s) is 20 times higher than that of Bluetooth
(1 Mb/s), the response delay constraint becomes more critical
in the latter case. As a result, TAME is reluctant to offload tasks
to the neighbor nodes and inclined to keep more tasks locally on
the player’s node n0 . This behavior is exacerbated by a larger
number of tasks, since the bandwidth required for the com-
munication between tasks increases. Similarly, GRAPHMERGE

performs worse when adopting Bluetooth than in the case of
Wi-Fi Direct communications.

3) Varying the Delay Between the PoA and the Game Server:
We now investigate the impact of the propagation delay Dac

between the PoA and the game server. We consider |T | = 6
tasks and the response delay constraint F = 150 ms, which
is the maximum lag for real-time applications. We then as-
sume Wi-Fi Direct connections between mobile nodes and vary
Dac ∈ {1, 20, 50} ms. Figs. 11–13 show how the tasks are of-
floaded across the player’s node, the neighbor nodes, and the

Fig. 11. Number of tasks running locally on player’s node for |T | = 6.

Fig. 12. Number of tasks offloaded to the neighbor nodes for |T | = 6.

Fig. 13. Number of tasks offloaded to the game server for |T | = 6.

game server. As in the previous scenario, TAME behaves almost
identically to OPTIMAL. In particular, the number of tasks run-
ning on the player’s node is always very low as the policy tends
to distribute the tasks across all mobile nodes. With regard to
the average number of tasks offloaded to the game server (see
Fig. 13), it is almost the same for Dac equal to 1 and 20 ms,
while it significantly decreases for Dac = 50 ms. Indeed, in the
latter case, no tasks, or at most one task, can be offloaded to
the game server to meet the strict response delay, independently
from the number of neighbor nodes.

4) Multiple Objects: To investigate the effect of object re-
trieval, we now set the number of objects |O| = 10 and their
size to s0 = 1000 bytes. During every run of simulation, each
object is located in one mobile node selected at random. Each
task requires a given object with probability 0.5; thus, it requires
on average five objects. Then, we run exactly the same exper-
iments performed to obtain the results in Table VIII. Table IX
shows that TAME approximates within a factor 1.32 the solution
obtained by OPTIMAL and still outperforms the two benchmark
algorithms.
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TABLE IX
AVERAGE APPROXIMATION RATIO FOR WI-FI DIRECT (TOP) AND BLUETOOTH

(BOTTOM) CONNECTIONS, |N | ∈ {4, 6, 8, 10, 12} AND |O| = 10 WITH

so = 1000 BYTES

TABLE X
AVERAGE APPROXIMATION RATIO FOR WI-FI DIRECT (TOP) AND BLUETOOTH

(BOTTOM) CONNECTIONS AND |N | ∈ {4, 6, 8, 10, 12}

B. Real-World Scenarios

We now consider task graphs obtained from real-world
games. Table X shows the approximation ratio for MICshooter
and Minecraft clone, considering Wi-Fi Direct and Bluetooth
communications. TAME closely matches the performance of
OPTIMAL, with a maximum approximation ratio equal to 1.06,
and significantly outperforms BESTFIT and GRAPHMERGE. As
in the previous scenarios, BESTFIT gives the worst performance,
even if with a better approximation ratio than in the case of
synthetic task graphs.

In conclusion, TAME approximates very well the optimal
solution and always outperforms BESTFIT and MERGEGRAPH

in all the scenarios we tested, for both synthetic and real-world
task graphs.

VII. RELATED WORK

Offloading for mobile computing: The problem of mobile
computation offloading has been widely studied. Ghaderi et al.
[26] exploit task offloading to achieve high throughput for data
stream applications. Mahmoodi et al. [27] propose a task of-
floading and scheduling framework to minimize energy con-
sumption. Chen et al. [11] prove that the problem of multiuser
computation offloading converges to a Nash Equilibrium and
propose a distributed approach based on game theory to decide
local or cloud execution for the tasks of each user. Ou et al. [16]
propose a mobile task offloading algorithm that merges compu-
tationally light but heavily communication tasks into supertasks
and offloads them to the most suitable mobile nodes. However,
all the above studies only address the mobile edge/cloud of-
floading problem without exploiting the available resource in
the mobile fog. One of the algorithms used for our performance
comparison, named MERGEGRAPH and presented in Section V-
A, is an adaptation of the algorithm proposed in [16] to our
hybrid edge/fog scenario.

Other works aim at implementing task offloading platforms
in practice, which can be considered as possible key enabling
technologies to support our proposed offloading scheme in IMG
scenarios. Offloading software platforms are available both for
Windows smartphones [28] and for Android smartphones [9],
[10], [28]–[31]. Interestingly, [10], [31] are able to support of-
floading without affecting the source code, thus, seamlessly for
the developer.

Related to the integration of cloud and edge/fog computing to
offload tasks for mobile applications, Silva et al. [32] implement
a framework to offload a face recognition application. Notably,
face recognition applications use predefined task graphs, which,
compared to those of mobile games, are not real time. Besides,
the energy cost is not considered, since face recognition al-
gorithms are computation intensive and are always offloaded.
Souza et al. [33] propose a combined cloud and fog/edge ar-
chitecture, where the cloud servers, the neighbor mobile nodes,
and the edge servers are all considered as candidates for task
offloading. An ILP optimization problem to allocate tasks is
formulated, with the objective of minimizing latency. The ap-
plication is modeled as a set of independent tasks; thus, unlike
our work, it does not consider the dependencies and the com-
munication between different tasks. Furthermore, Souza et al.
[33] consider neither energy costs nor communication latency.

Mobile gaming: Douceur et al. [34] propose an approach
to offload part of the AI tasks to external servers and exploit
their higher computational power, so as to allow more com-
plex AI components, hereby more interesting and challenging
games to play. Similarly, Bai et al. [35] study the performance
of AI offloading with various network latency and evaluates the
effectiveness of dead reckoning algorithms to mitigate the per-
formance degradation due to large delays. Furthermore, Choi
et al. [36] exploit the general-purposed GPUs to offload the AI
components of chess games. Obviously, all these works offload
tasks at the component level. In contrast, our work offloads
tasks at a finer granularity (class level), thus providing higher
offloading flexibility.

Instead of studying solely the possibility of offloading AI
components, Cai et al. [37] propose a framework to decompose
a mobile game into tasks and adaptively migrate them between
the player’s device and the cloud server. The main difference
with respect to our work is that, instead of just considering the
cloud, our model exploits neighbor mobile devices. The authors
of [7] and [8] exploit the resource of both the cloud and the edge
servers to enhance the quality of mobile games. Similarly, Lin
and Shen [8] envision servers available at the user premises as
fog servers in charge of video rendering and transmission, so
that the user coverage increases, while transmission delay and
bandwidth consumption decrease. Unlike [7] and [8], our work
exploits neighbor mobile devices like smartphones and tablets
to offload tasks, thus achieving a higher level of pervasiveness,
thanks to the popularity of such devices.

VIII. CONCLUSION

We devised a combined IMG scheme that efficiently offloads
some internal tasks of a game running on the player’s device
toward neighbor mobile nodes or the game server. We first
formalized the problem of energy-aware task allocation as an
ILP problem, which minimizes the maximum energy consump-
tion across all the mobile nodes, while accounting for the com-
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munication and computation costs involved in running and mi-
grating tasks. Then, in light of the problem complexity, we
proposed TAME, an algorithm that, at each iteration, adapts its
allocation decisions based on the major factor (either commu-
nication or computation) contributing to energy consumption.
We evaluated TAME in the case of synthetic and real-world
scenarios. Our numerical results show that TAME closely ap-
proximates the optimal solution in all considered scenarios and
outperforms other state-of-the-art algorithms. They also high-
light the advantages of task offloading toward neighbor mobile
nodes, especially when communication latency with the game
server is significant. Importantly, thanks to the recent availability
of offloading platforms, our TAME algorithm can be integrated
in real platforms for IMG, enabling highly pervasiveness and
efficient real-time mobile gaming.
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