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ITH the advent of 5G wireless communications, the
expectations from the mobile devices have increased.
Computationally intensive mobile applications such as augmented reality, speech recognition, 3D interactive gaming,
natural language translation, healthcare sensing and analysis
are beginning to be supported on the mobile device. This
multi-tasking puts significant effective constraints on resources
like memory and battery power available to each of the
applications.
Although offloading computation [2] to a remote resourcerich cloud has existed as a solution to this problem in various
forms [3]–[5], offloading will also place a further burden on
the already limited spectrum resources since data will have
to be transferred between the mobile devices and the cloud
in order to successfully deliver the application on the mobile
device.
Meanwhile multiple radio access technology (multi-RAT)
enabled mobile devices are poised to become a mainstay of
the future of wireless networking [6] using several approaches
like: antenna arrays that can concurrently transmit [7]; multipath TCP (MPTCP) protocols to simultaneously access mul-

Buffer K

...

W

...

I. I NTRODUCTION

Buffer 2

...

Index Terms—Cognitive computation offloading, joint
scheduling–offloading, mobile cloud computing, multi-RAT
offloading, spectrum-aware mobile computing.

Buffer 1
ambient data
+ data from
components

...

Abstract—We introduce the concept of cognitive cloud offloading where all viable wireless interfaces of a multiple radio enabled
device are used for computation offloading. We propose a time
and wireless adaptive heuristic for offloading computationally
intensive applications to a remote cloud with goals of reducing
the energy consumption on the mobile device, execution time of
the application, and efficient use of the multiple radio interfaces
available at the device. The proposed algorithms simultaneously
determine: (i) execution place of each application component
(mobile/cloud); (ii) amount of the associated data to be sent
via each available interface of the multi-RAT device; and (iii)
scheduling order of the application components. We define a net
utility function that trades off mobile device resources (battery,
CPU, and memory) with realtime communication costs such as
latency and communication energy, subject to constraints that
ensure queue stability of radio interfaces. Simulations using
real data from an HTC smartphone running multi-component
applications with Amazon EC2 as the cloud, and two radios, LTE
and WiFi, show that cognitive cloud offloading provides higher
net utility in comparison to the best-interface protocol. Scalability
of the proposed heuristic is further analyzed using various levels
for component dependency graphs and energy-delay trade-off
factors.
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Cognitive offloading for multi-RAT enabled wireless devices.

tiple networks [8]; and carrier aggregation [9]. We propose to
use this newly emerging technology in our cloud offloading
solution. We define the concept of cognitive cloud offloading
where the computational offloader not only decides which
components of a complex application should be offloaded and
which should run locally, but also which radio interfaces must
be used in the associated data transfers and what percentage
of the data should be communicated through each interface.
Cognitive use of all the wireless interfaces at the same time
leads to a higher throughput of the network (see Fig. 1). The
term cloud offloading can mean data flow offloading [10], [11]
or offloading computationally intense tasks to the cloud [12].
In this paper, we refer to the latter. Our first work in this area
appeared in [13], where this problem was considered when
all the wireless parameters were collected and the optimal
one shot solution was derived. In this paper, we move to
a more realistic extension of the problem, where: (1) we
consider more general dependencies between the components
of the application (see Section III for more on component
dependency graphs (CDGs)) and (2) propose a time-adaptive
algorithm that varies with the dynamic changes in the wireless
network over time. In this paper, we propose a heuristic online
(time-adaptive) scheme to optimally schedule the application’s
components for offloading, while simultaneously optimizing
the percentage of data to be sent by the mobile and the
cloud via each wireless interface. We develop a comprehensive
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model for the utility function that trades-off resources (such as
energy, memory, and CPU consumption by the mobile device)
with the cost of communication required for offloading (such
as energy consumed by offloading and the data queue length
at the multiple radio interfaces). Our solution can be implemented in two ways: (i) a two stage algorithm where some of
the components are eliminated as unsuitable for offloading at
the outset, maximizing the instantaneous utility values at time
t0 (offline stage). The actual components to be offloaded will
be selected online using the appropriate scheduling constraints
in the second stage; and (ii) a single stage algorithm where
all the components are considered for offloading and the
offload decisions are made online, based on some scheduling
constraints. The offloading strategies for transmission at the
mobile and cloud ends use past wireless interface data, queue
status and the current data flow to update the current queue
status. We compare the performance of the proposed algorithm
to different approaches such as (i) no offloading; (ii) complete
offloading (all components remotely executed); (iii) the offline
dynamic offloading algorithm proposed in [14] extended to
applications with sequential dependency graphs; and (iv) the
approach where offloading takes place only via the best link
at that time. Note that since the algorithm in [14] is an offline
strategy specifically for applications with sequential CDGs,
we use a special case of the algorithm presented here for
comparisons with the work in [14].
The rest of this paper is organized as follows. In Section II,
we discuss the related works to this paper. Then, we model
the multi-RAT network, express the CDG of sophisticated
mobile applications, and formulate the net utility function of
the system in Section III. The proposed heuristic strategy for
joint cognitive offloading and scheduling is addressed step-bystep in Section IV. In Section V, we present versions of the
proposed heuristics as well as the experiments and simulations
to evaluate the performance of the proposed strategy. Finally,
Section VI presents the conclusion and future work of the
paper.
II. R ELATED W ORK
We now provide an overview of recent cloud offloading
mechanisms classified based on the granularity and extent of
offloading, application partitioning, offline/online scheduling,
and use (or not) of multi-RAT technologies.
Classification based on the granularity and extent of offloading: Computation offloading for mobile networks can be categorized into three groups: (i) all or nothing offloading, where
the application is either completely offloaded to a remote cloud
or completely executed locally [15]; (ii) wholesale offloading–
where the entire application is eventually offloaded [16], [17];
and (iii) those that partition the application into smaller units
and make piecewise decisions to either execute the unit locally
or to offload it to a remote cloud [13], [18]–[22]. This last
category offers the maximum degrees of freedom for this
problem [5], [23] and hence, we use this approach in the paper.
Within the partial offloading strategies, some schemes have
proposed coarse level partitioning of the applications where
the code is pre-partitioned into components [13], [14], [22],
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[24]. A more fine-grained offloading can be achieved by using
method-level partitioning as in MAUI [18]. ThinkAir [19]
also provides method-level partitioning but focuses more on
scalability issues and parallel execution of offloaded tasks. An
Android specific services-based mobile cloud computing middleware called Mobile Augmentation Cloud Services (MACS)
[20] allows for seamless offloading of the application to the
cloud. The decision for partitioning is cast as an optimization
problem using cloud and device parameters, such as CPU load,
available memory, remaining device battery power and available spectrum bandwidth. COSMOS [21] is also a fine grained
platform where partial computation offloading of sequential
tasks is proposed as a service.
Offline/Online scheduling in wireless cloud offloading: Another way to classify the existing offloading techniques is
based on whether the decisions to offload components is done
at the beginning (one-shot, also known as offline strategy) or
whether these decisions are made on the fly (online strategies)
[25].
Offline offload strategies that minimize the energy consumed by the mobile device with constraints on the overall
application deadline have been considered in [26], while individual deadline constraints for application tasks is monitored
in [27]. A partial offline offloading policy for the special case
of applications with serial dependency graphs (see Section III
for detailed description of CDGs) is proposed in [28] and [29].
A partial offloading strategy using a predictive algorithm for
wireless connectivity is used in [30], where a risk control
strategy is applied to increase reliability of the prediction.
Another work, based on genetic algorithms was proposed
in [31]; however, this strategy does not consider multi-RAT
enabled devices or the scheduling order of components based
on the CDGs.
Online (time-adaptive) cloud offloading for mobile devices
requires awareness of instantaneous changes in the rates,
delay values, and communication power for all of the radio
interfaces. A partial computation offloading for frame-based
real-time tasks with response time guarantees from the cloud
servers is studied in [32] where the server estimates the
response time for remote execution of each task based on
total bandwidth server model [33], and the tasks are scheduled
for offloading with “earliest deadline first” algorithm. An
“everything on the cloud” offloading strategy based on energy
and delay trade-off is proposed in eTime [16]. Although, this
work does assume a multi-RAT device only the best single
wireless interface is used for offloading.
Wireless cloud offloading using single/multiple radio interface(s): The third type of classification is based on whether
the offloading algorithms are developed for single- or multiRAT devices, and if multi-RAT devices are used, whether the
wireless interfaces are used in a hybrid mode or an On/Off
mode.
1) Wireless cloud offloading for single-RAT devices: A
multi-channel partial offline offloading solution for single-RAT
enabled mobile devices was proposed in [22]. Note that the
multi-RAT scenario is significantly different from the multichannel single-RAT, in that the parameters of the different
networks (e.g. WiFi and LTE) supported by multi-RAT devices
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III. N ETWORK AND A PPLICATION M ODEL
Consider a mobile device with K radio interfaces in a
wireless network, running an N -component mobile application
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vary widely in comparison to the parameters of different
channels of the same radio interface [34]. The extension
of [22] (with predetermined call graphs) to joint allocation
of transmit power and OFDM constellation size in single
and multi-channel cases in single-RAT enabled devices is
studied in [35]. Other work on single-RAT wireless offloading
include [12], [15], [18]–[21], [26]–[32], [36]. Recently we
proposed the concept of joint scheduling–offloading in [36],
where the scheduling order of execution for the components
as well as where each component must be executed, is jointly
determined. This is in contrast to assuming a compiler predetermined scheduling order and allows the algorithm to pick
an optimal order of execution, appropriate for the wireless
network conditions. This algorithm was designed for singleRAT mobile devices and is an offline solution.
2) Wireless cloud offloading for multi-RAT devices: Cloud
offloading strategies for multi-RAT devices [13], [14], [16]
have recently begun to gain interest in the community because
of the advances in cognitive radio networking [37] and heterogeneous networks (HetNets) as well as the trend in 4G
to 5G evolution. However, most of these works [14], [16]
only use one of the wireless interfaces (the one with the best
characteristics) for all offloading related data transfers. Hence,
these algorithms basically work with an On-Off model for the
wireless interfaces. We proposed the first cognitive offloading
strategy for multi-RAT devices, where all viable wireless
interfaces are simultaneously used to offload as well as the
optimal percentage of data over each wireless interface [13].
While our prior work [13] was a one-shot (offline) offloading
strategy, this paper discusses an online (time-adaptive) strategy
for cognitive offloading. Moreover, in [13] we optimized over
all available interfaces at the mobile transmitter end only, and
not at the cloud transmitter end. In this work we present
an online (time-adaptive) cognitive mobile offloading strategy
for both transmission and reception of relevant data. Finally,
in [13] we assumed that the applications had either serial
CDGs or that we use a pre-determined scheduling order for
the components of the application, whereas here, we propose
a joint scheduling–offloading strategy for applications with
arbitrary CDGs.
To the best of our knowledge, this is the first work on online
(time-adaptive) joint scheduling and cognitive offloading for
multi-RAT devices for applications with arbitrary dependency
graphs. The heuristic scheme in this paper fundamentally
differs from the recent works in the following aspects: (i)
this is a true cognitive offloading strategy for multi-RAT
devices that uses all available wireless interfaces (to the extent
possible) for offloading computation; (ii) it is a time-adaptive
online offloading strategy while dynamics of wireless networks
are taken into account; (iii) this is for applications with
general component dependencies and (iv) hence it is the first
joint scheduling-cognitive offloading scheme for multi-RAT
devices.
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Fig. 2:

Examples of component dependency graphs (CDGs) for mobile
applications (N = 10).

(see Fig. 1). The goal of the algorithm is to find a timeadaptive scheduling–offloading policy for all components as
well as the optimal wireless resource allocation between the
multi-RAT interfaces for data transfers of both the mobile to
cloud and the cloud to mobile. In the model in Fig. 1, at
time slot t ∀t, αk (t)% of the required data for offloading
is sent by the mobile device through radio interface k ∀k.
Similarly, βk (t)% of the data is sent by the cloud end using
radio interface k ∀k. Both αk (t) and βk (t) are computed to
achieve optimum net utility.
Component Dependency Graph (CDG): As mentioned earlier,
mobile applications can be partitioned into components [20],
[38], [39]. Component i is said to be dependent on component
j, if data must be sent from j (after j completes execution)
to i, in order for i to complete its execution. This dependency
is usually depicted as a component dependency graph (CDG).
CDGs can be: (i) serial (where one component depends only
on the output of one other component); (ii) parallel (where
all components depend on only the first component and
the last component depends on the rest); and (iii) general
(which can be any combination of serial and parallel). Fig. 2
shows examples of each type for N = 10. Here the nodes
represent components and directed links show dependency
between the components. A real example of general CDG
for a video navigation application with N = 14 components
is shown in Fig. 3a. In this video navigation application,
graphics library tools are used from the OpenGL mobile
Android applications [40], face detection is used from [41],
and all of the video processing features are obtained from
[42]. Our time-adaptive cognitive cloud offloading strategy
will schedule each component to process either in the cloud
or in the mobile, while keeping these dependencies in mind,
along with other constraints. The decision to offload or locally
execute a component will be made adaptive to current wireless
conditions. Since most applications are user initiated, the first
(potentially involving some input from the human user) and
last (potentially involving some displayed output) components
are typically scheduled on the mobile device. Fig. 3b shows
an example of the stages of processing for the application with
the CDG shown in Fig. 3a at the first 5 time slots. More details
of the algorithm are described in Section IV. We can see that
some components (e.g. components 2, 6, and 11 in the cloud
and 4 in the mobile for this example) can be scheduled for

SUBMITTED TO IEEE TRANSACTIONS ON COGNITIVE COMMUNICATIONS AND NETWORKING

time to process
component 1

Graphics
2

3
5

4
Video
Processing

7

6

1

9

8

14

10

Input
component

4

output
Clustering
of 1 to
point &
cloud
Output
component

11
12
13

Face
Detection

(a) CDG of the application.
processed component in the mobile
processed component in the cloud
?

waiting to be processed

local execution

q1m

Start processing

local execution

net utility
maximization

2

3
9

4
10

6
11

8
12

OPTx:
feasible
solution?

3

4

5

6

7

8

9

10

11

12

13

no

Select subset of migratable
components
2. do not use optional stage
2

5

offload 2,6,11

1. optional offline stage

net utility local execution
q5m
maximization

q4m
4

1

6?

yes

cognitive offloading
with D k (t 2 ) %
mc
c
c
W 2,
k (t 2 )  q2  q3

OPRx:
feasible
solution?

2

wait for
next time slot

OPTx:
feasible
solution?

...

cognitive offloading
with D k (t3 ) %
mc
mc
c
c
c
W 6,
k (t3 )  W 11, k (t3 )  q6  q10  q11
offload
6

t1

W 3,cmk (t3 )

3

11
?

all migratable components will
be checked for offloading.

t0

cognitive offloading
with E k (t3 ) %

yes

t2

11

t3

t4

Time

(b) Scheduling strategy.

Fig. 3:

Time adaptive scheduling–offloading for an example of 14 component mobile application.

parallel execution.
A smart cognitive cloud offloading algorithm will tradeoff the benefits of wireless offloading, namely, energy and
time savings (when components can be parallely scheduled
in the cloud and the mobile) with the costs of offloading,
namely, the energy and delay costs involved in the associated
data transfer, while simultaneously deciding on the optimal
percentage of the data to send from the mobile and the cloud
via each of the available wireless network interfaces. We
assume that the energy consumption and the time required
to transfer data between components that are executed in
the same entity (whether cloud or mobile) are negligible in
comparison to when the data must be transferred between
entities. Also, we assume that the cloud and the mobile
clocks are synchronized [43]. The time-adaptive scheduling–
offloading heuristic is managed in the cloud, and the feedback
of decisions on offloading the components will be sent to the
mobile device (Fig. 1). The mobile device informs the cloud
of the corresponding parameters via proper control signaling
before cognitive cloud offloading. Please note that the delay
caused due to sending data related to the delay, rate, queue
size, and communication power is negligible in comparison
with the computation offloading costs which may require
transferring MegaBytes of data. In the online stage at each time
slot, two sub-strategies are developed for cloud offloading:
(i) mobile to cloud transmission strategy that trades-off the
energy consumption by the mobile for transmission, the delay
for transferring the required data from mobile to the cloud,
and queue stability of the mobile Tx buffer for all the radio
interfaces; and (ii) cloud to mobile transmission strategy that
trades-off the energy consumption by the mobile for reception,
the delay for transferring the required data from cloud to the
mobile, and queue stability of the cloud Tx buffer for all

the radio interfaces, which reflects the connectivity with the
mobile receiver.
Net Utility Function: To determine the best strategy for
joint scheduling–offloading, we need to define an appropriate
net utility function. The notations used for these terms and
the other parameters in this paper are defined in Table I. To
determine the scheduling–offloading strategy for component
i, two decision variables are defined for a time slot t as
follows: Ii (t) = 1, if component i starts offloading at t,
and otherwise it gets 0; Xi (t) = 1, if component i starts
executing locally at t, and otherwise it gets 0. The net utility is
calculated as a weighted sum of the energy, memory, and CPU
cycles saved for the mobile device minus the inter-component
communication cost arising from executing some components
locally and some remotely. This can be written as:
U (t) =wsaved Esaved (t) + wmemory Msaved (t)+
wCPU CP Usaved (t) − wcom Ccom (t).

(1)

The weights for the individual costs and benefits are chosen
such that wsaved = 1 − wcom , and wCPU = 1 − wmemory .
These weights indicate the relative importance of the specific
parameters like memory saved, CPU saved, or the communication costs and battery power. If wsaved is higher then it
is more desirable to save battery power at the mobile device,
and if wcom is higher it means that more weight is placed on
minimizing the communication cost for cloud offloading. By
setting weights, we pre-bias the solution more towards either
of these solutions. Sometimes issues including monetary cost
of using cloud services could be significant. Therefore, we
might want to favor offloading to the cloud server slightly
less. By adjusting the weights between “stay in the mobile”
or “offload to the cloud”, we add an extra control knob that
lets us weight one or the other more.
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TABLE I:
Parameters
cm
Amc
k (t)(Ak (t))
Bimc (t) (Bicm (t))

ci (t)

Ĉcom (t0 )
codei
Tx (t) (E Rx (t))
Ecom
com
Ii (t)
K
lji (t)
Mi
mi (t)
N
Pim
PkTx (t) (PkRx (t))
Qk (t) (Sk (t))
qim (qic )
T
Tx (T Rx )
Tth
th

U (t)
Vmc (Vcm )
wx
x
Xi (t)
zij (t)
αk (t)
βk (t)
ε
γ
µij
Ωmc (t) (Ωcm (t))
mc (t) (τ cm (t))
τi,k
i,k

Parameter Definitions.

Definitions
data rate transmitted from the mobile
(cloud) to the cloud (mobile) through radio
interface k at time slot t.
arrival data rate at the mobile (cloud), including the ambient traffic as well as the
data generated by offloaded component i
(arrival data in time slot t).
indicator function that takes on a value of
1, if the component i has started execution
in the cloud at any time between 1 and t.
lower bound approximation of the communication cost for component dependencies
in the offline stage.
code size to launch component i.
Energy consumed for the mobile transmission (reception) due to cloud offloading.
offloading indicator: 1 if the mobile starts
to offload component i at time slot t.
number of wireless radio interfaces.
the time slots to process the preceding component j, and transfer the output data from
component j to i by t.
RAM memory consumed by the mobile
device to launch component i.
indicator function that takes on a value
of 1, if the component i has started local
execution at any time slot between 1 and t.
number of components in the application.
power consumed by the mobile device when
it is actively processing component i.
transmit (received) power consumed by the
mobile device through radio interface k at
time slot t.
the transmission queue of data from the
mobile (cloud) side for wireless interface k
at time slot t.
number of time slots to process component
i in the mobile (cloud).
number of time slots to complete processing
the application.
threshold number of time slots for transmission from mobile (cloud) to cloud (mobile).
net utility function at time t.
control parameter in mobile (cloud) transmission for Lyapunov optimization.
weight factor of function x.
span of each time slot.
local execution indicator: 1 if the mobile
starts to execute component i locally at time
slot t.
indicator for communication requirement: 1
if component i is executed in the mobile and
j is offloaded to the cloud by time slot t.
percentage of allocated uplink (mobile to
cloud) rate using radio interface k for communication at t.
percentage of allocated downlink (cloud to
mobile) rate using radio interface k for
communication at t.
mapping factor to relate code size and the
CPU instructions [44].
weight factor (to adjust the wait time for
offloading).
dependency indicator: 1 if component i
must be processed before j and 0 otherwise.
the objective function for mobile (cloud)
transmission strategy at time t.
delay (in number of time slots) to transmit
the output data from component i in the
mobile (cloud) to the cloud (mobile) at
interface k starting by t.

5

At any given time t, the total energy saved by executing
the components in the cloud can be computed as the energy cost forPrunning it locally (Pim qim ), which
Pt is given by:
N
Esaved (t) = i=1 ci (t)Pim qim , where ci (t) = s=1 Ii (s) and
s = 1 corresponds to the first time slot,
Ptwhen component i
begins to execute. Likewise, mi (t) =
s=1 Xi (s) where s
runs from the first time slot to the time slot corresponding to
the current time t.
The memory saved in the mobile device by offloading the
components
to the cloud can be expressed as: Msaved (t) =
PN
i=1 ci (t)Mi , where Mi is the memory consumed by the
mobile device to launch component i. The objective function
PN for CPU cycles saved is given by: CP Usaved (t) =
i=1 ci (t)(ε(codei )), where codei is the size of the code for
instructions that is used for executing component i and ε is
the mapping between code size and the CPU instructions. The
communication cost at time slot t (Ccom (t)) will be discussed
in the next section.
IV. P ROPOSED C OGNITIVE O FFLOADING & S CHEDULING
H EURISTIC
In this section, we propose a heuristic to find an online
cognitive scheduling–offloading strategy for the computations
of mobile applications. The objective of the strategy is to
specify the components that are selected for computation
offloading, the time that each component should be scheduled for execution either locally or remotely, and the radio
interface allocation for offloading at each time slot for both
the mobile and cloud data transmission. Decision variables
include: offloading indicator (Ii (t))/ local execution indicator
(Xi (t)) for component i at time slot t; and the percentage of
allocated uplink (αk (t)) and downlink (βk (t)) rates using radio
interface k at time slot t. The complete algorithm is depicted in
Algorithm 1. A detailed description of the algorithm follows:
A. Optional Offline Stage
As mentioned in Section I, the offloading problem can
be formulated as a two-stage or single-stage algorithm. This
section discusses the first stage of the two-stage algorithm. In
this stage, we eliminate some of the components as unsuitable
for offloading at the outset, maximizing the instantaneous
utility values at time t0 (e.g. components 5 and 7 in Fig. 3b).
Thus, this stage provides a suboptimal solution for the heuristic
algorithm. This stage can be omitted, and all the components
can be considered for potential offloading in case a singlestage version of the algorithm is preferred. Note that the singlestage algorithm adds more time complexity to the online stage
of the algorithm as compared to the two-stage algorithm, but
is closer to the optimal solution.
In the offline stage, we identify the components that contribute the most to an increase in the net utility if scheduled
in the mobile device and then eliminate them from being
considered for offloading. We first obtain an approximate value
for the optimal solution based on the information available at
time t0 . To do this, we maximize the instantaneous net utility
given by Eqn (1) using an approximation for the energy cost
of offloading corresponding to time t0 (Ccom (t0 )) assuming
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that the interface with the lowest communication power levels
is used for data transfer. Mathematically,
N
N X
X
mc
µij mi (t0 )cj (t0 ) min (PkTx (t0 )τth
)
Ĉcom (t0 ) = wcom {

6

component i will be executed in the mobile device and
component j will be executed in the cloud; otherwise, it is
0. The following subsections describe the online stage of the
proposed heuristic.

k

i=1 j=1

cm
+ µij ci (t0 )mj (t0 ) min (PkRx (t0 )τth
)}, B. Online Stage
k

(2)
where µij represents the dependency indicator (1 if component
mc
and
i must be processed before j, and 0 otherwise), and τth
cm
τth are the maximum transmission durations (in number of
time slots) at the mobile and cloud ends for each component,
respectively. To obtain the approximation given by Eqn (2),
we assume that the Tx and Rx power levels (PkTx (t0 ) and
PkRx (t0 )) are fixed when computing these values for the offline
stage. By selecting the wireless interface with the lowest
Tx and Rx energy levels, we obtain the minimum energy
consumed for communication over the wireless interfaces
(∀k = 1, 2, . . . , K) in Eqn (2) with the initial information in the offline stage (i.e., in the transmission, we have:
mc
min (PkTx (t0 )τth
)). The optimization problem in the offline
k
stage can be written as:
OPoff : max wsaved Esaved (t0 ) + wmemory Msaved (t0 )+
c

wCPU CP Usaved (t0 ) − Ĉcom (t0 ),

mi (t0 )qim +

i=1
N
N X
X

N
X

ci (t0 )qic +

i=1
mc
µij (mi (t0 )cj (t0 )τth

(4)
+

cm
ci (t0 )mj (t0 )τth
)

mi (t − 1) + ci (t − 1) < 1,

∀i.

(5)

This equation shows that component i has not started execution (either locally or remotely) by time slot t. Second, for
execution of component i at time slot t, we require that all
the components on which component i depends, say j ≺ i,
should have completed execution before starting the offload
process to component i, or local/cloud execution of component
i. Therefore, the precedence constraints are:
mi (t − lji (t − 1)) + ci (t − lji (t − 1)) ≤

(3)

s.t.
N
X

In the online stage of the algorithm (starting from t1 in
Fig. 3b), the following two precedence constraints must be
checked to see if a component is eligible for execution at the
current time slot t: First, each component must be processed
only once, either in the mobile or in the cloud. This constraint
is mathematically written as:

≤ T,

i=1 j=1

where c is the offload indicator vector (c=[c1 (t0 ) c2 (t0 ) . . .
cN (t0 )]), and T is the number of time slots to complete
processing the application. Since the energy consumed by
local execution (Pim qim ), local memory consumption (Mi ), and
local CPU consumption (ε(codei )) are constant parameters,
calculating the lower bound of the communication cost in
Eqn (2) at initial time slot t0 by Ĉcom (t0 ) gives the upper
bound of the net utility approximation considering all the
potential components for offloading in the online stage.
By solving this optimization problem, c∗i (t0 ) ∀i is obtained
which specifies if the component i must be offloaded (ci (t0 ) =
1) or not. If ci (t0 ) = 1 (equivalently, mi (t0 ) = 1−ci (t0 ) = 0),
then component i will be processed in the online stage (components 2, 3, 4, 6, 8, 9, 10, 11, and 12 in Fig. 3b). Otherwise, it
will be scheduled for local execution based on the precedence
constraints dictated by the CDG for the application.
In OPoff , we have the terms mi (t0 )cj (t0 ) ∀i, j in the cost
function (Ĉcom (t0 )), which makes the optimization problem
nonlinear. To convert this to a linear optimization problem,
we replace the terms mi (t0 )cj (t0 ), ∀i, j, with a new variable
zij (t0 ) and add new constraints to make the new optimization
problem equivalent to the original one [45]. These constraints
are as follows: zij (t0 ) ≤ mi (t0 ), zij (t0 ) ≥ 0, zij (t0 ) ≤
cj (t0 ), zij (t0 ) ≥ cj (t0 ) − (1 − mi (t0 )), where zij (t0 ) is
the indicator specified at time t0 . This indicator is one if

mj (t − 1) + cj (t − 1),
∀j ≺ i, mj (t − 1) + cj (t − 1) = 1,
t = lji (t − 1) + 1 . . . T,

(6)

where lji (t) is the number of time slots to process the
preceding component j, either locally or remotely, and transfer
the output data from component j to i by time slot t. Note
that this time duration lji (t) is a function of t, because
the time taken to execute a component and to communicate relevant data are time dependent (because of varying
mobile device resource availability and wireless data rates).
The duration lji (t) is expressed as: lji (t) = mj (t)qjm +

Pt PK
mc
cm
cj (t)qjc +
s=1
k=1 zji αk (s)τj,k (s) + zij βk (s)τj,k (s) ,
where αk (s) and βk (s) are the percentages of allocated rates
for the mobile to the cloud and the cloud to the mobile,
respectively, using radio interface k for offloading at time
slot s. The first two terms on the RHS of lji (t) are the
execution time slots for component j in the mobile device
and cloud, respectively, weighted by the respective indicator
functions (mj (t) and cj (t)). The third term represents the
relevant data-offload time between components j and i. If
mc
zji αk (s) is non-zero, then αk (s)τj,k
(s) represents the time
slots to transmit the allocated output data of component j in
the mobile device using radio interface k, to the cloud where
component i will be executed at time slot s. If zij βk (s) is
cm
non-zero, then βk (s)τj,k
(s) represents the time slots to send
the part of the output data from component j in the cloud via
radio interface k to the mobile device where component i will
be executed at time slot s.
If these two constraints are satisfied for component i, then
it is safe to execute it. Otherwise, component i is not ready
for execution at this current time slot, and Xi (t) and Ii (t) are
set to 0. Also note that it is possible to calculate lji (t − 1),
because we have access to all the decision variables, such as
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αk (s), βk (s), Xi (s), and Ii (s), for the previous time slots for
s ∈ {1, 2, . . . , t − 1}.
1) Mobile Transmission Strategy: Once a component has
been identified for offloading, then radio allocation for the
transmission from the mobile to cloud must be computed.
Since our cognitive cloud offloader works with multiple
wireless interfaces at the same time, the stability of the
data transmission buffers should be monitored to ensure no
buffer overflows. Mathematically,
PT this
PKcan be written as follows: Q = limT →∞ sup T1 t=1 k=1 E{|Qk (t)|} < ∞,
where Qk (t) is the transmission queue of wireless interface k at time slot t from the mobile side. We cast the
above problem as a Lyapunov optimization [46] problem.
The
PK
Lyapunov function is defined as L(Q(t)) = 12 k=1 Q2k (t)
where Q(t)=[Q1 (t) Q2 (t) . . . QK (t)]. While the queue
of mobile transmission (which includes all data that must
be transferred from the mobile device to the cloud) is up∆
dated with time, the Lyapunov drift will be ∆mc (Q(t)) =
E{L(Q(t + 1)) − L(Q(t))|Q(t)}. The Lyapunov drift is
opportunistically minimized, taking into account the cost of
the energy consumed for mobile transmission: ∆mc (Q(t)) +
Tx
(t)|Q(t)} [47], where Vmc is the control paVmc E{Ecom
rameter for the queuing of the mobile transmission, considering the balance between the Lyapunov drift and the
Tx
(t)), and
cost of energy
for transmission (Ecom
P
PKconsumed
N
mc
Tx
Tx
Ecom (t) =
i=1 Ii (t)αk (t)τi,k (t), where all
k=1 Pk (t)
the components i, prepared for offloading at time slot t have
Ii (t) set to one.
Lemma 1: As proved in [46], the upper bound of the Lyapunov
drift is obtained by:
2
(Amc
max )
+
2
Tx
Vmc E{Ecom
(t)|Q(t)}+

Tx
∆mc (Q(t)) + Vmc E[Ecom
(t)|Q(t)] ≤

K
X

E{Qk (t)(

N
X

(7)

Bimc (t) − Amc
k (t))|Q(t)}.

i=1
k=1
mc
Ak (t) represents data

where
rate transmitted from the mobile
device to the cloud through radio interface k at time slot t,
Bimc (t) is the arrival data rate in the mobile transmission buffer
at time slot t. In the paper, we use the parameter Amc
k (t) to
indicate the bandwidth allocated to the mobile device over
wireless interface k. This time-adaptive parameter decreases
if the demand from other mobile devices increases. Therefore,
dynamic changes in Amc
k (t) reflect the effect of ambient
traffic produced from other mobile devices. Also, Bimc (t) will
include both the data that the application needs to transfer due
to offload operations of component i as well as other ambient
data that the mobile generates and which is unrelated to the
offloading. Also, Amc
max is the maximum transmitted data rate.
Following the Lyapunov optimization framework, the upper
bound of the objective function in Eqn (7) must be minimized.
This can be done by opportunistically minimizing the expectation [47, pp13]. Therefore, we use a lemma in [47, pp13] to
simplify the RHS of Eqn (7) as:
OPTx : min Ωmc (t) = Vmc ETx
com −
α

K
X
k=1


Qk (t)Amc
k (t) , (8)

7

s.t.
K
X

αk (t)

k=1

K
X

N
X

mc
Tx
Ii (t)τi,k
(t) ≤ Tth
,

(9)

i=1

αk (t) = 1, αk (t) ≥ 0, ∀k,

(10)

k=1

where α = [α1 (t) α2 (t) . . . αK (t)]. In Eqn (8), introducing
the parameter Vmc is a standard way to convert a constrained
optimization problem to a single-equation unconstrained problem [16]. Here, Vmc is interpreted as a parameter that tradesoff communication costs with decreasing the uplink comTx
) and satisfying the queue stability
munication energy (Ecom
constraint for all the radio interfaces. The RHS of Eqn (8)
is the representative of averaged aggregated queue length
(Q). Decreasing Vmc emphasizes on decreasing the averaged
aggregated queue length, while increasing it enforces possible
minimization of the transmission energy. Constraints (9) and
(10) respectively ensure that the transmission time lies below a
Tx
certain threshold, Tth
, and that the required data is transferred
through multi-RATs, but the summation of weights for radio
interface allocation should be one.
The performance bounds of the transmission strategy based
on the Lyapunov optimization [46] for the transmission
queue stability and energy consumed for
rePK
PT transmission,
spectively, are expressed as: limT →∞ T1 t=1 k=1 Qi (t) ≤
2
(Amc
∗Tx
2
max ) +V
PT
Tx
(Amc
mc Ecom
max )
2
, limT →∞ T1 t=1 E com (t) ≤
+
εmax
2Vmc
∗Tx
Ecom
, where a represents the mean value for parameter a,
∗Tx
Tx
and Ecom
is the optimal value of Ecom
obtained from solving
the optimization problem in Eqn (8).
The offloading strategy (from the mobile to the cloud) in the
online stage is as follows. For every component i, qualified for
processing from the previous step, if the optimization problem
OPTx has a solution for the variable parameter set α in the
feasible region, then component i is offloaded starting at time
slot t (Ii (t) = 1) via K wireless interfaces at the optimal
percentage values αk∗ (t) ∀k (e.g. component 2 at time t2 ,
component 6 and 11 at t3 in the example of Fig. 3b). If
the optimization problem does not have a feasible solution,
then there are two options: (i) wait for the next time slot
(e.g. components 6 and 11 wait at time t2 in Fig. 3b); (ii)
execute the component locally. The difference between the
that requested for
current time slot t and the time slot treq
i
processing component i should be much lower than the local
m
execution time. This constraint is given by |t − treq
i | < γqi ,
where γ is the weight factor. If the wait time does not exceed
the local execution time for component i, then Ii (t) is set to 0
and the component i is set aside to await its turn for execution.
m
However, if |t − treq
i | ≥ γqi , the component is flagged for
local execution in the next time slot, and will not be considered
for offloading again (ci (T ) = 0).
In addition to updating the rates and latency values for each
wireless interface in the time slots, the transmission queue for
the next time slot for radio interface k (∀k) needs to be updated
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as follows:
Qk (t + 1) = max[Qk (t) − Amc
k (t), 0] + αk (t)

N
X

Bimc (t),

i=1

(11)
where the first term on the RHS of Eqn (11) represents the
data remaining in the queue for interface k, and the second
term represents the data arrival at radio interface k in time slot
t. As shown in Eqn (11), queue is a function of percentage
of allocated uplink. Also, note that if component i originally
scheduled for remote execution is not offloaded at time slot t
due to not finding a feasible solution for OPTx (meaning that
energy and time constraints of offloading are not satisfied),
then the delay values for transmission of the output data from
component i in the mobile to the cloud via wireless interface k
mc
(t + 1) + 1. This means that, after each
will be updated to: τi,k
time slot, if the scheduled component for remote execution
is not offloaded, the delay cost will be updated by the delay
value at the next time slot, plus one.
2) Cloud Transmission Strategy: Just as in the case of the
mobile transmission, we also optimize the cloud transmission
strategy taking into account delays and energy consumed by
the mobile device for receiving this data. We optimally choose
the percentage of data that needs to be allocated to each
wireless interface to send the necessary information from the
cloud to the mobile.
To ensure that no cloud Tx buffer overflows, the timeaveraged summation ofPbufferPoccupancies must remain finite:
T
K
S = limT →∞ sup T1 t=1 k=1 E{|Sk (t)|} < ∞, where
Sk (t) is the transmission queue via the cloud for wireless
interface k at time slot t. The Lyapunov function for the cloud
transmission strategy, which also reflects the receiver
PK strategy
for the mobile, can be written as L(S(t)) = 12 k=1 Sk2 (t),
where S(t) = [S1 (t)S2 (t) . . . SK (t)]. The Lyapunov drift in
the data transfer from the cloud to the mobile is expressed
∆
as ∆cm (S(t)) = E{L(S(t + 1)) − L(S(t))|S(t)}. This
Lyapunov drift is opportunistically minimized, considering
the penalty of energy consumed for downlink mobile reRx
ception as ∆cm (S(t)) + Vcm E{Ecom
(t)|S(t)}, where Vcm
is the control parameter in data transfer from the cloud
to the mobile, while the trade-off between the Lyapunov
drift of the cloud transmission queue and the penalty of
Rx
(t)) is applied,
energy consumedP
for mobile reception
(Ecom
PN
K
Rx
cm
Rx
and Ecom (t) =
k=1 Pk (t)
i=1 βk (t)τi,k (t), Following
Lemma 1, the upper bound of the objective function for the
Lyapunov drift of data transfer from the cloud to the mobile
is obtained by:
2
(Acm
max )
+
2
Rx
Vcm E{Ecom
(t)|S(t)}+

Rx
∆cm (S(t)) + Vcm E[Ecom
(t)|S(t)] ≤

K
X
k=1

E{Sk (t)(

N
X

(12)

Bicm (t) − Acm
k (t))|S(t)},

i=1

where Acm
k (t) represents the data rate transmitted from the
cloud to the mobile device through radio interface k at time
slot t, Bicm (t) is the arrival data rate in the cloud transmission
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buffer at time slot t. Bicm (t) will include both the data that
the cloud transfers due to offload operations of component i as
well as other ambient data. Also, Acm
max is the maximum data
rate from the cloud. After simplifying the upper bound on the
RHS of Eqn (12) and using the concept of opportunistically
minimizing the expectation [47, pp13], the objective function
of the optimization problem for the cloud transmission strategy, which reflects the mobile reception status, is obtained. The
optimal strategy can be written as the solution to the following
optimization problem considering the delay constraint from the
cloud to the mobile:
K
X

Rx
Sk (t)Acm
OPRx : min Ωcm (t) = Vcm Ecom −
k (t) , (13)
β

s.t.

k=1
K
X
k=1
K
X

N
X

cm
Rx
τi,k
(t) ≤ Tth
,

(14)

βk (t) = 1, βk (t) ≥ 0, ∀k,

(15)

βk (t)

i=1

k=1

where β = [β1 (t) β2 (t) . . . βK (t)]. In Eqn (13), Vcm
is interpreted as a parameter that trades-off communication
costs with decreasing the downlink communication energy
Rx
(Ecom
) and satisfying the queue stability constraint for all
the radio interfaces (S). Constraints (14) and (15), respectively, ensure that the latency from the cloud to the mobile
Rx
lies below a certain threshold, Tth
, and that the required
data is optimally transmitted from the cloud via multiple
interfaces and that the weights sum to unity. Also, the
performance bounds for the cloud transmission queue and
energy consumed by the mobile receiver, respectively, are
2
(Acm
∗Rx
max ) +V
P T PK
cm Ecom
2
,
given as: limT →∞ T1 t=1 k=1 S i (t) ≤
εmax
2
PT
Rx
(Acm
)
1
∗Rx
max
limT →∞ T t=1 E com (t) ≤ 2V
+ Ecom .
cm
The offloading strategy (cloud transmission) in the online
stage is as follows. For every component i from which data
must be received at the mobile device, if the optimization
problem OPRx has a solution for the variable parameter set β
in the feasible region, then component i is transmitted by the
cloud, at time slot, t, via K wireless interfaces at the optimal
percentage values βk∗ (t) ∀ k (e.g. component 3 at time slots
t3 in the example of Fig. 3b). If the optimization problem
OPRx does not have a feasible solution, then transmission
from the cloud is scheduled for the next time slot. Note that if
component i scheduled for remote execution is not transmitted
by the cloud to mobile at time slot t, then the delay values
of the output data from cloud to mobile for component i via
cm
wireless interface k will be updated to: τi,k
(t + 1) + 1. At
the end of current time slot t, the data queues in Tx buffer
for the cloud at the next time slot for radio interface k (∀k)
is updated as follows:
Sk (t + 1) = max[Sk (t) − Acm
k (t), 0] + βk (t)

N
X

Bicm (t).

i=1

(16)
Note that OPoff , OPTx , and OPRx are solved using the
simplex algorithm [48] in practice.

SUBMITTED TO IEEE TRANSACTIONS ON COGNITIVE COMMUNICATIONS AND NETWORKING

Algorithm 1 Cognitive Offloading and Scheduling Heuristic.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:

Offline stage at t0 (optional) (output: c=[c1 (t0 ) c2 (t0 ) . . .
cN (t0 )]):
Solve OPoff to calculate which components can be offloaded
otherwise all components are analyzed for offloading
(except 1, N )
Online stage (output: Xi (t), Ii (t), αk (t), βk (t)):
repeat t → t + 1
Check scheduling constraints given by Eqns (5) & (6)
For offloadable components:
Solve OPTx (output: αk (t))
if OPTx has feasible solution then
offload related components with the corresponding
values for αk (t) ∀k obtained by OPTx
m
else if |t − treq
i | < γqi then
wait for the next time slot to check offloading
m
else if |t − treq
i | ≥ γqi then
component i will be scheduled for local execution
end if
Solve OPRx (output: βk (t))
if OPRx has feasible solutions then
Send output data from the cloud with corresponding values for βk (t) ∀k obtained by OPRx
else
Do not send data from cloud and wait for the next
slot
end if
For the components scheduled for local execution:
if local execution constraint given by Eqn (17) is
satisfied then
Execute component i locally at time slot t
end if
Update Qk (t + 1) ∀k using Eqn (11)
Update Sk (t + 1) ∀k using Eqn (16)
mc
Add delay (τi,k
(t + 1) ∀k) for waiting components in
the mobile
cm
Add delay (τi,k
(t + 1) ∀k) for waiting components in
the cloud
until t = T .

3) Local Execution: As mentioned earlier, some components are selected for local execution (e.g. components 1,
4 and 5 at time slots t1 , t2 , and t4 , respectively, in the
example of Fig. 3b). Although the cloud can execute several
components in parallel, we assume that the mobile device
processes components serially. In order to schedule component
i on the mobile device, at the current time slot, t, we need
to ensure that no other application’s component is currently
running on the mobile. This is expressed as:
N
X

t−1
X

Xi (s) < 1.

(17)

i=1 s=t−1−qim

V. P ERFORMANCE A NALYSIS
In this section, we first introduce the evaluation setup for
the performance analysis of the proposed cognitive offloading
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and scheduling heuristic. Then the methods for comparisons
are introduced. Finally, results of the simulation results are
provided and discussed.
A. Real Data Measurements and Simulation Setup
All our experiments were run on an Android HTC Vivid
smartphone. This device is equipped with a 1.2 GHz dual-core
processor. Although our theory is developed for a general, K,
number of radio interfaces, our experiments were conducted
using two wireless radio interfaces for cloud offloading: WiFi
and LTE (K = 2). The Amazon Elastic Compute Cloud
(Amazon EC2) was used for cloud computing. In all the
simulations, except the simulations in Figs 6 and 7, a 14component video navigation mobile application (N = 14) was
used, in which 4 components are used for graphic features
[40], 3 are used for face detection [41], 6 are used for
video processing [42], and the last component is used for
clustering the video points and showing the output results.
Fig. 3a shows the CDG for this real application. In the
simulations of Fig. 7, synthetic applications with arbitrary
CDGs were used in order to test the proposed scheme for
large number of components as well as different types of
CDG structures [49]. Also in Fig. 6, the face recognition
application in [50] was used. The average wireless service
rates and latencies were obtained by using the TCPdump
tool. Please note that If monetary constraints are important
to the end user, then the weights assigned to the individual
interfaces can be considered to reflect this. In some cases the
solution can be weighted accordingly. Example of the second
kind of scenario includes business clients who often travel
with their subscription LTE connections wherever possible. In
tactical and emergency response situation, the most important
consideration is to get the job done, rather than minimizing
the monetary costs. Our proposed solution can work for
all these use cases. Also, we added a Poisson distributed
background arrival data in the mobile device at each time slot
[16] to simulate ambient traffic not related to this particular
application. The average transmission and reception power
levels of the mobile device for WiFi service are respectively
257.83 and 123.74 mW, and for LTE service are respectively
356.1 and 197.1 mW. The active and idle power levels of the
phone are 644.9 and 22 mW, respectively. Running the multicomponent is based on the following process: Component 1
starts the application in the mobile device as the starter of the
application. It sends data to the components 2, 4, 6, 11, 12,
and 13. Components 2, 3, 4, and 5 compute graphic features in
a series-parallel dependency graph. Component 6, that is the
camera view, distributes jobs for video processing including
feature extraction and classification, mixed processing, camera
control, and image manipulations. In parallel, object detection
and recognition is done via components 11, 12, and 13. Finally
the last component clusters the results and shows the output.
The run times for each component in the mobile and cloud are
obtained as averages of 10 independent runs. We obtained the
average runtime measurements of each component in both of
the mobile device and the cloud. The local execution time of
the 14 components (for the 14-component application) were

SUBMITTED TO IEEE TRANSACTIONS ON COGNITIVE COMMUNICATIONS AND NETWORKING

measured as [30 340 345 125 30 80 70 30 185 125 650
571 904 56] ms. The power measurements were obtained
by using CurrentWidget: Battery monitor application [42].
Since processing of the components in the mobile device is
performed serially, the local execution time for the application
is simply the sum of the processing times of the individual
components (3541 ms). We set the duration for each time slot
(x) as 35 ms; that is, the online stage ran every 35 ms. If x is
too long compared to wireless network parameter variations,
then the solutions will not be sensitive to changes in wireless
parameters, and if x is too short, then the optimization runs
several times thereby costing more to run the optimization.
The ideal value of x would strike a comprise between these
two factors. We applied uniform distribution for the weights
(e.g. wsaved = wcom =0.5 and also wmemory = wCPU =0.5).
The graphs obtained in this section are averages of 1000
independent runs.
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B. Versions of the Proposed Heuristics
We compare our proposed work to several other scenarios:
(1) no offload (mobile-only) execution, (2) all offload (cloudonly) execution, (3) the dynamic offloading algorithm (DOA)
in [14], and several variants of offload strategies that we
propose below:
• Exhaustive Search: In this scheme, the proposed optimization problem is solved using brute force – by evaluating all possibilities and picking the best value. This gives
an upper bound of performance for all algorithms. There
is no offline stage to select the preferred components
for offloading, and all components can potentially be
offloaded in the online stage (except components 1 and
N ). Also the optimal offloading strategy in the heuristic
for multi-RATs is obtained by searching exhaustively
over all possible transmission strategies to guarantee the
maximum net utility rather than using OPTx , OPRx
for multi-RATs (Subsections 1 and 2 in Section IV).
Note that this exhaustive search also includes the local
execution of components. This method is computationally
prohibitive for large and complex applications but serves
as a benchmarking tool. This is provided here only to
give an idea of the performance of the heuristics vis-avis the optimal solution. The output from this exhaustive
search gives the gap between optimal solution (the upper
bound) and the proposed heuristic schemes.
• Proposed Heuristic with No Offline Stage (H-1Stage):
This strategy essentially eliminates the offline stage and
proceeds with the rest of the heuristic algorithm where
all components are eligible for offloading.
• Two-Stage Heuristic Algorithm (H-2Stage): This is
the proposed algorithm in which the preprocessing stage
(described in Section IV-A) is used to eliminate some
of the components from being considered for offloading.
While this reduces the time complexity because fewer
components are processed in the heuristic, it may eliminate some eligible components from being considered
for offloading in the online stage, thereby sacrificing
the net utility. The assignment of preferred components
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Fig. 4:

Average (a) net utility & (b) mobile energy consumption versus
maximum acceptable delay for computation offloading.

•

•

for offloading is performed using the optimizing strategy (OPoff ) mentioned in Section IV. Note that since
the offline optimization problem (OPoff ) does not use
instantaneous values of the parameters, this scheme will
be suboptimal in comparison to H-1Stage. However,
there are fewer components for offloading, so system
complexity is lower and the algorithm is faster.
Proposed Single Stage Heuristic under On-Off model
for the Wireless Interfaces (H-1S-OnOff): In this
scheme, we use the proposed single stage heuristic, where
all components are considered for offloading at the online
stage using only the wireless interface with the best
characteristics at that time slot. Although [14] and [16]
also use On-Off model for the wireless interface, they
are different from this proposed variant. In [16], the
entire application is offloaded and only the cloud strategy
is optimized; moreover, it is not a joint schedulingoffloading scheme in that, it does not determine the
scheduling order for the components but rather uses a predetermined, serial execution order for the components,
and [14] is not an online strategy.
Proposed Two-Stage Heuristics with ON/OFF Wireless Interfaces (H-2S-OnOff): In this scheme, we use the
two-stage algorithm for offloading, but we only use the
wireless interface with the best characteristics for data
transfers of both the mobile to cloud and the cloud to
mobile.

C. Results and Discussion
We first study the average net utility (Eqn (1)) as a function
of maximum acceptable delay for offloading (Tth ) for the

Energy Consumption by the Mobile [%]
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Fig. 6:

Total energy consumed by the mobile device for the proposed and
classical schemes, normalized to the energy consumed by local execution
(using the face recognition application in [50]).
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Fig. 5:

Average (a) net utility & (b) mobile energy consumption versus
average round trip time (execution deadline of the application= 1330 ms,
time threshold for offloading= 550 ms).

five schemes (see Fig. 4a). We set the execution deadline
of the application (x × T ) to 1330ms (much lower than
application runtime which is 3541 ms), and the transmission
Tx
Rx
time threshold Tth
and the reception time threshold Tth
respectively to 55% and 45% of the maximum acceptable
delay for offloading (Tth ). It is observed that while the maximum acceptable delay of wireless interfaces increases, more
components are scheduled to be offloaded, more resources are
saved, and the mobile device achieves higher net utility. The
plots in this figure also show that we achieve the highest net
utility using the proposed multi-RAT optimized single stage
heuristics. Note also, that the proposed single stage heuristics
that operates in an ON-OFF mode performs better than the
two-stage heuristics. As the maximum acceptable delay for
offloading increases, the proposed heuristics converges to the
optimal solution obtained by the exhaustive search solution. In
Fig. 4b, we plot the time average of the total energy consumed
by the mobile device versus the maximum acceptable delay for
offloading. The total energy is the sum of mobile active energy,
energy consumed during communication, and the idle energy
of the mobile device. The trend observed here is similar to that
which was observed in the net utility: as the acceptable offload
delay increases, the energy consumed by the mobile device
also decreases. We can also see that for higher acceptable
delays, H-2Stage consumes less energy compared to H-1SOnOff. This shows that using cognitive networking in this
range consumes less energy even when the suboptimal offline
stage in H-2Stage is used.
In Fig. 5a, the average net utility (Eqn (1)) is illustrated as
a function of the average round trip time (RTT). This RTT is
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Fig. 7: Average net utility versus number of application’s components [10
25 40 55 70 85 100 115 130 145] where CDGs are based on a random
graph of Fan-in/Fan-out (execution deadline of the application= 1330 ms).

calculated on mean values of delays (in units of time slot) over
mc
cm
mc
cm
WiFi (τi,1
(t), τi,1
(t), ∀i, t) and LTE (τi,2
(t), τi,2
(t), ∀i, t)
interfaces. The execution deadline of the application (x × T )
and the maximum acceptable delay for offloading (x×Tth ) are
set to 1330 ms and 550 ms, respectively. It is observed that
while delay increases, the energy and time costs for cloud
offloading increase, and therefore the average net utility decreases in all five schemes. We can see that again the proposed
scheme with cognitive networking outperforms the schemes
with ON-OFF link strategy. Note that although H-2Stage uses
offline stage to decrease the system complexity, it gives higher
net utility in comparison to H-1S-OnOff in the upper ranges
of latencies. In this figure, we see that the decrease rate of
net utility in exhaustive search scheme is lower in comparison
with the heuristic schemes. Fig. 5b shows the average energy
consumed for offloading versus the average RTT for the five
schemes. We can see that while latency increases, more energy
is consumed for communication. In Fig. 6, we compare the
total energy consumption of the five proposed schemes with
three other schemes: (i) complete local execution; (ii) complete
remote execution; and (iii) the dynamic offloading algorithm
(DOA) proposed in [14], which uses ON-OFF multi-RAT
strategy. A face recognition application with 10 sequential
components was used [50]. WiFi and 3G interfaces were
used for this bar graph, the wireless network parameters in
[51] are used such that exactly the same parameters used
for the simulation of DOA in [14] were used for all the
other seven schemes. This comparison is normalized to the
scheme with local execution of all the components. We see
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that H-1Stage consumes 73%, 51%, 28%, and 3% less energy
in comparison to the schemes using local execution, remote
execution, DOA, and H-1S-OnOff, respectively, and consumes
8% more energy in comparison to the global optimum obtained
using exhaustive search. In comparison of the schemes that use
offline stage (H-2Stage, H-1S-OnOff, and DOA), H-2Stage
consumes 2.5% and 6% less energy in comparison to H-1SOnOff and DOA, respectively. H-2Stage outperforms H-2SOnOff because it takes advantage of cognitive networking.
Although the initial offline solution is applied in all the
three schemes, the strategy can be modified in the online
stage for H-2Stage and H-2S-OnOff. Therefore, using either
of these schemes consumes less energy than using DOA.
Overall, it is clear from this bar graph that the mobile device
consumes lower energy by considering online dynamics of
wireless networks in the offload strategy (heuristic strategies)
in comparison with classical schemes (local execution, remote
execution, and DOA).
We now investigate the scalability of our approach w.r.t the
number of components in the application. Fig. 7 plots the
average net utility as a function of the number of application
components. We conducted this experiment for random applications with CDGs obtained based on a random Fan-in/Fanout graph with in-degree and out-degree of one [49]. The
maximum acceptable delay for offloading and RTT are set to
550 ms and 100 ms, respectively. We see that while the number
of components increases, the complexity of the application
(higher execution times and more component dependencies)
increases so that higher net utility is saved. Figs 8a and 8b
show the percentages of radio interface allocation for both
WiFi and LTE versus the time-average transmit power of WiFi

and LTE interfaces, respectively. Execution deadline of the
application, the maximum acceptable delay for offloading, and
RTT are set to 1330 ms, 550 ms and 100 ms, respectively.
In Fig 8a, results show that when the WiFi transmit power
increases, the percentage of WiFi allocation decreases and
percentage of LTE interface allocation increases. We can see
that in the very low ranges of WiFi transmit power, much
higher percentages of WiFi are allocated for offloading in
the H-1Stage in comparison to those of H-2Stage. On the
other hand, in upper ranges of WiFi transmit power, we
observe that the performance of both schemes are close to
each other while the components decided for offloading are
almost the same. In Fig 8b, we observe that when average LTE
transmit power increases, the percentage of interface allocation
for LTE decreases and percentage of interface allocation
for WiFi increases. In Figs 9a and 9b, queue backlogs of
mobile transmission buffers and cloud transmission buffers
are presented respectively as functions of the trade-off control
factors for energy and delay (V = Vul = Vcm ) where
the H-1Stage scheme is applied. Application deadline, the
maximum acceptable delay, and RTT are set to 1330 ms,
550 ms and 100 ms, respectively. In the same plots, the
energy values consumed by the mobile device to transmit and
receive offloaded data are presented. Looking at Eqns (8) and
(13), we can see that Lyapunov control parameter, V , reflects
the weight of transmission (reception) energy by the mobile
device in comparison to the aggregated queue backlog for
transmission to (from) the cloud through all radio interfaces.
We observe that when the V increases, the queue backlog
increases and less energy is consumed by the mobile device

Percentage of radio interface allocation versus time average power
consumption for (a) WiFi & (b) LTE transmission by the mobile device.

The impact of energy-delay trade-off factor on the average values
of (a) mobile & (b) cloud transmission queue backlog and energy consumed
for (a) uplink & (b) downlink offloaded data (the maximum acceptable delay
for offloading= 550 ms, execution deadline of the application= 1330 ms).
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Average net utility versus weight factor (to adjust the wait time
for offloading), γ (the maximum acceptable delay for offloading= 550 ms,
execution deadline of the application= 1330 ms).
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(H-1Stage) consumes 28%, 51%, and 73% less energy in
comparison to DOA, remote execution scenario, and local
execution scenario, respectively. It consumes only 8% more
energy than the optimal solution (obtained via exhaustive
search). The output from this exhaustive search gives the gap
between optimal solution and the proposed heuristic schemes
while an upper bound of performance for all algorithms is
obtained. This work will be extended in the future to obtain
the overall optimal joint cognitive offloading and scheduling
problem, where all constraints including precedence of components, offloading costs, dynamic queuing, overall execution
will be optimally traded off.
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