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Abstract—Computationally intensive applications may quickly
drain mobile device batteries. One viable solution to address
this problem utilizes computation offloading. The tradeoff is that
computation offloading introduces additional communication,
with a corresponding energy cost. Yet, previous research into
computation offloading has failed to account for the special
characteristics of cellular networks that impact mobile device
energy consumption. In this paper, we aim to develop energy
efficient computation offloading algorithms for cellular networks.
We analyze the effects of the long tail problem on task offloading,
formalize the computation offloading problem, and use Dijkstra’s
algorithm to find the optimal decision. Since this optimal solution
relies on perfect knowledge of future tasks, we further propose an
online algorithm for offloading. We have implemented this latter
algorithm on Android-based smartphones. Both experimental
results from this implementation and trace-driven simulation
show that our algorithm can significantly reduce the energy of
computation offloading in cellular networks.

I. I NTRODUCTION
Due to the increased processing capability of smartphones
in recent years, computationally intensive mobile applications
such as image recognition, gaming and speech recognition are
becoming increasingly popular. However, these applications
also may quickly drain mobile device batteries. One viable
solution to address this problem utilizes computation offloading [1]. Offloading computationally intensive tasks to remote
resource-rich servers can save a mobile device’s energy.
Previous research has investigated how to make offloading
decisions, i.e., determining which tasks should be offloaded to
minimize the energy consumption of the mobile devices. Some
of this work [2], [3], [4] considers the tradeoff between the
energy saved by moving computations to the server and the
energy consumed to offload the computation. Other researchers
propose methods [5], [6] to predict the offloading cost based on
the application behavior and execution environment. However,
previous work does not account for the special characteristics
of cellular networks in making the offloading decision.
In cellular networks, a mobile device’s cellular interface
transitions between different states, each of which operates
at its own power level. The transitions between these states
are controlled by several timers, whose timeout values can
be as high as several seconds [7]. After having completed a
data transmission, the cellular interface will stay in a highpower state for some time before switching to a low-power
state. Thus, the cellular interface may consume a substantial

amount of energy (referred to as the long tail problem) even
when there is no network traffic. Recent research [8], [9], [10]
has shown that a large fraction of energy may be wasted due
to the long tail problem in 3G networks, and that this problem
becomes only worse in 4G/LTE [11]. Therefore, the long tail
problem should be taken into account when calculating the
communication cost of offloading. Although some research has
been done to address the long tail problem by deferring and
aggregating data traffic [7], [9], [10], [12], none addresses how
to select which tasks should be offloaded while accounting for
the long tail problem.
In this paper, we aim to develop energy-efficient computation offloading algorithms that are “tail aware”, taking
into account the unique energy characteristics of cellular
networks. Specifically, we attempt to answer the following
question: Given a number of computation tasks, what is the
best offloading decision to minimize the energy consumed by
the mobile device? When making the offloading decision, we
consider the cost of both communication and computation.
However, the long tail problem makes it tricky to calculate
the communication cost. Specifically, the energy consumed to
offload a task may be affected by the computation offloading of
previous tasks. As each task can be executed either locally on
the mobile device or remotely on the server through offloading,
there are O(2n ) possibilities making a naı̈ve approach to
calculating the optimal solution intractable.
To solve this problem, we analyze the effects of the long
tail problem on task offloading and show that only a linear
number of possible computation offloading decisions need be
considered. We then create the decision states for each task
which represent all possible offloading decisions for that task.
Based on these decision states, we formalize the computation
offloading problem, and use Dijkstra’s algorithm to find the
optimal decision. Since this optimal solution requires perfect
knowledge of future tasks (which will not be available in
practical scenarios), we further propose an online algorithm
for offloading.
The main contributions of this paper are as follows.
• We are the first both to consider the long tail problem
when making offloading decisions, and to formalize the
problem of energy-efficient computation offloading in
cellular networks.
• We propose an optimal offline computation offloading algorithm to minimize the energy consumed by the mobile

device, and design an online version.
We have implemented the online offloading algorithm on
Android-based smartphones. Experimental results show
that our offloading algorithm can reduce energy consumption by 35%. Trace-driven simulation shows that
the proposed offloading algorithms are more effective for
complex tasks with small data size, and that computation
offloading is substantially more effective in LTE networks
than 3G ones.
The remainder of this paper is organized as follows: In
Section II, we briefly survey related work. Section III introduces the problem definition and the system model. Section IV
presents our optimal offloading algorithm. The online offloading algorithm is introduced in Section V. Section VI reports
experimental results and the performance evaluation of our
algorithms. Finally, we conclude in Section VII.
•

II. R ELATED W ORK
Offloading computation from mobile devices to the cloud
has received considerable attention recently. Some previous
work has focused on enabling computation offloading by utilizing recent technology advances on virtualization and mobile
cloud computing [13], [14]. For example, MAUI [2] uses the
Microsoft .NET to develop a framework that enables finegrained code offload. CloneCloud [3], [4] creates device clones
on the cloud to enable seamless cloud-augmented execution.
ThinkAir [15] enforces on-demand VM creation and resource
allocation, and performs offloading based on user specified
policy.
Beside solving how to offload, much work has been done
on what to offload. Such work aims to make appropriate
decisions on application partitioning to enable efficient offloading. OLIE [16] profiles network conditions and program
behavior at runtime, and then partitions the application and
offloads part of the execution to a nearby surrogate. Wolski
et al. [17] predict statistically when an offloaded computation
will perform better than executing it on the mobile device.
Odessa [18] adaptively makes offloading decisions for mobile interactive perception applications. However, the goal of
OLIE is to overcome the memory constraint, and the other
two approaches aim to improve the performance of mobile
devices. MAUI [2] proposes a program partitioning strategy
that minimizes the smartphone’s energy consumption. Zhang
et al. [19] investigate the scheduling policy of a sequence
of tasks, and provide an approximate solution to minimize
the energy consumption. Although these studies have similar
goals as ours, none of them considers the long tail problem in
offloading which is the focus of our work.
Our work is also related to recent advances in the understanding of the power characteristics of cellular networks.
Previous work studies the energy characteristics of 3G, and
finds that the cellular interface stays in the high power state
after completing a data transmission [8], [20]. Later studies
find that LTE is even less energy efficient than 3G and the
long tail problem is found to be a key contributor [11]. Fast
dormancy [21] has been proposed to address the long tail

problem. However, fast dormancy requires support from both
smartphones and cellular carriers, and it may increase the
signaling overhead due to frequent state transitions. Other
researchers propose to defer and aggregate the network traffic [7], [9], [10]. Recently, Xiang et al. have addressed the
long tail problem when multiple applications are offloaded.
They propose the technique of coalesced offloading, which
coordinates the offloading requests of multiple applications
to save energy. However, they do not address the problem
of which parts (tasks) of the application should be offloaded.
Different from them, our work focuses on how to make optimal
offloading decisions to save energy.
III. P ROBLEM D EFINITION AND S YSTEM M ODEL
In this section, we introduce the problem definition and the
system model of computation offloading.
A. Offloading Scenario
We consider the following scenario: A user runs computationally intensive applications on his mobile device and
generates multiple tasks. Some of the tasks will be executed on
the mobile device and some of them will be executed on the
server to save energy. One example of such application is the
Optical Character Recognition (OCR) which can automatically
recognize characters in images taken by a smartphone and
output readable text. If the task only has a small number of
words, it can be finished in a short time on the smartphone,
such as mobile apps for finding the road signs. However, if
the task has images of several pages of a research paper, the
computation on the smartphone will take much longer time and
consume lots of energy. To offload the task, the smartphone
sends the image to the server, lets the server perform character
recognition and finally receives the text. In this way, the
execution time and the energy consumption can be reduced.
To simplify our analysis, we first assume sequential task
scenarios and then discuss how to adapt the proposed approach
for parallel tasks in Section IV.
B. Power Model of the Cellular Interface
Cellular networks employ a Radio Resource Control (RRC)
state machine for each mobile device. In 3G networks, the
cellular interface has three states: IDLE, DCH and FACH.
Fig. 1 illustrates the power level of a smartphone when using
the 3G interface to transmit data.
Initially, the radio interface stays in IDLE state when there
is no network activity, consuming very low power. When
there are packets to be sent or received, the interface transits
to DCH state by first establishing a signaling connection
with the backbone network, and then obtaining dedicated
transmission channels. This process requires control message
exchanges between the smartphone and the backbone network,
and the incurred time delay is called the promotion delay
(tpro ). The radio interface remains in the DCH state during
data transmission. An inactivity timer is triggered when the
transmission completes. The radio interface will transit to the
FACH state when the timer expires, and finally transit to the
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IDLE state after another inactivity timer expires. The timers
are configured by the network operator, and they are typically
very long and are referred to as the long tail time (ttail ).
During this tail time, the radio interface is kept at a high power
level even though there is no data transmission.
LTE has similar radio resource control states with 3G. Thus,
we generalize the power consumption of 3G/LTE cellular
interface into three states: promotion, data transmission and
tail. The power in the promotion and tail state are denoted as
Ppro , and Ptail . We differentiate the power for uploads from
downloads in data transmission, and denote them as Pup and
Pdown , respectively.
C. Task Execution Model
A task can be executed locally on the mobile device
or executed on the server through offloading. If task Ti is
executed on the mobile device, its execution time is denoted
as tm (i), and its energy consumption is denoted as Em (i). If
Ti is offloaded to the remote server, the whole process consists
of three steps.
1) Sending the Data (Input): First, the mobile device sends
Ti ’s input data din (i) to the remote server via the uplink.
Suppose the upload bandwidth of the cellular network is
denoted as Bup . The transmission time of the input data is
tsend (i) = din (i)/Bup , and the energy consumption of the
mobile is Esend (i) = Pup · tsend (i).
2) Executing Task on the Server: After sending the input
data to the server, the mobile device is idle waiting for the
result. Let twait (i) denote Ti ’s execution time on the server
(i.e., mobile device’s waiting time). Although the CPU of the
mobile device is idle, its cellular interface may not move to
IDLE state due to the long tail time. If twait (i) is shorter
than ttail , the power level will stay at Ptail during this time
period. Otherwise, the power level will be Ptail for ttail , and
then stay at Pidle for the remaining time. To summarize, the
energy consumption of the mobile device when the task is
executed on the server is calculated as

if twait (i) ≤ ttail
 Ptail · twait (i),
Ewait (i) =
(1)
Ptail · ttail + Pidle · (twait (i) − ttail ),

otherwise.

3) Receiving the Data (Output): After the server finishes
task Ti , it sends back the output data dout (i). If the task
execution takes longer than ttail , the cellular interface will be
in IDLE state, and there will be a promotion delay, so the time
to receive all data is trcv (i) = dout (i)/Bdown + tpro , where
Bdown is the download bandwidth. Otherwise, the mobile
device only consumes energy to download the output data and
then trcv (i) = dout (i)/Bdown . That is,

 Pdown · (dout (i)/Bdown ) + Ppro · tpro ,
if twait (i) ≥ ttail (2)
Ercv (i) =

Pdown · (dout (i)/Bdown ),
otherwise.

In summary, the energy consumption of a mobile device
to offload task Ti is computed as Es (i) = Esend (i) +
Ewait (i) + Ercv (i) , and time to offload Ti is ts (i) =
tsend (i) + twait (i) + trcv (i). To ensure that our scheme will
not increase the response time, task Ti will be executed on
the mobile if tm (i) ≤ ts (i). Es (i) does not include the tail
energy after receiving the output or the promotion energy
before sending the input, which are affected by the status of
adjacent tasks and will be further discussed in the next two
sections.
IV. O PTIMAL COMPUTATION OFFLOADING
In this section, we define the problem of computation
offloading and introduce an offline algorithm to find the
optimal solution. We first propose a solution to reduce the
decision states and build a solution graph that enumerates
all possible decisions. Then, we transform the problem to a
shortest path problem and use Dijkstra’s algorithm to find
the optimal solution. At last, we discuss how to adapt the
algorithm for parallel task scenarios.
A. Problem Statement
Suppose a user runs computationally intensive applications
on a mobile device which generate n tasks. The ith task Ti ,
with input data size din (i) and output data size dout (i), is
generated at time t0 (i). After a task is generated, it is executed
either locally on the mobile device or on the remote server.
The computation offloading problem is to find an offloading
solution D = (l1 , . . . , li , . . . , ln ) which executes all tasks with
the minimum amount of energy, where li = 0 means that
Ti should be executed on the mobile device whereas li =
1 means that Ti should be offloaded to the server. We first
assume that tasks are executed sequentially and in the order
they are generated, and then discuss how to adapt the proposed
approach for parallel tasks in Section IV-E.
When a task is offloaded, the communication between the
mobile device and the server may suffer from the long tail
problem. This may impact later tasks, which makes it hard
to calculate the energy consumption of a later offloaded task.
Specifically, if Ti is offloaded to the server, its energy consumption depends on how long the remaining tail is between
Ti and the previous offloaded task. Thus, we need to know
the last tail (which is generated by the last offloaded task)
before task Ti to calculate Ti ’s offloading cost. As each task

has two options, there are 2i−1 possibilities (decision states)
to determine the last tail of the previous tasks. Therefore, it is
a challenge to deal with the exponentially increasing decision
states when making offloading decisions.
B. Reducing the Decision States
The above solution has exponential states because it relies
on the decisions of all previous tasks to determine the status
of the last tail. Actually, this is not necessary since we can
let tasks update and record the status of the last tail. More
specifically, to calculate Ti ’s offloading cost, we need to know
Ti−1 ’s last tail by considering the following two cases. First,
Ti−1 is offloaded to the server. As Ti−1 may be either affected
or not affected by a former tail, we need two decision states to
represent the two different tails generated by offloading Ti−1 .
Second, Ti−1 is executed on the mobile. Ti−1 ’s recorded last
tail is generated by a task prior to Ti−1 , which could be Ti−2 ,
Ti−3 , ..., or even T1 . Each of them can be affected or not
affected by a former tail when being offloaded, resulting in
two decision states for each of them, with a total of 2(i − 2)
states. Since T1 is not affected by any previous tail, only one
decision state (instead of two) is needed to record its generated
tail, and then we need 2(i−2)−1 decision states in the second
case. Considering both cases, we need 2(i − 1) − 1 decision
states to represent all the possibilities of Ti−1 ’s last tail. Then,
the decision states increase linearly rather than exponentially.
Formally, we denote a decision state of task Ti as a virtual
node VLi i ,Ii , where Li indicates the offloading decision of Ti :

S Ti is executed on the remote server
Li =
M Ti is executed on the mobile device
and Ii indicates whether Ti is affected by a previous tail:

0 not affected by a former tail
Ii =
1 affected by a former tail.
The combination of Li and Ii results in four different types
i
i
i
i
of decision states: VS,0
, VS,1
, VM,0
and VM,1
.
Task Ti ’s offloading decision can affect the state of the next
task Ti+1 . For each decision state VLi i ,Ii of Ti , its TailEndTime
(tiLi ,Ii ) is defined as the end time of a potential tail that could
affect the next task. This tail is generated by Ti itself or its
previous tasks. Each node needs to compute and maintain
its TailEndTime, and different types of nodes have different
methods to compute TailEndTime.
CASE 1 (Fig. 2(a)): tiS,0 = t0 (i) + tpro + ts (i) + ttail .
i
For VS,0
, task Ti is offloaded to the server, and the cellular
interface is in IDLE since Ii = 0. It takes a promotion
delay (tpro ) before sending the input data. As described in
Section III-C, ts (i) = tsend (i) + twait (i) + trcv (i).
CASE 2 (Fig. 2(b)): tiS,1 = t0 (i) + ts (i) + ttail .
i
For VS,1
, the difference from Case 1 is that Ii = 1, where
the cellular interface is affected by a former tail. Then, the
mobile device can send the input data to the remote server at
time t0 (i).
CASE 3: tiM,0 = −∞.
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i
For VM,0
, Ti is executed on the mobile device. As Ii =
0 indicates the cellular interface is not affected by a former
tail, and its state will not change during Ti ’s execution on the
mobile device, the cellular interface should still be in IDLE
when Ti+1 arrives. In this case, VM,0 will not affect the next
task, and thus we have tiM,0 = −∞.
CASE 4: tiM,1 = −∞ or tiM,1 = ti−1
Li−1 ,Ii−1 .
i
For VM,1 , Ii = 1 means that the cellular interface is affected
by a former tail at time t0 (i). Although Ti ’s execution on the
mobile device will not affect the state of the cellular interface,
the cellular interface can change to IDLE by itself as time
goes by. There are two possible cases. In one case as shown
in Fig. 2(c), the tail ends and the cellular interface moves to
i
IDLE during Ti ’s execution on the mobile. In this case, VM,1
i
will not affect the next task, thus tM,1 = −∞. In another
case (Fig. 2(d)), Ti ends before the former tail ends. Then the
former tail may still affect the next task. Ti has to maintain
this information by recording the status of this tail. Although
this tail is generated by Tk , its status is recorded and passed
on to later tasks including Ti−1 . Therefore, Ti records the tail
by inheriting its parent node’s TailEndTime.

C. Building a Solution Graph
After reducing the decision states, we build a solution graph
based on which we can find the optimal solution. In the
solution graph, the decision states of a task are the nodes.
i
i
i
i
Task Ti ’s virtual nodes VS,0
, VS,1
, VM,0
and VM,1
are at
depth h = i. We also create two dummy nodes: Vstart as
the source node with depth h = 0 and Vend as the destination
node with depth h = n + 1. Then, tVstart = −∞ and tVend is
meaningless.
For edges, we start from Vstart and employ a top-down
approach. For task Ti , we check the corresponding nodes at
depth i. For each node VLi i ,Ii , we analyze its possible next
and create an edge between them. As task
state VLi+1
i+1 ,Ii+1
Ti+1 can either be executed on the mobile device or on the
server no matter where Ti is, Li+1 can either be S or M.
However, the value of Ii+1 depends on the TailEndTime of Ti
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and the arrival time of Ti+1 , as shown in Eq. 3.

0 if t0 (i + 1) > tiLi ,Ii
Ii+1 =
1 otherwise

(3)

An example of such a solution graph is shown in Fig. 3.
The TailEndTime of each node is indicated on the line next
to the node. Theoretically, each virtual node at depth h = i
i
has four children. However, VM,0
is an exception and only has
i+1
i+1
two children VS,0 and VM,0 . This is due to tiM,0 = −∞ (in
i
Case 3), implying VM,0
can not affect task Ti+1 . As a result,
no matter task Ti+1 is executed on the server or on the mobile,
the cellular interface must be in IDLE when Ti+1 arrives, thus
Ii+1 must be 0.
The edge weight from a virtual node VLi i ,Ii to its child
i+1
VLi+1 ,Ii+1 , denoted as Wii+1 , is defined as the additional
energy consumed by the mobile device to execute Ti+1 . The
computation of this weight is not straightforward, since the
additional energy of an offloaded task is related with the
previous offloaded task. To solve this problem, we analyze
different types of edges, and show that the computation of
edge weight only depends on the locations of both task Ti
and Ti+1 , and the temporal relation between them.
TYPE 1: Li+1 = M
For this type of edge, Ti+1 is executed on the mobile
device. Then, the edge weight Wii+1 is the energy consumed
to execute Ti+1 on the mobile device, which is Em (i + 1).
TYPE 2: Li = S and Li+1 = S
Li = S means that Ti is offloaded to the server, so Ti is
the previous offloaded task for Ti+1 . The additional energy
consumed to execute Ti+1 consists of three parts: tail energy
after Ti , promotion energy before Ti+1 and execution energy
of Ti+1 . The offloading of Ti+1 to the server may help save
some tail energy depending on the decision state of Ti+1 . If
Ii+1 = 0, there is a complete tail as shown in Fig. 4(a). If
Ii+1 = 1, Ti+1 can compensate some tail which is tiLi ,Ii −
t0 (i + 1) as shown in Fig. 4(b). For the promotion energy,
it depends on the status of Ti+1 . If Ii+1 = 0, promotion is
required. Otherwise, promotion energy can be saved. For the
execution energy, Li+1 = S means Ti+1 is executed on the

server, so the energy is Es (i+1). As a result, we can compute
the edge weight using Eq. 4.


Wii+1 =Ptail · ttail − Ii+1 · tiLi ,Ii − t0 (i + 1)
(4)
+ (1 − Ii+1 ) · Ppro · tpro + Es (i + 1)
TYPE 3: Li = M and Li+1 = S
Similar to Type 2, the additional energy consumed to
execute Ti+1 still consists of three parts. To compute the edge
weight, we need to know the last tail before Ti+1 . Li = M
means task Ti is executed on the mobile device, although it
cannot be the producer of the last tail, it maintains the end
time of the last tail as its TailEndTime. If tiLi ,Ii = −∞,
the last tail has ended before task Ti+1 starts. In this case,
there is a complete tail before Ti+1 as shown in Fig. 4(c). If
tiLi ,Ii 6= −∞, the offloading of Ti+1 to the server may help
save some tail energy and promotion energy depending on the
status of Ti+1 as shown in Fig. 4(d). We can use Eq. 5 to
compute the weight accordingly.

Ptail · ttail + Ppro · tpro + Es (i + 1),




if tiLi ,Ii = −∞




Wii+1 =
Ptail · ttail − Ii+1 · tiLi ,Ii − t0 (i + 1)




+(1 − Ii+1 ) · Ppro · tpro + Es (i + 1),


if tiLi ,Ii 6= −∞
(5)
We notice that tiLi ,Ii = −∞ must lead to Ii+1 = 0 (by
Eq. 3), then Eq. 5 can be transformed and further be merged
with Eq. 4. In summary, we can compute the edge weight
using Eq. 6 for all types of edges, except that the edge weight
from Vn to Vend is set to 0.

Em (i + 1),
if Li+1 = M






i
−
t
(i
+
1)
P
·
t
−
I
·
t
i+1
0
tail
tail
i+1
Li ,Ii
Wi =


+(1 − Ii+1 ) · Ppro · tpro + Es (i + 1),


if Li+1 = S
(6)
D. Optimal Offloading Algorithm
We transform the optimal offloading problem to finding the
shortest path in terms of energy consumption from Vstart to
Vend in the solution graph.

During the construction of the solution graph, we will at
i
i
i
most generate one VS,0
, one VS,1
and one VM,0
for task Ti .
i
For VM,1 , it inherits its parent nodes’ TailEndTime (in Case
i
4). If it has multiple parent nodes, multiple VM,1
nodes with
different TailEndTime are generated. Therefore, the number
of nodes for each task increases as shown in Fig. 3. Task T1
has only two nodes with subscript I1 = 0 as the first task
must not be affected by a former tail. T2 has four nodes and
2
3
one of them is VM,1
. T3 has three VM,1
nodes as there are
three parent nodes at depth 2. According to this pattern, the
number of nodes at depth i is 2i. Then, the solution graph has
|V | = O(n2 ), and |E| = O(n2 ).
We use Dijkstra’s algorithm to compute the shortest path.
Based on the scale of the solution graph, the algorithm can
compute the shortest path in polynomial time O(n2 log n). To
get the optimal offloading solution, we back track from Vend .
If the shortest path traverses through node with Li = S at
depth i, li = 1. Otherwise, li = 0. Next, we prove that the
solution we get is indeed the optimal solution.
Theorem 1: The shortest path of the solution graph represents the optimal solution of the computation offloading
problem.
Proof: Let D denote the solution constructed based on the
shortest path p, and E(D) is the overall energy consumption.
Suppose to the contrary that D is not the optimal solution,
then there must exist a solution D′ = (l1′ , . . . , li′ , . . . , ln′ ) 6= D
such that E(D′ ) < E(D).
We can map D′ to a path on the solution graph G as
i
follows. For Ti with li′ = 1, it is mapped to node VS,0
if the cellular interface is in IDLE state when Ti arrives,
i
otherwise it is mapped to VS,1
. For Ti with li′ = 0, it is
i
mapped to node VM,0 if the cellular interface is in IDLE
state. Otherwise, we find the maximum j such that lj′ = 1
j
and j < i. If Tj has been mapped to VS,0
, Ti is mapped
j
i
i
i
to VM,1 with tM,1 = tS,0 ; otherwise, Ti is mapped to VM,1
j
i
with tM,1 = tS,1 . As shown in Fig. 3, there are 2(i − 1) − 1
i
nodes with different TailEndTime: two with tkS,0 and
VM,1
k
tS,1 inherited from every Tk (1 < k < i) and one with t1S,0
inherited from T1 . Thus, Ti can be definitely mapped to the
corresponding node. Considering the construction process of
G, there must exist a path p′ from Vstart to Vend that traverses
all and only the mapped nodes, and its weight is W (p′ ).
Next, we need to prove W (p′ ) = E(D′ ). We divide the
edges of p′ into two sets: S1 = {(V i , V i+1 )|Li+1 = M }
and S2 = {(V i , V i+1 )|Li+1 = S}, with weight W (S1 ) and
W (S2 ), respectively. E(D′ ) also consists of two part: E(D′ )1
and E(D′ )2 , which are the overall energy of tasks executed
on the mobile and the server, respectively.
According to Eq. 6
P
(case Li+1 = M ), E(D′ )1 = l′ =0 Em (i) = W (S1 ). Then
i
we use a sequence to represent all tasks that are executed on
the server, and use Tj and Ti+1 to denote any two consecutive
tasks. Since the long tail generated by Tj is maintained by Ti
as tiLi ,Ii , we can use Eq. 6 (case Li+1 = S) to calculate the
energy to execute Ti+1 and the tail energy
Tj and
Pn between
′
l
tasks,
we get
Ti+1 . Summing up the energy of all
i=1 i

Ti

t

parallel tasks

Ti+1

t

sequential subtasks

t

Tiin
Fig. 5.
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Ti
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Ti+1

Converting parallel tasks to sequential subtasks

E(D′ )2 = W (S2 ).
As solution D represents the shortest path on G, we have
E(D) = W (p) ≤ W (p′ ) = E(D′ ). A contradiction.
E. Parallel Tasks
The above solution assumes that the task executions do not
overlap with each other. In some cases, several tasks may
arrive at the same time. For example in Fig. 5, suppose the
cellular interface receives task Ti immediately followed by
another task Ti+1 , and both tasks are offloaded to the server.
After sending Ti ’s input, the cellular interface continues to
send Ti+1 ’s input while Ti is being executed at the server.
When parallel tasks are allowed, the task execution model
has to be modified. Next, we explain how to adapt our
optimal offloading algorithm to find the optimal decisions
when parallel tasks exist.
In our task execution model (Section III-C), the energy to
offload task Ti consists of the energy to send the input and
output data, and the tail energy between them. When tasks
are sequential, this tail energy only depends on the execution
time of the offloaded task on the server. However, when tasks
are overlapped, the calculation becomes complicated since
there may be multiple data transmissions between Ti ’s input
and output data transmissions. To calculate the tail energy of
each data transmission, we modify the model by considering
the input and output data transmission of each task as two
separate subtasks. As shown in Fig. 5, we use subtask Tiin
and subtask Tiout to represent task Ti ’s input and output data
transmission, respectively. In this way, the original parallel
tasks are converted to sequential subtasks. When subtasks are
also overlapped (∆t < 0), there is no tail energy between
them.
Using the modified model, the original problem to find
optimal offloading decisions for n tasks transforms to finding
the optimal solution for 2n sequential subtasks. With the
constraint that Tiin and Tiout must have the same offloading
decision, we can then adapt our optimal offloading algorithm
to solve the problem. We will not elaborate the details in this
paper due to space limitation.
V. O NLINE COMPUTATION OFFLOADING
The optimal computation offloading algorithm can minimize
the energy consumption. However, it requires the complete
knowledge of all tasks such as task intervals and task execution
profiles (i.e., the energy consumed to execute the task on the

Tlast

Es (i)

E tail(i)'

Ti+1

Ti
Δti

Fig. 6.

Algorithm 1: The online algorithm

Δti'

Energy consumption to offload task Ti

smartphone and the server). In this section, we relax these
requirements and present an online computation offloading
algorithm.
A. Online Offloading Algorithm
Intuitively, a computationally intensive task should be offloaded under two scenarios. Suppose the last offloaded task
Tlast before Ti happened at t1 , Ti arrives at t2 , and Ti+1 will
arrive at t3 . First, if t2 − t1 is small, sending Ti to the server
can cut the long tail generated by Tlast . Second, if t3 − t2 is
small, the long tail generated by offloading Ti may also be cut
if Ti+1 is offloaded too. The first scenario is easy to identify
as the mobile device has all the information of past tasks.
However, the second scenario is hard to identify and we have
to rely on predictions. If we can predict that Ti+1 will arrive
soon after Ti (will be quantified later), then offloading task Ti
can save energy. In the rest of this section, we introduce our
prediction method in the online algorithm.
The basic idea of our online algorithm is to offload a
task when there is a high probability that offloading the task
consumes less energy than executing it on the mobile, i.e.,
total
P (Estotal (i) < Em
(i)) ≥ θ

(7)

total
(i) denote
where θ is a system parameter. Estotal (i) and Em
the total energy consumption to offload task Ti and to execute
it on the mobile device, respectively. The superscript “total”
means that the energy also includes the tail energy related to
total
T i . Em
(i) = Ptail ·ttail +Em (i), which includes the energy
of a complete tail as E tail (i). As shown in Fig. 6, E tail (i) is
the tail energy between Tlast and Ti , and E tail (i)′ is the tail
energy between Ti and Ti+1 . E tail (i)′ is 0 since executing Ti
on the mobile will not generate a long tail between Ti and
Ti+1 . Estotal (i) is the sum of E tail (i), the server execution
energy Es (i), and E tail (i)′ .
Since the mobile device has already made offloading decisions for the past tasks, E tail (i) can be calculated easily.
Letting ∆ti denote the time interval between Ti and Tlast ,
E tail (i) can be calculated as follows. If ∆ti is smaller than
ttail , there is only partial tail energy Ptail · ∆ti ; Otherwise,
offloading Ti will consume extra promotion energy and a
complete tail energy.
The calculation of E tail (i)′ depends on the time interval
∆t′i between Ti and Ti+1 . Since the mobile device has no
knowledge of future tasks, we can only get E tail (i)′ based
on prediction. Let random variable T denote the task arrival
interval, then the offloading requirement given by Eq. 7 can
be specified as

P (T < ∆t′i ) = F (∆t′i ) ≥ θ.

(8)

Data: Task set
Result: Decision sequence D
Last offloaded task Tlast ← null;
Last transfer end time tlast ← −∞ ;
for i ← 1 to n do
∆ti ← a0 (i) − tlast ;
if ∆ti < ttail then
E tail (i) ← Ptail · ∆ti ;
else
E tail (i) ← Ppro · tpro + Ptail · ttail ;
end
total
Em
(i) ← Ptail · ttail + Em (i) ;
E total (i)−(E tail (i)+E (i))

s
;
∆t′i ← m
Ptail
′
P (∆ti ) ← Eq. 8 ;
if P (∆t′i ) ≥ θ then
offload Ti ;
li = 1;
update Tlast ← Ti ;
update tlast ;
else
execute Ti on mobile device;
li = 0;
end

end
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CCDF of the task arrival interval

P (T < ∆t′i ) is the probability that there is a task within
∆t′i time from task Ti , where ∆t′i is obtained by solving
total
the equation Estotal (i) = Em
(i). F (t) is the CDF of the
task arrival interval T which is obtained through experiments.
A complete description of the online offloading algorithm is
shown in Algorithm 1.
B. Task Arrival Interval
We distributed five Android smartphones with our Optical
Character Recognition (OCR) application installed to users,
and collected one week of trace which has 528 tasks. Fig. 7
shows the CCDF (Complementary CDF) of the task arrival
interval. As can be seen, the CCDF values exhibit linear
decay which suggests power-law characteristics. By definition,
it means that many task arrival intervals are short and few are
long. The CDF of the task arrival interval T is given by

β
1 − ( tmin
t ) , if t ≥ tmin
F (t) =
0,
if t < tmin

TABLE III
PARAMETERS OF OCR TASKS
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where tmin is the minimum possible value of T , and β is a
positive parameter.
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C. Parameter Setting

(a) Energy

Parameter θ directly affects the decisions of our online
algorithm. We perform an experiment to help select θ. We
choose 20 tasks from the trace and run our online algorithm
on a smartphone with different θ. For each θ, the smartphone
executes tasks locally and offloads to the server according to
the decisions made by the online algorithm. We measure the
energy consumption of the phone in each round and plot the
result in Fig. 8. We find that setting θ to 70% can get the best
performance in terms of energy consumption, thus, we use it
as the default value in our algorithm.
VI. P ERFORMANCE E VALUATIONS
To evaluate the performance of the computation offloading
algorithms, we have implemented the proposed algorithms
on smartphones and compared their performance to existing
solutions through experiments and trace-driven simulations.
A. Experimental Setup
We have implemented an OCR application based on Tesseract library [22] on Android-based smartphones and on the
remote server. The OCR application provides automatic conversion of photographed images of printed text into machinereadable text. We also implemented the online offloading
algorithm on smartphones. The mobile device is a Samsung
TABLE I
S TATE MACHINE PARAMETERS OF DIFFERENT NETWORKS
Network
3G(AT&T)
LTE(AT&T)

State
Promotion
Tail
Promotion
Tail

Power(mW)
1102.2±40.4
1414.8±163.4
1214.8±24.3
1455.9±26.4

Duration(s)
0.9±0.1
8.0±0.1
0.25±0.4
11.5±0.56

TABLE II
DATA TRANSMISSION PARAMETERS OF DIFFERENT NETWORKS
Network
3G(AT&T)
LTE(AT&T)
Phone(GS3)

State
Download
Upload
Download
Upload
Idle

Power(mW)
1408.3±96.4
1432.6±105.7
1827.5±30.1
1865.8±25.6
679.7±9.7

Throughput(Mb/s)
2.3±0.6
1.4±0.7
51.11±16.9
17.9±5.1
-

Fig. 9.
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(b) Execution time

Energy and execution time of different offloading algorithms

Galaxy S III (GS3) smartphone running Android 4.0.2. The
server is a dual-core desktop with a 2.3GHZ CPU and a 6GB
of RAM running Windows 7.
To setup the parameters, we measured the power consumption and the throughput in 3G and LTE when the cellular interface is at different states. To measure the power consumption,
we use the Monsoon Power Monitor [23] to provide constant
power to the smartphone instead of using battery. The results
are shown in Table I and Table II.
To get the task execution time and the energy model defined
in Section III-C, we run the application multiple times with
different input data and measure the task execution time and
the power level of the smartphone. The results are used to
predict the task execution time based on the input data. A
simple linear model is used to predict the energy consumption
as a function of the task execution time.
Our algorithm is compared with the following approaches:
• AllMobile: all tasks are executed on the smartphone.
• AllServer: all tasks are executed on the remote server.
• ThinkAir* [15]: the decision of offloading is based
on user specified policy. Among the four policies in
ThinkAir, the “Energy” policy has the same goal as our
algorithm and is used for comparison. It compares the
energy consumption of running the computation locally
and that of offloading to the cloud, and only offloads
the computation when energy can be saved. However,
ThinkAir does not consider the long tail problem.
The metrics used for comparison are energy consumption
and execution time. If a task is offloaded, the execution time
consists of communication time and computation time.
B. Experimental Results
In this section, we compare our algorithms with others using
real experiments. In the experiments, the WiFi interface of the
smartphone is turned off and the phone works under LTE. 40
OCR tasks are used in the evaluation, and the parameters of the

800
40

400

200

0

Execution time (s)

600

Energy (J)

Energy (J)

600

400

200

0

Communication time
Computation time

30
20
10
0

Communication time
Computation time

40

Execution time (s)

800

30
20
10
0

l
r
*
e
e
b il
lin
rve nkAir ptima
i
On
Se
Mo
O
All
All
Th

l
r
*
e
e
b il
lin
rve nkAir ptima
i
On
Se
Mo
O
All
All
Th

r
*
e
e
al
b il
lin
rve nkAir
tim
i
On
Se
Mo
Op
All
Th
All

r
*
e
e
al
b il
lin
rve nkAir
tim
i
On
Se
Mo
Op
All
Th
All

(a) Energy-3G

(b) Energy-LTE

(c) Execution time-3G

(d) Execution time-LTE

Fig. 10.

Performance comparison of different offloading algorithms in different cellular networks

tasks are shown in Table III. The task arrival time is recorded
when the experiment is run and then replayed when other
algorithms are used. For example, in AllMobile, the timestamp
of the task arrival time is recorded. When AllServer is run, we
still use the same task arrival time.
Fig. 9 shows the experimental results. The experimental
results show that our offloading algorithm (“TailAware”) can
save more energy than other approaches, which is about 43%
compared to AllMobile, 39% compared to AllServer, and 34%
compared to ThinkAir*. AllServer only consumes 7% less
energy than AllMobile, which indicates that the energy spent
for offloading is almost comparable to the energy saved by
offloading. For ThinkAir*, since it does not consider the long
tail problem, it may offload a task even though the actual
energy consumption including the tail energy is more than
local execution, and hence consumes more energy than ours.
Note that if fast dormancy is used, more tasks will be offloaded
in our algorithm. This is because fast dormancy can reduce the
tail energy and then some tasks used to be executed on the
mobile to avoid heavy communication cost will become worth
offloading.
Fig. 9(b) compares the execution time, which includes the
communication time and the computation time. For AllMobile,
the communication time is 0 since its computation is not
offloaded. For AllServer, although it has low computation time,
its communication time is much higher than others. The goal
of our algorithm is to minimize the energy, but it also achieves
a balance between communication time and computation time.
From the figure, we can see that our algorithm reduces the
execution time by 46% compared to AllMobile. The execution
time of our algorithm is similar to AllServer and ThinkAir*,
but our algorithm can save much more energy.
C. Trace-Driven Simulations
In our experiment, we also collected the task traces, which
are used for evaluating the performance of our algorithms.
Such trace-driven simulations will give us more flexibility
to study the effects of other parameters on performance. In
the simulations, we compare AllMobile, AllServer, ThinkAir*,
and both variants (Optimal and Online) of our TailAware
offloading algorithm.
1) Comparisons on Energy Consumption and Execution
Time: The power consumption and execution time of different

approaches in 3G and LTE networks are shown in Fig. 10.
Overall, our offloading algorithms can save at least 43% of
energy in 3G and 40% in LTE networks, and reduce the
execution time by 50% in 3G and 55% in LTE networks
compared to that without computation offloading.
For power consumption, by comparing Fig. 10(a) and
Fig. 10(b), we have the following observations. First, our algorithms have better performance in LTE than in 3G network.
This is because LTE has much higher throughput and thus
can reduce the time in high power state for data transmission.
As AllMobile does not use the cellular interface, the energy
consumption does not change in different networks. Second,
ThinkAir* outperforms AllMobile and Allserver. Compared
to ThinkAir*, our algorithms consume 30% less energy in 3G
networks, and 38% less energy in LTE networks. Third, the
online offloading algorithm can achieve similar energy saving
as the optimal.
Fig. 10(c) compares the execution time under 3G. As can
be seen, AllServer is the worst. This is because 3G has
limited bandwidth and AllServer spends much longer time on
offloading the tasks to the server. This result is changed when
LTE is used, as shown in Fig. 10(d). The reason is that LTE
has much higher throughput, and then AllServer spends less
time to offload the tasks to the server compared to AllMobile.
From the figures, we can also see that our algorithms have
similar execution time compared to ThinkAir*.
2) Impact of Task Data Size: The input and output data
size of a task (task data size) will affect the energy consumed
during offloading. In this section, we change the input and
output data size by the same factor, and evaluate its effects on
performance.
Fig. 11(a) and Fig. 11(b) show the energy saving rate of
different approaches compared to AllMoblie. As can be seen,
with the increase of data size, the energy saving drops quickly
for AllServer, whereas our algorithms can still achieve good
performance. In both 3G and LTE, with the increase of data
size, AllServer even consumes more energy than AllMobile.
This indicates that the computational energy saved by offloading is less than the energy consumed by data transmission as
the task data size increases. Then, always offloading tasks to
the server (AllServer) becomes a bad choice. Since LTE has
much higher bandwidth than 3G, the impact of increasing the
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task data size in LTE is less obvious compared to 3G.
For execution time, as shown in Fig. 11(c) and Fig. 11(d),
our algorithms outperform AllServer in 3G which significantly
increases the execution time as the task data size increases.
While in LTE networks, the increase of the task data size
has less impact on the transmission time, thus the execution
time reduction rate remains relatively high for all approaches
except AllServer. Compared to ThinkAir*, our algorithms can
achieve similar reduction rate in all cases.
3) Impact of Task Complexity: The complexity of a task
affects the computation time at the mobile and the server, and
hence the execution time and the energy consumption. For a
more complex task, the advantage to use a fast server will be
more obvious. In this section, we change the task complexity
for the mobile and the server by the same factor and evaluate
its effects on performance.
Fig.12(a) and Fig.12(b) show the energy saving rates of
different approaches compared to AllMoblie. When the task
complexity increases, the energy saving rate also increases
since offloading the task will reduce more computation time.
However, the advantage of our algorithms over AllServer and
ThinkAir* drops as the task complexity increases. This is
because the energy saved for computation gradually dominates
the overall energy saving as the task complexity increases,
and then our algorithms’ efforts on energy saving of data
transmission including the tail energy become less obvious.
When the task complexity is reduced by half (0.5 in x-axis),
AllServer and ThinkAir* even consume more energy than
AllMobile. This is because at this time the tasks are too simple
to be offloaded, and the energy saved in computation is not as
much as the energy spent on data transmission. For execution

time, since offloading can reduce more computation time as
the task complexity increases, the performance also becomes
better as shown in Fig.12(c) and Fig.12(d).
In summary, our offloading algorithms can save energy and
reduce the execution time when the task data size is small
and when the task complexity increases. Also, offloading with
LTE can achieve better performance than 3G.
VII. C ONCLUSION
In this paper, we proposed energy-efficient computation
offloading algorithms for cellular networks. We formally analyzed the effect of the long tail problem when making
offloading decisions and proposed a novel solution to minimize
the energy consumption of mobile devices. We formulated the
offloading problem as a shortest path problem and used Dijkstra’s algorithm to find the optimal solution. We also proposed
an online offloading algorithm and have implemented it on
Android-based smartphones. Experimental results show that
our offloading algorithm can save about 35% of the energy.
Trace-driven simulation results show that the proposed offloading algorithms are more effective for complex tasks with
small data size, and LTE is a better choice for computation
offloading than 3G.
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