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Abstract—Mobile edge computing (MEC) offers a promising
technology that deploys computing resources closer to mobile
devices for improving performance. Most of the existing studies
support on-demand remote execution of the computing tasks in
applications through program transformation, but they commonly
assume that mobile devices merely resort to a single server for
computation offloading, which cannot make full use of the scattered
and changeable computing resources. Thus, for object-oriented ap-
plications, we propose a novel approach, called FUNOff, to support
the dynamic offloading of applications in MEC at the function
granularity. First, we extract a call tree via code analysis and locate
the function invocations that are suitable for offloading. Next, we
refactor the code of related object functions according to a specific
program structure. Finally, we make offloading decisions referring
to the context at runtime and send function invocations to multiple
remote servers for execution. We evaluate the proposed FUNOff
on two real-world applications. The results show that, compared
with other approaches, FUNOff better supports the computation
offloading of object-oriented applications in MEC, which reduces
the response time by 10.7%-58.2%.

Index Terms—Mobile edge computing, computation offloading,
code analysis, object-oriented application, software adaptation.

1. INTRODUCTION

ith the rise of intelligent technologies, massive
Wcomputation-intensive applications (e.g, autonomous
driving [1], image recognition [2], and augmented reality [3])
have been developed to improve the quality of people’s Hfe.
However, most existing smart devices (e.g., wearable de-
vices [4], vehicles [5], and UAVs [6]) are unable to handle
computation-intensive tasks in a short time due to the constraints
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Fig. 1. Mobile edge computing (MEC) architecture.

on their processing power, memory capacity, and battery capac-
ity [7].

Computation offloading is an effective way to resolve resource
constraints on mobile devices [8]. In the last decade, one feasi-
ble way is to offload computation-intensive tasks from mobile
devices to a cloud server, aiming to improve the performance
of mobile applications [9], [10], [11]. This paradigm is known
as mobile cloud computing (MCC). Although MCC elevates
user experience, higher network delay can happen, if the cloud
server is remote [12]. Meanwhile, the massive data transmission
between the cloud server and mobile devices increases the traffic
load of core networks [13]. When there are many mobile devices,
the performance of MCC may be seriously affected, especially
for latency-sensitive applications. To further improve MCC,
a new paradigm, called mobile edge computing (MEC) has
emerged. Fig. 1 depicts a typical MEC architecture: there is a
three-tier computing architecture consisting of mobile devices,
edge nodes, and the cloud [14], [15]. By pushing the computing
resources from the centralized cloud to the decentralized edges
near the data source (e.g., mobile devices), MEC reduces the
influx of data on the backbone [16], [17]. Therefore, MEC has
been regarded as a more effective way to reduce theservieedelay,
than MCC does.

Due to the geographical distribution of MEC servers and the
mobility of mobile devices, the runtime context in MEC is highly
complex and dynamic [18], [19]. Although the prior studies [20],
[21], [22] can be extended to the scenario of MEC, they lack
enough effectiveness, since they only divide an application into
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two parts and deploy them on a mobile device and a remote
server. In our prior work, we propose an adaptive offloading
architecture, called Androidoff [23], [24]. Androidoff is able
to offload applications among the local device, mobile edges,
and the cloud dynamically, but it still reveals the following
limitations:

(1) There is still improvement space for the performance of
Androidoff. The Androidoff offloads applications at the granu-
larity of objects, but it would be more flexible by adopting finer
granularity. For example, an object owns two methods, which
intend to be offloaded to the edge and the cloud, respectively.
However, since these two methods are from the same object,
they can only be offloaded to the same location (i.e., the edge or
the cloud).

(2) When users move to a new location, Androidoff ensures
the normal operation of applications by accessing the copied ob-
jects of the cloud server. If the new environment is not connected
to the cloud server, some information may be lost, which causes
crashes. Meanwhile, the time of restarting applications is often
unacceptable.

Although it is beneficial to offload applications at a finer
granularity, it is challenging to decompose applications. Most
applications are monolithic and have a high degree of internal
coupling [25]. Moreover, another challenge is to avoid loss of
information when users move to new scenarios. Mobile devices
need to maintain all the state information of the objects to ensure
that the application can keep executing normally.

Recently, the Function as a Service (FaaS) programming
model has been widely adopted with the emergence of serverless
cloud computing [26], [27]. In Faa$S, an application is split into
short-lived stateless functions that can be executed by different
computing nodes [28], which is a fine-grained computation
offloading. The basic idea of FaaS can resolve the problem
of information loss caused by a finer granularity. However, to
realize this idea, there are two key challenges: (1) The execution
of a function in an object-oriented (OO) application depends on
the states of multiple objects. (2) To adapt to the highly complex
and dynamic runtime context of MEC, an algorithm shall make
quick offloading decisions.

To address the problems of the state-of-the-art, we propose a
novel offloading mechanism, called FUNOff. The major contri-
butions of this paper are as follows:

® A novel offloading mechanism, called FUNOff, that sup-
ports the offloading of applications at the granularity of
functions. The FUNO(ff builds a call tree, and discovers
function invocations that are suitable for offloading. To
resolve the state dependencies of methods, the FUNOff
transforms functions into stateless ones based on the code
analysis results.

® An online decision traversal strategy that uses the prop-
erties of the call tree and the tendency of computation
offloading to synthesize offloading schemes.

e Extensive evaluation results on two real-world applica-
tions. We evaluate FUNOff on License Plate Recogni-
tion Application (LPRA) and Target Detection Application
(TDA). Compared with the existing approaches [9], [23],
[24], the results show that FUNOff reduces the response
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time of LPRA and TDA by 10.7%-45.7% and 14.5%-
58.2%, respectively.

II. RELATED WORK
A. Offloading Mechanism

Computation offloading is a way to resolve resource con-
straints on mobile devices. The state-of-the-art offloading mech-
anism can offload applications by the granularity of program
fragments [11], methods [9], [20], [21], classes [29], layers [22],
and objects [23], [24].

Cuckoo [11] is a computation offloading framework with the
granularity of program fragments. It asks developers to comply
with a given programming paradigm to refactor the application
so that certain parts of it can be offloaded to the cloud server.
DPartner [29] can offload classes, and it uses a proxy mechanism
to access class instances. Further, it calculates the coupling
of classes and deploys them in two parts on a mobile device
or a remote cloud server. Although the above approaches can
effectively support computation offloading of applications in
MCC, they are not designed for MEC. MAUI [9] is a computa-
tion offloading framework for C# applications, which offloads
applications at the granularity of methods. The programmers
only need to mark remoteable methods, and the application can
be restructured automatically. Then the framework will decide
which methods should be offloaded to the remote server at
runtime. ULOOF [20] also works on the granularity of meth-
ods, but it targets the offloading problem for Java applications.
Dandelion [21] is a unified code offloading system for wearable
computing that supports multi-process offloading. It can generi-
cally offload tasks to a cloud, a cloudlet, or nearby smart devices.
DeepWear [22] strategically offloads DL tasks from a wearable
device to its paired handheld device. It splits a DL model into two
sub-models that are first executed on the wearable and then on the
handheld. However, the above studies only divide the application
into two parts and deploy them on a mobile device and a remote
server, respectively. This paradigm cannot support the dynamic
offloading among the device, mobile edges, and the cloud [30],
[31], [32], which limits performance improvement. To address
this issue, AndroidOff [23], [24] proposed an adaptive offloading
framework that supports computation offloading at the object
granularity in MEC. It enables offloading applications among
the local device, mobile edges, and the cloud dynamically.
However, the stateful nature of the methods makes AndroidOff
inapplicable in some scenarios.

B. Offloading Strategy

Computation offloading needs to determine which parts of an
application shall be offloaded and to which compute nodes, i.e.,
the decision of an offloading scheme. A qualified offloading
scheme needs to balance the impact of various factors, such
as computing performance and network environment, around
the offloading goal. In recent years, researchers have started to
explore the intelligent scheduling of computation offloading in
MCC or MEC.
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Fig. 2. The sample scenario (a) Process of a license plate recognition appli-
cation. (b) Context of the drone in the college.

Altamimi et al. [33] evaluated the communication energy
consumption of offloading computing tasks to cloud servers
and established a high-precision energy consumption estimation
model without the requirement of complete input parameters. It
can decide whether computing tasks shall be offloaded based on
this model rapidly. Elgazzar et al. [34] proposed a framework
for collaborative offloading services to provide computation
offloading services for mobile devices based on the system
network, resource status, and energy consumption constraints.
Zhou et al. [35] proposed a context-aware offloading decision
algorithm to provide offloading decisions at runtime, called
mCloud, which selects a wireless medium and appropriate cloud
resources for offloading. The works [33], [34], [35] aim at intelli-
gent scheduling in MCC, and some works [30], [36] are proposed
for MEC. Cheng et al. [30] proposed a three-layer computation
offloading framework composed of wearable devices, mobile
devices, and edge nodes. They introduced genetic algorithms to
increase the task throughput of wearable devices in MEC. Wu
et al. [36] proposed a task partition algorithm suitable for the
computation offloading of graph applications. They adopted an
improved bipartite graph algorithm to divide the computing tasks
into local and remote ones. However, the above approaches make
offloading decisions based on the high-level abstract model of a
program, rather than a real application.

III. MOTIVATION

MAUI [9] is a well-known computation offloading frame-
work, which supports the dynamic offloading of object-oriented
programs at method granularity in MCC. It allows annotating
which methods can be offloaded beforehand and deciding the of-
floading scheme at runtime. AndroidOff [23], [24] is an adaptive
offloading framework for MEC. It is designed to handle object-
oriented programs and offload them at the object granularity.
In this section, we use a scene as shown in Fig. 2 to illustrate
how MAUI [9], AndroidOff, and FUNOff work. In this scene,

the drone cruises around the college, and when it detects illegal
parking, the LPRA in the drone will be operated to identify the
car’s plate number from the video stream. Fig. 2(a) shows the
process of LPRA, including shooting, framing, preprocessing,
ocr processing, and information storing. Each process contains
several functions, as shown in Fig. 7(a). These tasks require
different computation power. For example, ocr processing is a
computation-intensive task, and it is more effective to offload
it to a remote server; meanwhile, framing exhibits low com-
putation complexity. The data traffic between tasks is another
influencing factor. For example, the data traffic between shooting
and framing is large, while between preprocessing and ocr
processing is marginal. It is preferred to execute two adjacent
tasks with high data traffic on the same device. Fig. 2(b) shows
the context of the drone when it cruises around the college.
There are three available remote servers (Cloud, Edgel, and
Edge?2) in different locations. Edgel is located in the teaching
building and the garden; Edge?2 can be accessed from the garden
and the laboratory; Cloud can be accessed from other locations
besides the garden. Notes that the network environment and the
LPRA are the same as the setting in Section V. To improve
the performance, when the drone stays in different locations, it
needs to determine where each computation task is executed
and then offload each task to its corresponding server in a
real-time manner. When the drone moves to a different location,
its application must be smoothly switched between servers.

We discuss two offloading cases:

Case 1: When the drone stays in a location, it must be able to
utilize the scattered computing resources around the location.
For example, the drone can use a cloud server and an edge
server to improve the performance of LPRA in the Laboratory. In
this location, FUNOff offloads computation-intensive functions
such as RecInEachChar.getHZ() and Oritenation.math() to the
cloud or edge by comparing the reduced execution time with
the increased network latency. If functions implement sim-
ple tasks, they are executed locally. As for MAUI only uses
a single remote server for computation offloading due to its
poor scalability. It cannot offload different methods to multiple
different remote servers to further enhance performance, so
RecInEachChar.getHZ() and Oritenation.math() are both of-
floaded to the edge server. As a result, MAUI can only reduce
the response time by 34%, while FUNOff can reduce it by 46%.
According to our offloading scheme, getHZ() and GetRegion()
are executed on the cloud and drone, respectively. Androidoff
is offloaded at object granularity, getHZ() and GetRegion() can
only be offloaded to the cloud since they are both methods of
object RecInEachChar.

Case 2: When the drone moves between different locations,
it shall switch smoothly. For example, suppose that the drone
moves from the teaching building to the garden. In the beginning,
the drone executes the LPRA in the teaching building. It offloads
the function RecInEachChar.getHZ() to Cloud according to our
offloading scheme. During the application execution, the drone
moves to the garden, causing the application to disconnect from
Cloud. Since both FUNOff and MAUI save the information of
the object RecInEachChar in the drone, they can ensure the
normal execution of RecInEachChar.getHZ() in the new context.
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Fig.3. The overview of FUNOff.

As Androidoff takes the object as the minimum offloading unit,
the state information of the object is saved on the corresponding
execution location. The application will crash when the drone
moves from the teaching building to the garden. The information
of the object RecInEachChar is not saved on the drone, and
there is no connection to the Cloud to get the information. As a
result, the crash caused 20s delay in restarting the application.
In order to make offloading smoother, the generation time of
offloading schemes needs to be reduced. FUNOff can reduce it
by determining the appropriate cut-point functions in advance.

Compared with the above approaches, FUNOff has the fol-
lowing main improvements: (1) it can support adaptive offload-
ing at function granularity in MEC; (2) The object methods
are translated into stateless functions to avoid the loss of state
information caused by movement. (3) To support offloading at
runtime, the set of cut-point functions suitable for offloading is
automatically determined in advance to reduce the generation
time of the offloading scheme.

IV. APPROACH

Fig. 3 shows the overview of FUNOff. The FUNOff reuses
the estimation model of AndroidOff proposed in our previous
work [23]. This model predicts the execution costs (i.e., execu-
tion time) of functions. Based on this model, FUNOff further
introduces a code analyzer (Section IV-A), an offloading mech-
anism (Section IV-B), and an offloading strategy (Section IV-C).
These components interact with an MEC environment.

More specifically, Algorithm 1 gives the details. It takes the
source code of an application and an MEC environment as its
input. Here, the MEC environment is modeled as a graph, in
which nodes represent computing nodes (including the mobile
device and remote servers with different computation capabili-
ties), and edges represent the communication link between two
computing nodes (e.g., the data transmission rate and round-trip
time). The output of Algorithm 1 is the offloading scheme, which
includes the execution location of each function in the call tree.
Algorithm 1 includes the following three procedures:

Procedure 1 (Section IV-A): We implement a code analyzer to
extract suitable function invocations. First, it builds a call tree.
In this tree, the entry is the main() function; each node represents
a function; and a directed edge between nodes represents a
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TABLE I
SYMBOL AND DESCRIPTION
Symbol Description
Call tree beginning at f,., where F’
Treey, = (F,R) denotes the set of functions, and R denotes
the set of call relations between functions
fSignature; Function signature of f;
callSeq; Function call path from fr,qin to f;
ri—; €ER Function call from f; to f;
U; Soot statement set of f;
uj i-th soot statement of U
N Set of computing nodes, including DS,
ES,CS
ny € N Computing node 7y,
Unp,—ng Data transmission rate between n, and nq
Tttn, —ng Round-trip time between n, and nq
dep (fi) Execution location of f;
Tre sp(m se Response time of application
T::;’ ((f ’) (f:) Total offloading time of f;
T.der(Fi) (f;) Execution time of f; in dep (f;)
ZZ? E’;l) (f;)  Data transmission time of f;
Emvoken Execution cost of f; on ng
g fl Execution cost except external invocations
invokey,

of f; onng

function call between two functions (Line 2). Based on the
computation complexity and data transmission of each function,
it extracts function invocations that are suitable for offloading
(Line 3).

Procedure 2 (Section IV-B): We implement an offloading
mechanism to enable the remote calls of functions. For the func-
tions extracted in Procedure 1, Line 6 extracts their signatures,
and Lines 7 to 11 construct wrappers and transmitters for them
according to our program structure.

Procedure 3 (Section I'V-C): Based on the results of the above
procedures, we design an offloading strategy to determine the
offloading scheme according to the context automatically. Dif-
ferent parts of the application can be executed on mobile devices,
edge servers, or cloud servers. With this offloading strategy, we
implemented an offloading decision algorithm (Algorithm 4).
For an application, this algorithm uses the optimization function
to calculate the response time of each candidate offloading
scheme and selects the scheme with the minimum value.

Table I lists the major symbols used in this paper.

A. Code Analyzer

As only a few function calls are suitable for offloading, we
employ a preprocessing step, i.e., a program analysis technique
for computing offloading. We extract a call tree through static
analysis (Section IV-Al). After that, we identify the function
invocations suitable for offloading (Section IV-A2) to reduce
the additional execution cost of the offloading mechanism and
the time cost caused by the decision of offloading schemes.

1) Extracting the Call Tree: FUNO(ff builds a call tree for an
object-oriented application. The definition of the call tree is as
follows:

Definition 1. Treey, = (F, R) denotes a call tree beginning
at f,., where F' = { f1, fa, ..., fn}is the set of function call sites,
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Algorithm 1: The Overview of FUNOff.

Input: The source code of an application code; A context
environment G, = (N, E)
Output: the offloading scheme
(DEP)optimar = {dep(f1), ..., dep(fn)} and the
response time (Tresponse)optimal
1: procedure 1
2: Treey, .. = (F,R) < Algorithm 2(code)
3: divFunction = {f1, fa, ..., f[p} < Algorithm
3(T'reey,, ...
4: end procedure
5: procedure 2
6: organize divFunction as DF
7. for each df; € DF do
8 Param, < collect external parameters of df;
9: dfi_Wrapper < refactor df; with Param,;
10: df;_Transmitter < refactor df;
11:  end for
12: end procedure
13: procedure 3
14: <(DEP)optimal; (Tresponse)optimal> — AlgOmhm
4(T'reey,, .., Ge, Sinvoke)
15: end procedure

Algorithm 2: Extracting the Call Tree.

Input: A f,,.:» function whose statements are
{u}nain’ ce 7u21ain}

Output: A call tree Treey, .. = (F,R)
1:F<_F+f'main7R<_®

2: function getTree f,, U,

3: foreachu! € U, do

4 keywords < Soot(ul)

5. if 3"invoke” € keywords then

6: fSignature < getfunction(u?)

7 callSeq < fq.callSeq + fSignature

8 fs < (fSignature, callSeq)

9: Us < getUnits(fSignature)
10: F+F+f
11: if (fa, fs) € R.key then
12: + T,
13: else
14: Tfo—fs € 1
15: R<—R+Tfa,f5
16: end if
17: getTree(fs, Us)
18: end if
19:  end for

20: end Function

and R is the set of function call relations. Each edge r;_; € R
represents a function call from f; to f;, and its weight represents
the call times of the function call.

Definition 2. fi = {fSignature;, callSeq;), f; € F:
fSignature; denotes function signature of f;, and callSeq;

TABLE II
FACTORS FOR IDENTIFYING CUT-POINT FUNCTIONS
Symbol Description
A\ Performance ratio between the remote compu-
ting node and the local computing node
Transmission rate between the remote compu-
v . .
ting node and the local computing node
it Round-trip time between the remote compu-

ting node and the local computing node

denotes a function call path from the main() function (denoted
as fmain, the same below) to f;.

FUNOff uses Soot! to build call trees, and Algorithm 2 shows
its details. It takes f,,qin as the entry of the application, and
extracts the call tree beginning at f,,4:,. We get a hash map to
record R, whose keys are stored in the form of (f;, fj>, and
its corresponding value means the times of the call from f;
to f;. The inputs of Algorithm 2 are the entry function fy,4n
and its soot statement set U,,q;n, €ach uimm denotes the ith
soot statement of U,,qin. Lines 3 to 20 extract the call tree
recursively via the function getTree(), its parameters f, denotes
the function to be analyzed, and U, denotes f,’s soot statements.
In particular, Line 4 obtains the soot keywords in ufl, which is the
instructions defined in Soot. For example, the invoke keyword
indicates a function call statement. The complete keywords are
defined in the Soot manual'. Therefore, if ufl contains a keyword
that indicates a call to function f5, Lines 6 to 10 update F’, that
is, add fs to set F. Lines 11 to 16 update R, that is, record
the function call from f, to fs and update its corresponding
value. Line 17 recursively calls the function getTree() with f
and its statement set. When the procedure is done, the call tree
is obtained.

2) Extracting Cut-Point Functions: Accordingto the call tree
extracted in Section IV-A1, FUNOff further identifies function
invocations that are suitable for offloading. For the convenience
of description, we call such function invocations cut-point func-
tions. Table II shows the factors that are collected to identify
cut-point functions. We estimate the performance ratio between
the computing nodes according to the ratio of the time required
to process a set of identical functions on these nodes. The
estimation model of AndroidOff [23] is able to predict the
execution costs of all functions. Following its definition, we
use Einvokefé = (Etime, Edatasize) to denote the execution
cost of function f; at the computing node n,, where Etime
denotes the execution time, and Fdatasize denotes the amount
of data transmission.

For each branch path with the current node as the starting
node, get all nodes on the path from the current node to the first
branch node, and FUNO(ff chooses the cutpoint functions from
them.

In particular, T'reey, , denotes the subtree rooted at the
function f..,, of the call tree, and 77 "¢¢/cur denotes the response
time of its local execution. T77¢¢scur ( f;) denotes the response

"https://soot-build.cs.uni-paderborn.de/public/origin/develop/soot/soot-
develop/jdoc/
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time of T'reey, . onthe f; function call and is calculated as the
(1). If f; is identified as a cut-point function, all the functions in
the subtree rooted at f; can be executed on a remote computing
node. The response time consists of the local execution time, the
remote execution time, and the data transmission time.

Eq. (2) denotes the local execution time, which is calculated
as the difference between the total execution time of f.,, and
that of f; on the local computing node. In particular, 7, cqirer—f,
donates the call times of f; in a function call to f.,, it calculates
as the product of weight on the path from f.,, to f;.

Eq. (3) denotes the remote execution time, which is quantified
by the execution cost on a remote computing node over that of
a local one.

Eq. (4) denotes the total data transmission time. It consists
of the transmission time and the round-trip time. In particular,
the transmission time is the amount of data transmission of the
cut-point function divided by the transmission rate between the
remote computing node and the local computing node, and the
round-trip time between two computing nodes is represented as
rtt.

FUNOff extracts cut-point functions based on the above
rules and equations. Algorithm 3 describes the details, where
the input is the call tree T'reey, ,  of the program, and the
output is the set of cut-point functions divFunction. Line 1
sets the divFunction to the empty set. Then, Line 2 takes
fmain as the current function f,,, of the call tree and uses
the GetDivFunction() function to get the divFunction re-
cursively. Lines 3 to 23 of Algorithm 3 describe the details
of the GetDiv function(). Line 4 checks whether f,, has a
successor. If it has, Lines 5 to 21 do the following operations
on each branch: Lines 7 to 8 add the functions on this branch
path to the set P in order until the first branch node is found. If
it exists, line 10 takes it as the current function and recursively
calls GetDivFunction(). Lines 14 to 15 iterate through the
functions in P in turn until a function f; is found, so that
the response time of Treey, . on the f; function call is less
than the time of local execution. After that, lines 16 to 17 add
fi to divFunction, and call the function GetDivFunction()
recursively. When Algorithm 3 is done, a set of all cut-point
functions is obtained.

Under the MEC environments with various computational
resources and network connections, there might be different
numbers of functions that are suitable to be offloaded. Basically,
the offloading tends to happen when the higher performance ratio
(1) between servers and IoT devices and faster data transmis-
sion rate (v and rtt). In practical applications, we select the
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Algorithm 3: Extracting Cut-Point Functions.

Input: A call tree Treey, . = (F,R)

Output: A set of cut-point functions
divFunction = { f1, fa,.. ., fu}

1: divFunction < ()

2: getDivfunction(fo,qin)

3: function getDivfunction f,

4:  if post(feur) # 0 then

5 for each branch path do
6: P+
7 for each f; in this branch path except f.,, do
8: P+ PUY;
9: if f; is a branch node then
10: getDivfunction( f;)
11: break
12: end if
13: end for
14: for each f; in P do
15: if TTreeicur (f;) < TTT¢¢scur then
16: divFunction < divFunction U f;
17: getDivfunction(f;)
18: break
19: end if
20: end for
21: end for
22: end if

23: end Function

performance ratio, network transmission rate, and round-trip
time between the remote and the local computing nodes of the
optimal offloading environment in the current scenario as A,
v, and rtt to avoid missing the necessary cut-point functions.
With these factors, the optimization function extracts cut-point
functions that are suitable for offloading and deploying them to
different computing nodes.

In an offloading problem, the decision time of offloading
strategy is linearly positive to the number of functions in an
application, and finding the cut-point functions in advance can
effectively reduce the decision time.

B. Offloading Mechanism

A standalone application typically is designed to execute on
only a mobile device. To enable its offloading, FUNOff modifies

TTTeefcur (fl) — TeTT‘GGfm”. (fl) [local] + TeTreefcur (fl) [remote] + TdTTeefcur (.fl) (1)
T, Trecteur () [local] = Einvokeﬁx:.Etime - Einvokeﬁ"’cm.Etime * T, caller—f; 2)
Einvokeli  Etime « ¢, catler—f,
T,Trecteur (f;) [remote] = Reur - fi-caller—fi 3)
Tree FEinvokel: . FEdatasize
Ty feur (fz) = Cu{) + it | * T fi.caller—f;- “)
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Remote
Invoke

Function_I [Function_T_Transmitter| Function_ T Wrapper

Local
Invoke

Y

Function_T_Wrapper

Fig. 4. Target program structure.
1 void function (int a, int b) {
2 d=a+b +c;
3: return null;
4 i

(a) The source code

1 Result function (Params params, int a, int b) {
2 params.d = a +b + params.c;

3: Result result = new Result();

4: result.params = params;

5 result.val = null;

6 return result;

7

}

Params {
intc,d; //External variables

}

Result {
Params params; //Additional return value
Object val; //Original return value

(b) The target code of function wrapper

Fig.5. Example of original function and function wrapper, where c and d were
external variables (a) The source code. (b) The target code of function wrapper.

the source files of applications. To keep program behaviors un-
changed, FUNOff builds wrappers for stateless functions. When
offloading, all the objects of the application are maintained
locally, and parts of function calls are executed remotely; thus,
the application runs normally when the network connection is
changing. This section introduces our target program structure
that supports computation offloading and its refactoring mech-
anism (Section IV-B1), mainly including two parts: function
wrappers (Section [V-B2) and transmitters (Section IV-B3).

1) Target Program  Structure: Our target program
structure is composed of two elements: function wrapper
Function_T_Wrapper and function transmitter Func-
tion_T_Transmitter, as shown in Fig. 4. In this structure,
an object is deployed locally, and only its function wrappers
are offloaded to a remote server. To enable executing function
wrappers on remote servers, we found their external variables
via static analysis and modified them to be passed in by
parameters and returned by return values. Here, variables
external to the function are those accessed within it but declared
outside. For example, as shown in Fig. 5, ¢ and d are the external
variables of the original function.

The translation to target programs has three steps:

1) Converting function calls from Function_I to Function_T
into indirect calls via Function_T Transmitter.

2) Transforming the inputs and the outputs of Function_T to
those of Function_T_Wrapper. As transformed functions
don’t access external variables, they are stateless.

3) Generating proxy functions Function_T_Transmitter for
Function_T. Function_T_Transmitter has the same func-
tion signature as Function_T, and it is responsible for de-
termining the execution location of Function_T_Wrapper.

After the above translation, Function_I calls Func-
tion_T_Transmitter locally, and Function_T_Transmitter de-
cides whether to call Function_T_Wrapper locally or remotely
according to the offloading decision scheme. The call sites of
Function_I to Function_T are unchanged. We next introduce
the process of generating function wrappers (Section IV-B2)
and function transmitters (Section IV-B3).

2) Function Wrapper: FUNOff generates function wrappers
with three steps:

1) Modifying the parameters and return values of a function.
As shown in Line 1 of Fig. 5(a) and (b), the parameter
params is added to the original function signature, and
it records the external variables of the original function.
Through this parameter, external variables are passed into
the modified function. In addition, the function in Fig. 5(b)
is added to return the values of params, so the changes
on external variables can be returned to function callers.

2) Modifying all statements in the function that access exter-
nal variables. As shown in Line 2 of Fig. 5(a), c and d are
two external variables, and as shown in Line 2 of Fig. 5(b),
the two external variables are replaced with params.c and
params.d. After the modification, the modified function
does not access external variables.

3) Modifying all return statements for the function. The
return statement of Fig. 5(a) is modified to Lines 3 to 6
of Fig. 5(b). In particular, params is added to the return
result, so both the changes in external variables and the
return value are returned to function callers.

3) Function Transmitter: A function transmitter is the proxy
of a function, which is responsible for handling control mes-
sages and data synchronization. The construction of the function
transmitter includes the following steps:

1) Generating a function whose name, parameters, and return

values are identical to the original function, as shown in
Line 1 of Fig. 6(b).

2) Adding a statement to record the current function call.
FUNO(f uses a global variable, called seq, to represent
the position of the current function call in the call tree. As
shown in Line 2 of Fig. 6(b), when calling each a function,
FUNO(f adds its signature to seq to record the position of
a new function call in the call tree, and as shown in Line
15 of Fig. 6(b), it removes the function signature from seq
when exiting it.

3) Adding a statement to handle additional variables. As
shown in Lines 3 to 5 of Fig. 6(b), a variable of type
Params are declared and initialized with the information
of local external variables.
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void function (int a, int b) {
d=a+b +c;
return null;

HwN =

(a) The source code

Void function (int a, int b) {
seq += function.signature;
Params params = new Params();
params.c = c;
params.d = d;
loc = getloc(seq);
Result result = new Result();
if (loc == Local) {
9: result = function (params, a, b);
10: }else {
11: result = remote(seq, params, a, b);
12:
13: ¢ = result.params.c;
14: d = result.params.d;
15: seq -= function.signature;
16: return result.val;
17: 3

PRI RN

(b) The target code of function transmitter

Fig. 6. Example of original function and function transmitter, where ¢ and
d were external variables (a) The source code. (b) The target code of function
transmitter.

4) Adding a statement for the local or remote call to the
function wrapper. As shown in Lines 6 to 12 of Fig. 6(b),
FUNO(fft checks the execution location of the current func-
tion call in our offloading scheme (Section IV-C1) with
seq and calls the local function wrapper or the remote
one. In particular, if a function wrapper is called remotely,
its parameters and seq are sent to the agent on the remote
node, and the remote agent identifies the current function
call through seq and invokes it.

5) Adding the statement to receive the result returned by the
function wrapper. As shown in Lines 13 to 14 of Fig. 6(b),
the local external variables are updated with the result data
to ensure the consistency of program states. In addition,
the latest return value is returned to its caller, as shown in
Line 16 of Fig. 6(b).

C. Offloading Strategy

In this section, we introduce our offloading strategy. It is
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the factors that affect the offloading decision (Section IV-C1), the
optimization function of our offloading strategy (Section IV-C2),
and our offloading decision algorithm to determine the offload-
ing scheme (Section IV-C3).

1) Contribution Factor: Offloading schemes determine
which functions shall be offloaded and which computing node
shall be offloaded. For a given context, it would lead to less
overall cost of offloading by using a better offloading scheme. A
context contains devices at different scenarios (DS), edge servers
(ES), and a cloud server (CS):

Definition 3. A context is a graph G = (N, E) representing
the network environment, where N denotes a set of local devices
and remote servers, and FE denotes a set of communication
links among nodes. Each edge (np,n,) € E denotes a data
transmission whose rate is v, —,, and whose round-trip time
Ttln,—n, 18 between ny, and ng.

Definition 4. An offloading scheme is defined as DEP =
{dep(f1),dep(f2),...,dep(f,)}, where f; is a function, and
dep(f;) € N denotes the computing node to offload the func-
tion.

Let Tj:; ( ;J) (fi) represents the total offloading time of f;,

where dep( f;) and dep( f;) denote the offloading positions of f;
and its caller f;. The response time of application be expressed

as Tresponse» Which equals to the sum of Tj:;) ( ffj) (fi), fi €

Treey,, .., -F. In addition, Sinvoke{:ﬁq = (Stime, Sdatasize)
is obtained from the estimation model built in AndroidOff [23],
where Stime denotes the execution time and Sdatasize denotes
the amount of data transmission except external invocations in f;
executed in n,. Note that, Einvoke mentioned in Section IV-A2
is different from Sinvoke in that it contains external invocations
shown at the bottom of this page.

2) Optimization Function: This section introduces our opti-
mization function (5), and we consider the one with the smallest
value as the optimal offloading scheme.

Eq. (5) calculates the response time of Treey, (the sub-
tree rooted at f,), which consists of the total offloading time

Tj:ﬁ ( ]{ )/ (f:) of all functions in this subtree. When f, is the
Sfmain, (5) calculates the response time of the application. Al-
gorithm 4 uses it to calculate the response time.

Eq. (6) calculates the total offloading time of f;, which is

composed of the total execution time 7,%P(f!) ( ;) and the total

designed to minimize the overall offloading cost. We next present ~ data transmission time ngz E?)) (f;) of fi indep(f;).
Trfgsponse =T (Sinvoke,G.,Treey,, DEPy,)
" ;:5(]{1) (fi), fi € Trees, .F,(f;, fi) € Treey, .R.key (3)
i=1
ThentT9 (£2) = T2 (f) + Tugenths) (£:) ©)
T, der(f) (fi) = vaokedep Stime xry, g, (7
325()% (f)) = Sinvokedép(fi)-Sdatasize P ©

Vdep(f;)—dep(f:)
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Eq. (7) calculates the total execution time of f;, which is the
product of Stime of f; in dep(f;) and its call times.

Eq. (8) calculates the total data transmission time between
fi and f;, which is the sum of the transmission time and the
round-trip time. In particular, the transmission time is calculated
as the data transmission amount of f; over the transmission rate
of dep(f;) and dep(f;).

3) Offloading Decision Algorithm: A backtracking algo-
rithm [37] transforms the solution space of a problem into a
graph or a tree, which finds the optimal one by enumerating all
feasible solutions. Based on the backtracking algorithm [37], we
propose an offloading decision algorithm for the call-and-return
applications. In a call-and-return application, when a function
A calls a function B, the result returns to A after B is executed.
For each function, our algorithm explores its execution locations
by traversing the call tree in the depth-first order. The algorithm
calculates the optimization-function value of each scheme and
selects the scheme with the minimum value. Meanwhile, the
algorithm integrates the depth-first traversal with the following
two pruning mechanisms:

1) Mechanism 1. A function can be offloaded only if its
execution time would be shorter on the offloaded com-
puting node. That is, if a function is executed on the
computing node A and its caller function in the call tree is
executed on the computing node B, the execution time on
A must be shorter than that on B. Therefore, if there are
more available computing nodes, this mechanism tends to
reduce more time cost.

2) Mechanism 2. When the computing node for the function
fa is determined, the offloading schemes of its subtrees
can be decided separately, which are rooted at f,’s callee
functions in the call tree. Therefore, this mechanism is able
to reduce time cost when a call tree has many branches.

Mechanism 1 can effectively offload functions in most cases.
As required by this mechanism, a function can only be offloaded
to a remote computing node that outperforms the execution
result on the local computing node, because it causes extra data
transmission time.

For Mechanism 2, the explanation is given as follows:
If a call tree Trees, (rooted at f,) contains m subtrees
{Treey,,...,Treey, } and Treey, is asubtree rooted at function
fi, according to (5), the response time of T'reey, is calcu-

lated by (9). When the offloading location of f,, i.e., dep(fa),

is determined, T;;f ((J{:_)m”er)( fa) is a constant. Meanwhile,

Sinvoke, G¢, Treey,, T'reey, ..., I'reey, are fixed parameters,
and DEPy,, DEPy,,..., DEP;, are mutually independent pa-
rameters. Thus, the minimum response time of T'reey, can be
calculated by (10), and the offloading schemes of f, subtrees
can be decided separately.

Algorithm 4 describes the decision-making process. For a
given call tree Tree Treey,, ;. the algorithm searches for the
optimal offloading scheme DEPy, . (rooted at fp,qin) in a
MEC environment GG.. Line 1 initially adds a virtual function
(denoted by fiain-caller) to Treey, .. and sets the execu-
tion locations of fy,qin and finain-caller to the mobile device
(DS). Line 2 traverses with the function getT'raversal DEP()
to obtain DEPy .. Lines 3 to 32 define the function
getTraversal DEP() that searches for the optimal offloading
scheme for the tree or subtree T'reey,,, (rooted at fc,,), which
owns the minimum value of optimization function. Line 4 uses
DEP,s; to record the best offloading scheme for T'reey, .
Lines 5 to 6 initialize DFE Py and calculate its value of op-
timization function Tj.s¢, in Which execution locations of all
functions are set to the one of the caller function f,,.caller.
Line 7 determines whether the computing node for the caller
function f,,.caller perform best: If yes, according to Mecha-
nism 1, all functions in T'reey,, . should be executed at the same
computing node as fe,..caller,and then Line 8 returns the initial
scheme of DE P4 and corresponding 7p.s¢; If no, Lines 9 to
31 search for DE Py by depth-first traversal. Lines 10 to 15
generate candidate computing nodes for executing f,,-, which
are recorded in the set NodesSet. Only cut-point functions can
be offloaded, and we determine whether f.,, is a cut-point
function: If no, NodesSet only contains the computing node
for the caller function dep(fey,.caller); If yes, NodesSet
also contains computing nodes with better performance than

ngsponse =T (Sinvoke,G.,Trees,, DEP;,)
= ;eeﬁgﬁazzer) (fa) + vaelsponse + T7“f623ponse et Trfe"sponse
— Tj:ﬁ((;:.)ca”er) (fa) + T (Sinvoke, G, Treey,, DEPy,) + T(Sinvoke, G, Treey,, DEP}.)
+ .-+ T (Sinvoke,G.,Treey, , DEPy, ) )
min( T pomee) = min(Toertde) o (Fa) + Tl ponse + Tlaponse ++++ + Tiiponse)

Tdep(fa)

= Hlln( dep(fq.caller

+ -+ T (Sinvoke,G.,Treey,, DEP; )

Tdep(fa)

= HIIH( dep(fq.caller)

+ - +min(T (Sinvoke, G., Treey, , DEPy, ).

) (fa) + T (Sinvoke, G¢, Treey,, DEPy, ) + T (Sinvoke, G.,Treey,, DEPy,)

(fa)+min(T (Sinvoke, G, Treeys, , DEPy, )+ min(T'(Sinvoke, G., Treey,, DEP;,))

(10)
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Algorithm 4: Offloading Decision Algorithm.

Input: A call tree Treey, ... = (F, R); a context environment G. = (N, E); a set of execution costs for each function

except external invocations Sinvoke

Output: An offloading scheme DEPy, . = {dep(f1),dep(f2),...,dep(fn)}; the response time Tycsponse

1: DEmeam ~d€p(fmain)a DEmea,m‘dep
(frmain-caller) < DS

2: DEPy, ..., Tresponse < getTraversal DEP(fmqin, DEPy,, ... .dep(fmqin-caller))

3: function getTraversalDEP f.,,., dep( feur.caller)

4 DEP,. + DEP;.
5: DEPyesi-dep(fi) < dep(feur-caller),¥V f; € Treepest

6:  Tpest < optimization function(Sinvoke, G¢, Treey,, ., DEPyest)
7. if dep(feur-caller) is the best performing computing node then
8: return D E Py, Thest

9: else

10: NodesSet < (), NodesSet + NodesSet + dep( feur-caller)

11: if four € divFunction then

12: for each computing node n with better performance than dep( fey,.caller) do
13: NodesSet < NodesSet +n

14: end for

15: end if

16: for each n € NodesSet do

17: DEPieyy < DEPy,,,

18: DEPiemp-dep(feur) <1

19: if post(feur) # () then

20: for each f; in post( fey,) do

21: DEP, T <« getTraversal DEP(f;,n)

22: DEP,cpp.dep(f;) < DEP.dep(f;),Vf; € Treey,

23: end for

24 end if

25: Tiemp < optimization function(Sinvoke, G¢, Treey,,,., DEPemp)
26: if Tyemp < Thest then

27: Tbest — ,Tteans DEPbest <~ DEPtemp

28: end if

29: end for

30: return D E Pyest, Thest

31: endif

32: end Function

dep( feur-caller), according to Mechanism 1. Lines 16 to 29
respectively perform a depth-first traversal of Treey,  , for
each candidate computing node n for f.,,. (n € NodesSet).
According to Mechanism 2, when the execution location of
feur 18 fixed, the offloading schemes of its subtrees can be
decided separately, which are rooted at f,,-’s callee functions
in the call tree. The traversal is as follows: Lines 17 to 18 use
DEP,epmy to record the best offloading scheme for T'reey,,
when the execution location of fc,,, is n. To obtain DE P, e,
Lines 19 to 24 call the function getTraversal DEP() for
each f.,,’s calee functions f; to obtain the best offloading
scheme for T'reey,. Lines 25 to 28 calculate the optimization-
function value of DE Py, and update DE P, if it is less
than the current D E P,.,;. When the traversal (Lines 16 to 29)
is completed, Line 30 returns D E P4 and the corresponding
Thest- Based on the function getTraversal DE P(), the optimal
offloading scheme DE Py, . can be obtained.

V. EVALUATION

In this section, we established an MEC environment to eval-
uate the effectiveness of FUNOff (Section V-A). In this en-
vironment, we compared FUNOSf with AndroidOff [23], [24]
and MAUI [9] (Section V-B). Beside the overall effectiveness,
we conducted experiments to explore the details of FUNOff
(Section V-C).

A. MEC Environment

Our MEC environment includes two scenes (college and
community), and each scene contains four regular locations.
In total, our experimental environment uses five computing
nodes, including two mobile devices and three remote servers.
Table III lists the network conditions between these computing
nodes, where each cell denotes the round-trip time and the data
transmission rate between our mobile devices and corresponding
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TABLE III
THE DEVICE CONTEXTS
(a) College
Playground Teaching Garden Laborator Cloud
Y& building Y
Edeel R RTT = 40ms RTT = 40ms B RTT = 40ms
&8¢ V=15Mb/s  V=15Mbjs V = 1.5Mb/s
Edee2 RIT =70ms  RIT =40ms  RTT = 40ms
8¢ i ) V=10Mb/s V=15Mbfs V=15Mb
Cloud RTT =200ms ~ RTT =200ms B RTT = 70ms ~
V = 200kb/s V = 200kb/s V = 1.0Mb/s
(b) Community
Residence Traffic Road Parking Lot Store Cloud
Edeel RTT = 40ms RTT = 60ms RTT = 20ms
8¢ ) V = 1.5Mb/s ) V=12Mb/s  V=2Mbfs
Edee? RTT = 60ms RTT = 70ms RTT = 20ms
8% V=12Mbs  V=1.0Mb/s ) ) V = 2Mbfs
Cloud RTT =100ms  RTT =100ms  RIT =100ms  RTT = 100ms
V = 500kb/s V = 500kb/s V = 500kb/s V = 500kb/s
TABLE IV
THE PERFORMANCE OF COMPUTING NODES
Devicel Device2 Edgel Edge2 Cloud
Performance
. 1 1.2 2.2 2.8 4.4
evaluation

remote servers. For example, in Table I1I(a), the fourth column
of the second row denotes that the round-trip time between our
mobile device and Edgel is 40ms, and the transmission rate
reaches 1.5Mb/s in the garden. The data in Table III are collected
by WLAN-RTT.?

We have installed the applications on two mobile devices. One
mobile device is Huawei Honor MYA-AL10® with a 1.4 GHz
4 core CPU, 2 GB RAM (Devicel, the low-end device) and
the other is Huawei Honor STF-AL00* with 2.4 GHz 4 core
CPU, 4 GB RAM (Device2, the high-end device). Our MEC
environment has two edge servers (Edgel and Edge2) and a
cloud server (cloud). Edgel is a server with a 2.5 GHz 8 core
CPU and 4 GB RAM; Edge?2 is a server with a 3.0 GHz 8 core
CPU and 8 GB RAM; Cloud is a server with a 3.6 GHz 16
core CPU and 16 GB RAM. To measure the performance of
each computing node, we execute an identical set of functions,
and compare the execution time with that on Devicel. Table IV
shows the results.

In our evaluations, the subject applications include a License
Plate Recognition Application (LPRA) and a Target Detection
Application (TDA). LPRA performs preprocessing and ocr pro-
cessing on the images that are extracted from video frames to
obtain the license plate numbers, and stores them on the mobile
device. TDA performs pedestrian detection and feature extrac-
tion on the images extracted from the video and saves the results
on the mobile device after feature comparison with the person
to be recognized. We installed them on both mobile devices.
In our experiments, we walk around the above two scenes and
execute these two applications. In this process, we record the data
transmission amount and the execution time of each function call
ondevices, Edgel, Edge2, and Cloud. Upholding the principle of

Zhttps://developer.android.google.cn/guide/topics/connectivity/wifi-rtt
3http://huawei-update.com/device-list/yma-al 10
“http://huawei-update.com/device-list/stf-al00

rigor, we repeat this process twenty times to avoid unnecessary
errors. For example, Fig. 7(a) shows the collected LPRA data
on the Huawei Honor MYA-AL10. The ellipse indicates the
function, and the data above it indicates the execution time
of the function on this device. For example, 16 in the dashed
box indicates the time (in ms) of one execution of the function
OAlg.gm() on Huawei Honor MYA-AL10. The connecting line
indicates the call relationship between the functions, and its data
indicates the number of calls and the amount of data transferred
between them. For example, 1:280 in the dashed box indicates
the function OAlg.Graymath() makes one call to the function
OAlg.gm(), and the amount of data transfer generated by one
call is 280B. Fig. 7(b) shows the collected TDA data on the
Huawei Honor MYA-ALI10.

The parameters A, v and rtt used in the preprocessing al-
gorithm (Algorithm 3) need to be set according to the ideal
offloading environment. To find all possible cut-points during
the preprocessing phase, the ideal offloading environment in
our experimental environments (i.e., from the Huawei Honor
MYA-AL10 to the Edge2 in the laboratory of college) is selected
with the consideration of server performance and data trans-
mission rate to conduct the simulation offloading experiment
of Algorithm 3. X is set to 2.8 based on the performance ratio
between MYA-AL10 and Edge2, as shown in Table IV. v and rtt
are set to 1.5 Mb/s and 40ms, respectively, based on the network
connection between them, as shown in Table III(a).

B. Overall Comparison

1) Compared Approach and Scenarios: In this section, we
compared FUNOff with AndroidOff [23], [24] and MAUI [9].
AndroidOff works at the granularity of objects. It traverses all
possible deployments from the mobile device to servers, and
searches for the decision that can minimize the response time.
MAUI works at the granularity of methods. It uses integer linear
programming to decide where the movable functions shall be
moved to servers.

Owing to the mobility of devices, we considered the following
two scenarios: (1) we stay in different fixed locations with
mobile devices (Section V-B2) and (2) with mobile devices, we
move between different locations in the college and community
respectively (Section V-B3). We use the response time generated
by the real execution of the application as the metric of per-
formance. In addition to task execution and data transmission
time, the response time includes the additional time overhead
generated by the mechanisms. Each experiment is repeated for
20 times to ensure its reliability [22].

2) Performance Comparison of Fixed Locations: Fig. 8
shows that FUNOff achieves the best performance in all cases.
Fig. 9 shows the offloading schemes of AndroidOff, MAUI,
and FUNO(ff when running LPRA on Honor MYA-AL10 in the
garden.

Comparing the functions of the RecInEachChar class in
Fig. 9(a) with (b) we find that FUNOff offloaded the instances
of these functions to three computing nodes (Edge2, Cloud,
and Devicel). Note that the device can connect to the Cloud
via Edgel or Edge2; AndroidOff offloaded the instances of
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(a) LPRA

Fig. 7.

3323

@Funoff 8 Androidoff EIMAUI

(a) Running LPRA on Honor MYA-AL10

. 18647720

®Funoff 8 Androidoff BMAUI

(c) Running TDA on Honor MYA-AL10

Fig. 8.
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(b) TDA

LPRA and TDA performed on Huawei Honor MYA-AL10 (a) LPRA. (b) TDA.

mFunoff O Androidoff GMAUI

(d) Running TDA on Honor STF-AL0O

Performance comparison of running LPRA and TDA with different offloading approaches when staying in different locations fixedly (a) Running LPRA

on Honor MYA-AL10. (b) Running LPRA on Honor STF-ALOO (c) Running TDA on Honor MYA-AL10 (d) Running TDA on Honor STF-ALO0O.

the whole class to Edge2. As our offloading granularity is
finer, FUNOff is more flexible than AndroidOff. As a result,
it improves the results of AndroidOff.

Comparing Fig. 9(a) with (c), we find that MAUI moved all
methods to a single server, and this scheme is sub-optimized.
Instead, as our offloading decision can weigh the different net-
work connections, FUNO(ff offloaded the functions whose data
transmission is intensive to remote servers with good network
connections. Meanwhile, as our offloading decision can weigh
the different performance of servers, FUNOff offloaded the
functions whose computation is intensive to remote servers with
better computation power but relatively poor network connec-
tions.

To further analyze our improvements, we next introduce the
results of LPRA, when it is installed on Honor MYA-AL10
and moved around the playground. Both FUNOff and MAUI
support offloading at function granularity, and only a cloud
server is available here, so their offloading schemes are the
same. However, the results in Fig. 8(a) show that FUNOff
still improves by about 10% over MAUI. This is because the
offloading mechanism introduces additional overhead such as

the execution of extra statements, the response time of the
server, etc. Since FUNOff only refactors the cut-point functions,
while MAUI needs to refactor all the methods, this causes more
additional overhead. And AndroidOff will incur an overhead of
approximately 170 ms, which originates from the proxies.

3) Performance Comparison When Cruising Between Dif-
ferent Locations: Due to the different computing resources and
network connections in locations, the offloading scheme needs
to be updated when a mobile device moves to anew location. The
results from Honor MYA-AL10 and Honor STF-ALOO in both
the college and community scenes are consistent. For simplicity,
we only show the results of MYA-AL10 when it is in the college.
Fig. 10 shows the decision and preparation costs in the four
locations of the college scene. According to the results, FUNOff
has the following advantages:

(1) FUNOff has the least decision time. For this measure,
the averages of FUNO(ff, AndroidOff, and MAUI on LPRA are
218ms, 1,206ms, and 442ms, and the averages on TDA are 3.8ms,
1333ms, and 280ms, respectively. FUNOff only decides the
offloading position of cut-point functions, and different branches
can make decisions independently, the details of Algorithm 3 are
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Fig. 10.  The time cost of adjusting offloading schemes of different offloading

approaches for LPRA and TDA on the Honor MYA-ALI10 in the college (a)
LPRA. (b) TDA.

shown in Section IV-C3. Therefore, it can make decisions in a
short time. AndroidOff is based on traversal and needs to select
the best one from all possible object distribution schemes. There-
fore, its decision time is exponentially related to the number of

Offloading schemes when running LPRA on the Honor MYA-AL10 in garden (a) FUNOff. (b) AndroidOff (c) MAUI.

movable objects. MAUI is based on the program partitioning
strategy, and determines offloading schemes at runtime. There-
fore, its decision time is linearly related to the number of movable
methods. The compared approaches require more decision times
than FUNOff.

(2) When the network connection changes, FUNOff and
MAUI do not need extra preparations for the new compute
offloading, but the average preparation time of AndroidOff on
LPRA and TDA are 1,671ms and 2145ms, respectively. Both
FUNOff and MAUI offload applications at the granularity of
functions (methods), and they store program states on mobile
devices. As a result, functions can be executed directly on a new
remote server when the network connection changes. Android-
Off offloads applications at the granularity of objects, and objects
are executed on either mobile devices, edge servers, or cloud
servers. When an offloading scheme changes, the application
needs to offload the objects from an old computing node to a
new computing node. Moreover, if an offloaded object becomes
inaccessible, the application crashes and has to be restarted.

Fig. 11 shows results on Honor MYA-AL10. FUNOff has
the best results; AndroidOff is the second in most cases; and
MAUI has the worst. FUNOff and AndroidOff can use mul-
tiple remote servers for computation offloading, but MAUI is
designed to use a single remote server. When the device context
changes, the response time of FUNOff and MAUI only increases
slightly due to the additional cost caused by making decisions.
In contrast, the response time of AndroidOff increases by about
three seconds, mainly due to the decision time and the offloading
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Fig. 11.  Performance comparison of running LPRA and TDA on Honor MYA-

AL10 with different offloading approaches when cruising between four locations
in the college (a) LPRA. (b) TDA.

preparation time. In addition, when the device cruised from the
teaching building to the garden, AndroidOff failed to respond
for about twenty seconds. The original object on the cloud was
inaccessible, so the application crashed and restarted.

C. Detailed Comparison

In this section, we explore the effectiveness of the cut-point
algorithm (Section V-C1), the offloading schemes of different
decision algorithms (Section V-C2), and their time costs (Sec-
tion V-C3).

1) Evaluation of the Cut-Point Algorithm: Setting. In this
section, we evaluate the rationality and feasibility of the cut-
point algorithm (Algorithm 3) which extracts cut-point functions
from the call tree.

For each case, we analyze the call tree and the MEC environ-
ment to manually obtain the corresponding optimal offloading
scheme. Next, we take the union of functions offloaded in those
offloading schemes as the ideal set of cut-point functions, i.e., the
gray nodes as shown in Fig. 12(a). We compare the set obtained
by the cut-point algorithm (Algorithm 3) with the ideal set. If the
cut-point set covers the ideal set, our cut-point algorithm can find
all the functions offloaded in those optimal offloading schemes
and will not affect the search for the optimal offloading scheme.
If the cut-point set contains redundant cut-point functions, the
extra number of decisions due to the extra cut-point functions
will incur additional decision overhead. With the parameters set
in Section V-A, we use Algorithm 3 to calculate the cut-point
set, and compare it with the ideal set.

Result. Fig. 12(b) shows the results of the cut-point algorithm.
Comparing this figure with Fig. 12(a), the ideal set can be
covered by the cut-point set obtained by the cut-point algorithm.
Meanwhile, the additional decision cost caused by the redundant
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(b) The cut-point set obtained by Algorithm 3

Fig. 12.  Sets of the cut-point functions of LPRA and TDA (a) The ideal set
of cut-point functions. (b) The cut-point set obtained by Algorithm 3.

cut-point functions in our set is acceptable, which will be dis-
cussed in Section V-C3.

2) Evaluation of the Offloading Decision Algorithm: Setting.
In this section, we compare our decision algorithms with the
traversal algorithm [23], [24], the Q-learning [38], the particle
swarm optimization with the genetic algorithm (PSO-GA) [31],
and the classical genetic algorithm (GA) [30]. In particular, our
comparison includes two stages: with or without our preprocess-
ing step, which extracts cut-point functions.

Traversal Algorithm. The unpreprocessed traversal algorithm
obtains the optimal offloading scheme by enumerating the com-
binations of all the functions on different computing nodes. The
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RESULTS OF OFFLOADING SCHEMES OBTAINED BY DIFFERENT DECISION ALGORITHMS
(a) LPRA
performance gap With™_Algorithm Optimal scheme Traversal Algorithm Our Algorithm Q-learning PSO-GA GA
optimal scheme (%) (Traversal Algorithm
Device and location Without preprocessing) With Without With Without With Without With Without With
Playground 3864.4ms v v v v v 2.947% 0.531% 5.509% 2.531%
ol Teaching building 2814.8ms v v v v v 11.142% 0.508% 21.711% 2.008%
“ollege
Garden 2687.7ms v v v v v 8.896% 0.484% 15.683% 1.838%
Honor Laboratory 2349.8ms v v v v v 8.669% 0.813% 13.473% 2.072%
MYA-AL10
Residence 2613.9ms v v v v v 8.195% 0.318% 10.035% 1.546%
¢ Traffic Road 2662.9ms v v v v v 5.310% 0.109% 9.001% 0.792%
Parking Lot 2836.3ms v v v v v 5.014% 0328% 8.254% 0.709%
Store 2747.4ms v v v v v 7.360% 0.335% 13.340% 1.350%
Playground 3539.1ms v v v v v 1.138% 0.330% 1.314% 0.554%
Teaching building 2682.4ms v v v 1.789% v 11.014% 0.933% 18.574% 2.003%
College
Garden 2560.8ms v v v 4374% v 8.218% 0.575% 13.892% 1.556%
Honor Laboratory 2223.2ms v v v v v 8.940% 0.817% 13.159% 1.928%
STF-ALOD Residence 2510.7ms v v v v v 9.053% 0315% 13.941% 1.386%
¢ Traffic Road 2565.7ms v v v v v 6.945% 0.226% 15.208% 0.760%
: Parking Lot 2638.3ms v v v v v 4219% 0.023% 12.910% 0.788%
Store 2640.6ms v v v v v 7.726% 0.360% 14.364% 1.015%
performance gap with Igorithm Optimal scheme Traversal Algorithm Our Algorithm Q-learning PSO-GA GA
optimal scheme (%) (Traversal Algorithm
Device and location Without preprocessing) [ With Without With Without With Without With Without With
Playground 7309.7ms v v v v v 13.325% 1.316% 17.250% 5241%
Teaching building 4608.1ms v v v v v 26.454% 4.681% 39.778% 11.094%
College
Garden 4557.5ms v v v v v 28.024% 3.291% 41.068% 9.521%
Honor Laboratory 4042.7ms v v v v v 32.355% 6.258% 45.972% 15.312%
MYA-ALI0 Residence 4428.3ms v v v 1.287% v 27.080% 7.023% 39.021% 17.094%
. Traffic Road 4384.4ms v v v 0319% 0.068% 18.943% 7.960% 33.396% 13.274%
Parking Lot 4962.0ms v v v v v 25.058% 8.102% 31.929% 14.833%
Store 4622.5ms v v v v v 27.636% 7.745% 45.773% 17.977%
Playground 6727.9ms v v v v v 12.481% 6.416% 15.552% 10.826%
College Teaching building 4536.4ms v v v v v 23.343% 1.869% 36.925% 11.502%
Garden 4462.4ms v v v v v 24.843% 1.791% 37.599% 8.815%
Honor Laboratory 3961.1ms v v v v v 24.135% 0.444% 39.863% 7.885%
STF-AL0O Residence 4317.5ms v v v 3.868% v 26.201% 7.736% 40.173% 17.232%
¢ Traffic Road 4286.7ms v v v 1.656% 1.353% 20.065% 5.692% 33.936% 13.390%
Parking Lot 4841.5ms v v v v v 17.242% 7.539% 25.426% 11.402%
Store 4502.5ms v v v v v 24.566% 8.262% 41.624% 18.301%

preprocessed traversal algorithm enumerates only the cut-point
functions.

Our Algorithms. We design two versions of Algorithm 4. The
original version is called the preprocessed decision algorithm,
which makes decisions for the cut-point functions. Another
version is called the unpreprocessed decision algorithm, which
makes decisions on the execution location for all functions of
the call tree.

Q-Learning. It stores each state-action pair and its correspond-
ing Q-values into a Q-table, and maximizes the accumulative
rewards of an offloading plan. The learning rate «, the discount
factor B, the probability of e-greedy, and the max training
epochs are set to 0.01, 0.95, 0.1, and 100,000, respectively. The
algorithm will terminate and return the best one when the result
is constant for 5,000 consecutive iterations. The unpreprocessed
Q-learning needs to make decisions for all functions, while
the preprocessed Q-learning only makes decisions for cut-point
functions.

PSO-GA. It introduces the crossover and mutation operators
of GA to improve the particle update strategy of the traditional
PSO algorithm. The unpreprocessed version encodes all the
functions into a chromosome, and the preprocessed version only
encodes the cut-point functions. The start and end values of
the two acceleration coefficients ¢; and co, and the maximum
and minimum values of the inertia weight w are set to 0.9,

0.2, 0.9, 0.4, 0.9, and 0.4, respectively. The iteration number
and population number of the unpreprocessed PSO-GA are set
to 2000 and 150, while the preprocessed ones are set to 1100
and 80.

GA. The unpreprocessed genetic algorithm encodes all the
functions into a chromosome, applies genetic operations (e.g.,
selection, crossover, and mutation) to generate new offloading
schemes, and uses the optimization function to select the best
ones. The evolutionary generation, the population number, the
crossover probability, and the mutation probability are set as
2,000, 150, 0.6, and 0.3. The preprocessed genetic algorithm
only encodes the cut-point functions, and its parameters are set
as 1,100, 80, 0.6, and 0.3, respectively.

As the traversal algorithm enumerates all candidate offloading
schemes, itis able to find the optimal scheme. We take its optimal
scheme and response time as the baseline. If the response time
corresponding to the offloading scheme obtained by other algo-
rithms is consistent with it, it means that they find the optimal
scheme. If the response time is larger than the baseline, the
algorithm finds an offloading scheme with a worse performance
than the optimal scheme, and the larger the response time, the
worse the performance. Each algorithm is repeated 20 times
separately and the average value is taken as its final result.

Result. The experimental results are shown in Table V. The
tick in this table indicates that the corresponding algorithm
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finds the optimal offloading scheme. The gray part indicates
that it does, and the values denote the increased response time
compared with the optimal offloading scheme. For example,
in the scenario of Honor MYA-ALI1O0 in the playground in Ta-
ble V(a), the response time corresponding to the optimal scheme
is 3864.4ms. In this scenario, the response time corresponding
to the offloading scheme obtained from the unpreprocessed
PSO-GA is 3978.3ms, which is an increase of 2.947% compared
to 3864.4ms, so the value of the corresponding position in
Table V(a) is set to 2.947%.

First, we compare the performance of the algorithms without
preprocessing. As shown in Table V, our algorithm achieves the
same performance as the traversal algorithm for all the 32 cases.
Our algorithm finds the optimal schemes, since it is an improved
traversal algorithm and its two effective pruning mechanisms are
unlikely to affect the search for the optimal offloading scheme
(Section IV-C3 for more details). The Q-learning adaptively
learns appropriate scheduling decisions by interacting with the
network environment and can obtain the same results as the
traversal algorithm in 26 of 32 total cases. However, in other
6 cases, its response time is 0.319%-4.374% higher than the
traversal algorithm. Unlike the traversal algorithm that enumer-
ates all candidate offloading schemes, the learning process of
Q-learning is uncertain. As the low occurrence of some states
causes the randomness of the Q-table, Q-learning is unable to
achieve an optimal offloading scheme in some cases. PSO-GA
cannot obtain the optimal offloading schemes in all cases, and
its response time is 1.138%-32.355% more than the optimal
offloading scheme. Although PSO-GA improves the stochastic-
ity through the crossover operations, it still suffers from local
optimums. Therefore, PSO-GA fails to obtain the global optimal
scheme in a large solution space. Similarly, GA cannot obtain
the optimal offloading schemes in all cases, and its response time
is 1.314%-45.972% more than the optimal offloading scheme.
GA has strong stochasticity and converges slowly, and thus it is
difficult to converge to a better offloading scheme with a limited
number of iterations.

Furthermore, we compare the performance of each algorithm
with and without preprocessing. The traversal algorithm with
preprocessing still obtains the optimal scheme in all cases,
because the cut-point set obtained by the cut-point algorithm
(Algorithm 3) can cover the ideal set, as analyzed in Sec-
tion V-CI. Similarly, our algorithm with preprocessing can
obtain the same scheme without processing in each case. The
Q-learning with preprocessing can find the optimal scheme in
more scenarios than the one without preprocessing, indicating
that our preprocessing algorithm can improve the performance
of Q-learning by reducing the size of the solution space, and thus
enhance the probability of finding a better state. For PSO-GA
and GA, the performance is significantly improved in all cases
with preprocessing, although the optimal solution cannot be
obtained. For PSO-GA with processing, the response time of its
offloading scheme is reduced by 0.8%-19.7% compared to that
without processing. For GA with processing, the response time
of its offloading scheme is reduced by 0.7%-22.9% compared
to that without processing. As the algorithm with processing
only makes decisions on the cut-point functions, it drastically
reduces the size of the solution space, allowing the algorithms
to find better offloading schemes more efficiently.

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 0, NO. 0, JANUARY 2023

TABLE VI
COMPARISON OF DECISION TIME
(a) LPRA
Decision Algorithm
ime(ms) Travgsa] 01.1r Q-learning | PSO-GA GA
- algorithm algorithm
Preprocessing
Without preprocessing 313884 8 431 3173 2138
With preprocessing 1695 3 47 386 305
(b) TDA
Decision Algorithm
ime(ms) Traversal Our 1 leaming | PSO-GA | GA
\u\ algorithm algorithm
Preprocessing
Without preprocessing 232985 7 579 2616 1842
With preprocessing 4159 4 76 452 337

3) The Time Cost of Decision Algorithm: Setting. The exper-
imental setup is the same as Section V-C2, but we record the
decision time to explore their cost.

Result. As shown in Table VI, compared to other algorithms,
the average decision time of our algorithm is the shortest on
both LPRA and TDA. On LPRA, the decision time of our
unpreprocessed algorithm is 8ms, which saves 98.1%-99.9%
compared to other unpreprocessed algorithms. Moreover, the
decision time of our preprocessed algorithm is 3ms, which saves
93.6%-99.9% compared to other preprocessed algorithms. On
TDA, the decision time of our unpreprocessed algorithm is 7ms,
which saves 98.8%-99.9% compared to other unpreprocessed
algorithms. Moreover, the decision time of our preprocessed
algorithm is 4ms, which saves 94.7%-99.9% compared to other
preprocessed algorithms.

For both preprocessed and unpreprocessed algorithms, our
algorithm, Q-learning, PSO-GA, and GA reduced the costs
of the traversal algorithm by 99.5%, 62.5%, 89.1%, 87.8%
and 85.7% on LPRA, and 98.2%, 42.6%, 86.9%, 82.7% and
81.7% on TDA, respectively. Our preprocessing step extracts
cut-point functions, reducing the search space and decision
times (Section V-C1 for more details). As a result, our pre-
processing effectively improves the performance of all decision
algorithms.

VI. DISCUSSION
A. Extending to Other Applications

Our work focuses on object-oriented applications in Java. Our
algorithm is mainly designed for the call-and-return applica-
tions, and it needs to be extended to other styles of applications
(e.g., workflow applications and DNN-based applications). For
example, in a workflow application, a function B is called by
function A, but passes its execution result to a function C. On
one hand, the offloading mechanism proposed in this paper
can be extended to different types of applications. To support
the applications offloading at function granularity in MEC, the
statelessness of functions is of utmost importance, since it needs
to avoid the loss of state information when the environment
changes. For example, each neural network layer of the DNN
model can be considered as a stateless function, since all parame-
ters required for the computation of each layer are directly passed
in through the input. This style is simpler than OO applications
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because it does not require any additional transformation. On
the other hand, the cut-point function extraction (Algorithm 3)
can be extended to other types of applications to reduce the
decision overhead. For example, fully connected layers in DNN
models, which usually have high execution latency, are suitable
to be offloaded and can be considered as cut-points. And neural
networks with low execution latency and high data transmission,
such as activation layers, are more suitable to be executed on the
same computing node as their preceding layers.

B. Evaluating in Real-World Environments

In our evaluations, we established an MEC environment
to maximize the simulation of the real-world environment.
The two mobile devices represent low-performance and high-
performance devices, and the network conditions between the
mobile devices and the remote servers vary by locations. The
results reveal the effectiveness of our approach. The differences
between our MEC environment and the real-world environments
are that: (1) the application runs in a single-user environment.
Therefore, the execution time of each call to the same class of
methods on the same computing node is generally close to their
average; (2) Our mobility model for mobile devices is simplified.
We ignore the wireless fading channel caused by device move-
ments, so the network conditions between a mobile device and
the same remote server in the same location are generally close
to their average. Despite the above differences, our approach
can still work in the real-world environment, just with some
performance difference. In addition, this study focuses primarily
on supporting the dynamic offloading of applications in MEC at
function granularity; the two issues above are orthogonal to the
problem in this study. In future work, we will consider the above
factors, such as supporting multi-user cases via game-theoretic
models [39], [40] and supporting complex mobility models
through other offloading decision algorithms [32], [41].

VII. CONCLUSION

To make use of the scattered and changing computing re-
sources in MEC, this paper proposes an adaptive offloading
approach, called FUNOff, which supports the offloading at the
granularity of functions. For an object-oriented application, it
extracts a call tree through code analysis, and takes a preprocess-
ing step to find the function invocations suitable for offloading.
Next, FUNOT translates such functions to a specific program
structure that allows remote access. Finally, it generates an
offloading scheme at runtime according to the context of the
mobile device, and sends functions to multiple devices according
to the offloading scheme. Our evaluations on real applications
show that FUNOff significantly improves the performance of
applications. In addition, the results show that the offloading
at the granularity of functions is more suitable for computation
offloading in MEC, and our preprocessing effectively improves
the performance of offloading decision algorithms.
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