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Stochastic Resource Optimization for Wireless
Powered Hybrid Coded Edge Computing Networks
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Abstract—To enable ubiquitous Artificial Intelligence (AI) in the
next-generation wireless communications networks, computation-
intensive tasks such as data processing and model training have to
be performed by energy-constrained end users. In this paper, we
present a hybrid coded edge computing network whereby users can
choose to complete their computation task through: i) local compu-
tation with the wireless power transfer derived from base stations,
ii) coded edge offloading, or iii) hybrid computation involving edge
offloading and local computation. To minimize the overall network
cost, we propose a stochastic resource optimization approach.
Given the stochastic nature of wireless charging efficiency and
edge servers computation capacities, which can only be observed
ex-post, a computation strategy for each user is determined using
the two-stage stochastic integer programming (SIP). To address the
complexity of the SIP problem which scales with the size of the net-
work, we introduce the efficient computation methods of Benders’
decomposition and sample average approximation. Besides, we
present a special case of z-stage stochastic offloading optimization
that is applicable when the corrective edge offloading action can be
executed in multiple stages, e.g., for non-time-sensitive tasks that do
not need to be completed by stage two. Finally, we provide extensive
sensitivity analyses to evaluate the performance of the proposed
cost minimization approach amid varying network parameters.
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I. INTRODUCTION

ODAY, the Internet-of-Things (IoT) has become an integral
T aspect of our lives, disrupting the way in which we track our
personal health [1], maintain manufacturing equipment [2], and
monitor the environment [3]. The next-generation communica-
tion systems are expected to further promote the growth of the
Internet of Everything paradigm [4], by leveraging the enormous
amounts of sensing data to drive the development of ubiqui-
tous intelligence using Artificial Intelligence (AI) techniques.
However, the data-driven AI models rely heavily on massive
quantities of training data, which in turn requires significant
computation power for processing and model training. More-
over, due to the energy constraints, [oT devices face challenges
in meeting the required quality-of-service (QoS) demands of the
end-users, especially for latency-sensitive applications.

In response, edge computing is expected to be a key support-
ing pillar of next-generation communication systems. Specif-
ically, edge computing leverages the storage, communication,
and computation capabilities of end devices and edge servers to
bring computing power closer to where data are produced. To
improve the scalability of edge computing, next-generation com-
munication systems are envisioned to provide energy transfer
and harvesting for energy-constrained end devices, e.g., through
6G base stations (BSs) [4].

However, the wireless charging technology is relatively
nascent with variable charging efficiencies [5]. For example,
while magnetic resonant coupling has higher charging efficiency
as compared to electromagnetic (EM) radiation power transfer,
it is found in an earlier study that a 60 W power transfer over 2
meters can only be completed with 40% efficiency [6]. As such,
apart from relying solely on wireless power charging enabled
local computation, the resource-constrained IoT devices can also
offload their computation tasks to the edge servers. Offloading
computation-intensive tasks from the IoT devices to the edge
servers helps to enhance the performance of the IoT devices
while minimizing the device energy usage [7]. The IoT devices
can leverage the resources of multiple edge servers to perform
distributed computation tasks collaboratively. In order to miti-
gate the straggler effects in the distributed computing network
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where the computation tasks are delayed by the slower edge
servers, coding techniques [8] can be used to split a computation
task into multiple subtasks, which are in turn allocated to the
edge servers. In particular, the [oT devices can complete the
computation tasks upon receiving the computed results from a
subset, instead of all edge servers. Moreover, coding redundancy
alleviates the need to wait for the tail-end straggling edge servers
to complete their allocated tasks, hence reducing the latency of
the computation tasks.

In this paper, we propose a wireless powered hybrid coded
edge computing network in which IoT devices, i.e., users, can
perform their computation tasks using one of the following
approaches:

1) Full local computation: Each cell of users is supported by
abase station that powers the users through wireless power
charging, thereby enabling the users to locally complete
the computation tasks. However, the charging efficiency
and resultant computation shortfall are only known ex-
post.

2) Full coded offloading: Each user utilizes coding tech-
niques to allocate the computation subtasks to the ded-
icated or non-dedicated edge servers for computation,
thereby completing their task while reducing the com-
putation latency. Note that a non-dedicated edge server,
e.g., Docker [9], is cheaper to deploy as it shares its com-
putation resources with other applications [10]. However,
the computation process is delayed if it is occupied by
too many users simultaneously, and this knowledge of its
computation capacity is only known ex-post. In contrast,
a dedicated edge server can be used exclusively by a
requester [11], e.g., the Azure private multi-access edge
compute [11], butis more costly. If the non-dedicated edge
servers are occupied, the subtasks have to be re-offloaded
to the dedicated edge servers. This is known as corrective
edge offloading.

3) Hybrid approach: Each user partially offloads to
dedicated/non-dedicated edge servers while simultane-
ously performing local computation.

To minimize the network cost while accounting for the two
sources of uncertainty (i.e., charging efficiency and edge com-
putation capacity uncertainty), we utilize a stochastic resource
optimization approach. We formulate the computation decision
problem into a two-stage stochastic integer programming (SIP)
model. In the first stage, the computation decision is made. In
the second stage, the corrective edge offloading decision can be
determined if there is a shortfall, which is known ex-post. As the
SIP problem may become computationally intractable since it
scales with the size of the network, we introduce the Benders’ de-
composition and sample average approximation (SAA) to solve
the SIP problem efficiently. Moreover, we consider the special
case of z-stage SIP in which corrective edge offloading actions
can be implemented over multiple stages for less time-sensitive
tasks.

The contributions of our paper are summarized as follows:

1) We present a novel wireless powered hybrid coded edge
computing network that jointly leverages the use of base
stations as wireless charging stations and edge servers
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for coded computation offloading. The network caters to
energy-constrained IoT devices to perform computation-
intensive tasks. Moreover, the coded edge offloading mit-
igates the stragglers effect of distributed computation.

2) We propose a stochastic resource optimization solution for
efficient resource management amid stochastic uncertain-
ties that can only be realized ex-post. Our solution is able to
derive the lowest cost of the network while accounting for
the two sources of uncertainty in terms of wireless power
charging inefficiency and unsuccessful edge offloading.

3) Weanalyze and reduce the complexity of the two-stage SIP
model using Benders’ decomposition and sample-average
approximation. As a result, the solution is computationally
tractable even as the network scales. In consideration of
less time-sensitive computation tasks, we also introduce
the special case using z-stage that enables corrective edge
offloading over multiple stages.

The remainder of the paper is organized as follows. Section II
reviews the related work. Section III presents the system model.
Sections IV and V discuss the two-stage and z— stage SIP
models respectively. Then, we evaluate the performance of the
proposed framework in Section VI, followed by the conclusion
in Section VII.

II. RELATED WORK

Given the exponential increase in the amount of data gener-
ated, the energy-constrained IoT devices are no longer able to
handle computation-intensive tasks. There are many studies that
investigate effective ways to complete these computation tasks,
which provide important insights into many data analytic ap-
plications. One of the approaches is to offload the computation-
intensive tasks to the cloud, thereby boosting the performance of
the IoT devices. For example, Cuckoo [12] and COSMOS [13]
systems are proposed to bridge the demand of the individual
mobile devices and the cloud resources such that the cost of
providing the cloud resources is minimized while ensuring the
computation speedup of the mobile applications. However, since
the cloud may be located far away from the IoT devices, high
latency and bad quality of experience are often the challenges for
time-sensitive applications. As such, edge computing has been
proposed where the cloud resources are extended to the edge of
the networks, thereby resulting in a paradigm shift from cloud
computing toward edge computing [14]. Several fundamental
issues such as the utilization of resources [15], [16], [17], system
architectures [ 18] and design of incentive mechanisms [19], [20]
are actively studied in the literature in order to optimize the
performance of the IoT devices in offloading their computation
tasks. The authors in [21] have proposed a deep learning-based
optimal offloading policy in order to minimize the computation
and offloading overheads and gave information on the offloading
tasks and network conditions. In order to ensure data integrity,
a blockchain-enabled computation offloading scheme, which is
known as BeCome is proposed [22].

Instead of offloading their computation tasks to a single
edge node, which causes single-point-of-failure problems, IoT
devices can leverage the resources of multiple edge nodes.
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However, the main challenge of completing the distributed
computation tasks is the straggler effects where the compu-
tation tasks are delayed significantly by the stragglers due to
several factors such as contention of resources and hardware
failure [23], [24]. In response to this, coding techniques can
be used to mitigate the straggler effects by reducing the recov-
ery threshold. In particular, the IoT devices can complete the
computation tasks upon receiving the computed results from a
subset of edge nodes, instead of all of them. Several coding
schemes such as Polynomial codes [25], Entangled Polynomial
codes [26], PolyDot codes [27], Short-dot codes [28], and
Lagrange codes [29] are proposed to minimize the recovery
threshold for distributed matrix multiplication problems. For
gradient descent problems, fractional and cyclic repetition cod-
ing [30] are used. Instead of discarding the work done by the
stragglers, several coding schemes exploit the work done by the
stragglers through sequential processing [31] and multi-message
communication [32]. This is especially useful when there exist
non-persistent stragglers in the network. In order to improve
the performance of the distributed computing networks, another
research direction focuses on the minimization of computation
load. The authors in [33] investigate the use of shift-and-addition
encoding and zigzag decoding to avoid expensive multiplication
and division operations in order to tackle the straggler problems
more efficiently.

Another approach to complete the computation tasks is to gain
the required energy through wireless charging. Wireless energy
transfer will become a key feature of next-generation wireless
networks given the versatility it brings towards empowering low
energy devices for performing compute-intensive tasks. One
such example is SoftBank’s 5 G base stations! which are capable
of energy transfer of 1 mW of power to users over high-frequency
bands. Due to the mobility and flexibility of the Unmanned
Aerial Vehicles (UAVs), they have been deployed as mobile base
stations with wireless energy transfer capabilities as well [34].

However, it is noted that wireless energy transfer using EM
radiation has poor efficiencies as a result of relative position
changes and physical obstructions [5]. In fact, even the wireless
energy transfer using magnetic resonant coupling has several
drawbacks [35]. However, these inefficiencies are only realized
ex-post. As such, it is instrumental for network cost minimiza-
tion approaches to take into account the stochastic nature of
such inefficiencies in deciding the computation strategies for
each user.

III. SYSTEM MODEL

We consider a wireless power charging enabled coded edge
computing network (Fig. 1) with a coverage area that is divided
into I cells, represented by asetZ = {1,...,4,...,}.Eachcell
1 contains W; 10T devices, i.e., users, where the total number of
users in each cell < may be different. Let d;,, denote the wh user
in cell <. The users aim to perform machine learning computation
tasks using the data collected from their surroundings. Given the
large amounts of data collected, the users may not have sufficient

1.https://asia.nikkei.com/Business/SoftBank2/SoftBank- plans-wireless-
power-grid-to-charge-smartwatches-earbuds
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computation resources, e.g., energy, to complete the machine
learning tasks individually.

In general, the hybrid network enables users to complete the
computation tasks using the following approaches:

1) Full local computation: The I users are supported by H
BSs, the set of whichis denoted by £ = {1,...,l,...,L}
which can power the users through wireless power charg-
ing. The wireless power charging allows the users to have
sufficient computation power to complete the machine
learning tasks locally. While BSs are able to transfer their
power to the users in a wireless manner, they may not
always be reliable due to the variability in the efficiency
of the magnetic coupling resonant. More specifically, the
fluctuation of resonance frequency affects the efficiency
of power transfer from the BSs to the users [36].

2) Full coded offloading: The I users are supported by
K non-dedicated and X dedicated edge servers which
are represented by sets L = {1,...,k,..., K} and X =
{1,...,2,..., X}, respectively. The edge servers pro-
vide coded computation offloading support for the users.
Specifically, the users use coding techniques, e.g., Poly-
nomial codes [25], to allocate the distributed computation
subtasks to the edge servers that have sufficient resources.
The use of coding techniques minimizes the computation
latency by reducing the recovery threshold, which is de-
fined as the number of edge servers that need to return
their computed results for the users to reconstruct the
final result. However, the non-dedicated edge server may
be occupied and congested, and thus the edge offloading
fails. In this case, the corrective edge offloading of the
computation task to dedicated edge servers has to be
implemented.

3) Hybrid approach: The users may adopt a combined ap-
proach in some cases, e.g., adopt wireless charging for
partiallocal computation while simultaneously offloading
the other subtasks to the edge servers.

In the following subsections, we discuss the BS charging
model and coded distributed computing model. Then, we present
the stochastic resource optimization problem formulation and
optimization strategy adopted to achieve the objective of cost
minimization in the hybrid network.

A. BSs Charging Model

To provide wireless power charging, BS [ can provide Pj*"

power to charge users in cell ¢ and the power is expressed as
follows [37]:

7=y (Il e l2)*, (1

weW;
and:
27 - . (27~

Ciwl == [cos <dw,i,l+¢l) —Jsin (dw,i,l+¢l):| :

duw,il K K

2

3 Z0Gy, PP . . o

where 3; = \/ =L, Zy is a physical constant indicating the

wave-impedance of a plane wave in free space, (; is the gain of
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Fig. 1. The system model of multi-tier computing.

BS [, and P is the output power of BS [. x; is the wavelength
of energy beam transmitted from BS [ and cZw}iyl is the distance
between BS [ and d;,, user in cell 7. (2) is a complex expression
and the second term is the imaginary part. ¢; is the phase shift
of the charging wave transmitted by BS [.

The power of the BSs is transferred to the users in the
cell through the magnetic resonant coupling technique which
allows high transmit efficiency over a relatively large distance.
However, the performance of the BSs may be hindered by the
uncertainty in the efficiency of the magnetic coupling resonant,
which in turn affects the amount of energy that can be gained by
the users. There are several factors that affect the efficiency of
the magnetic coupling resonant such as the change in resonance
frequency and the load value of the users [36]. In this paper, we
denote the efficiency of the magnetic coupling resonant when
BS [ charges cell i by ﬂf The values of ﬂ; VieZandVl e L,
are between 0 and 1. For example, ﬁli = 0.4 indicates that 40%

The actual power charging .

Once the uncertainties
are known

l

efficiency and the status
of the non-dedicated
edge servers
are known

Correction action

Offload to the
dedicated
edge servers

of the charging power of BS [/ can be transferred efficiently to
user ¢.

The efficiency of the magnetic coupling resonant cannot be
known precisely before the wireless power charging is com-
pleted. In a large-scale heterogeneous network, there may exist
varying combinations of charging efficiencies across the differ-
ent BSs. In this paper, we refer to each of these combinations
as scenarios. Specifically, each scenario A, refers to a particular
scenario indexed ¥, and is represented by a matrix of charging
efficiencies 3} (1), Vi € Zand VI € L. This matrix is expressed
as follows:

Bi(hy)  Bi(ry) B (hy
= By(ry) B3 (.)‘y) B3 (hy 3)
BL(Ay)  BL(Ay) BL(Ay)
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The set of scenarios are represented by A= {A,...,
Ay, ..., Ay} where Y is the total number of possible scenarios.
The probability that scenario A, happens is denoted as P(A,).
For the rest of the paper, we use 5}()@) and ﬁli interchangeably
where confusion does not arise from dropping the (1,,) notation.
Accordingly, the available power to be gained by user ¢ from BS
[, which is denoted as py), is expressed as follows:

Pl = BIPG. @
Besides local computation, we assume that the amount of power

P7¢" required by users in cell ¢ also includes the power for data
transmission.

B. Coded Distributed Computing Model

The users can also partially or completely offload their sub-
tasks to the edge servers, where the resources of multiple edge
servers are leveraged to complete the distributed computation
tasks collaboratively. One of the main challenges of a distributed
computing network is the straggler effects where the overall
computation time is greatly increased by the straggling edge
servers. Specifically, the distributed computation tasks are only
completed after the slowest edge server completes its allocated
computation task. In order to mitigate the straggler effects,
coding techniques are used to split the computation tasks into
smaller tasks, i.e., subtasks, and distribute them to the edge
servers for computation. The objective of the coding schemes is
to minimize the recovery threshold «;,,, which is defined as the
number of edge servers that are required to return their computed
results to the users in order to obtain the final result.

In many Al-based applications such as scientific computing,
machine learning, and graph processing, matrix multiplication
has been widely used. In this paper, we consider that each
of the user d;,, adopts the Polynomial codes [25] to perform
the distributed matrix multiplication computations,? i.e., C** =
A TB™ where A™ and B* are input matrices of user d;,,,
where A™ € F;*" and Biv ¢ ]F;” for integers s, r, and ¢
and a sufficiently large finite field IF,. Note that the Polynomial
codes used in this paper can be extended by replacing Entangled
Polynomial codes [26], PolyDot [27], and Lagrange codes [29],
and it will change the recovery threshold. Entangled Polynomial
codes is a generalized version of polynomial code. It allows
column-wise partitioning of matrices with a parameter of p, and
it will achieve the recovery threshold of pmn + p — 1. When
p = 1, Entangled Polynomial codes equals Polynomial codes.
PolyDot codes provides a trade-off between communication
costs and recovery thresholds. A trade-off can be achieved by
varying the value of s and £. The corresponding recovery thresh-
oldis#?(2s — 1). Lagrange codes is a batch processing approach
for coded distributed matrix multiplication. Sub-matrices can be
grouped into K blocks, where K = 2. 7 is the total number
of workers and each worker stores g coded sub-matrices.To
perform the coded distributed computation using Polynomial
codes, the four important steps are as follows [38]:

2.0ur system model can be easily extended to consider other types of dis-
tributed computation problems, e.g., gradient descent, Fourier transform and
convolution as well as the multiplication that involves more than two matrices.

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 23, NO. 3, MARCH 2024

1) Distribution of computation tasks: In this sub-section, we
use k and z interchangeably where they are both referred
to as the edge server Given that the edge servers are able
to store up to —— and —— fractions of matrices A" and

B respectlyely, user dw, divides the input matrices into
submatrices A“” fr(Aw) and B“” = gx(B™), where

Aiv ¢ ]F;I T and B € ]F " respectively. Specif-
ically, f and g represent the vectors of functions such that
f= (fla"'afka"'afK) andg: (glv"'7gk3"'7gK)’
respectively. Then, the user encodes and distributes the
submatrices to the edge servers over the wireless chan-
nels for computations. Note that each edge server k may
only receive one subtask, whereas the number of subtasks
offloaded to the edge servers is based on the cost mini-
mization optimization discussed in Section IV. Overall,
the system model of the Polynomial codes consists of the
followings [25]:
e The user receives computation inputs, encodes them,
and distributes them to the edge servers.
e Edge servers perform pre-determined computations on
their respective inputs in parallel.
® The userreceives outputs from successful worker nodes
and decodes them to recover the final output.
Note that data encoding and decoding actions exist in both
local and offloading computation. Therefore, the energy
consumption for data encoding and decoding is negligible
as it exists in both.

2) Computation by the edge servers: Each edge server kis
allocated submatrices A and B”“ by the user. Based
on the allocated submatrices, the edge servers perform the
matrix multiplication, i.e., A};U’TB}}”.

3) Transmission of computed results: Upon completion of
the local computations, each edge server transmits its
computed results, i.e., Ci¥ = A TBI" to the user over
the wireless communication channels.

4) Reconstruction of final result: By using the Polynomial
codes, the user is able to decode and reconstruct the
final result upon receiving o, computed results by using
decoding functions. In other words, although the com-
putation task is split and distributed to more than aq,
edge servers, the user does not need to wait for all the
edge servers to return their computed results. The user
only needs «;,, computed results where o, < K + X.
Note that although there is no constraint on the decoding
functions to be used, a low-complexity decoding function
such as the Reed-Solomon decoding algorithm [39] en-
sures the efficiency of the overall matrix multiplication
computations.

Given that each edge server is able to store up to ——

and

Niw

fractions of matrices A® and B® respectively, the optimum
recovery threshold that can be achieved by user d;,, using the
Polynomial codes [25] is expressed as follows:

iy = My Ny - (5)

Compared with other coding techniques, such as MatDot
codes [27], Polynomial codes have a lower computation cost per
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edge server and a higher communication cost from edge servers
back to IoT devices, but they have a higher recovery threshold.
However, we can carefully tune m,, and n;,, from (5) to reduce
the recovery threshold [27]. For example, if m;,, = N = 2,
the recovery threshold of Polynomial codes and MatDot codes
are 4 and 3, respectively. For a square matrix of 36 x 36, the
communication cost (Symbols) of Polynomial codes and MatDot
codes are 324 and 1296, respectively [25]. The computation cost
(symbols) of Polynomial codes and MatDot codes are 11,664
and 23,328, respectively. Therefore, even though the recovery
threshold of Polynomial codes is more than MatDot codes by 1,
the overall number of symbols is lesser. The cost of deploying
edge server k to complete the computation subtask is denoted as
cr.. Hence, in order to complete its coded distributed computing
task, user d;,, needs to pay a total amount of . cz;,, Cho> where
L., represents the set of edge servers that successfully complete
the computation subtasks allocated by user d;,,. For simplicity,
we consider the cost of employing non-dedicated edge server &
the same for all non-dedicated edge servers, i.e., ¢y = ¢, Vk € K.
For example, the non-dedicated edge servers could belong to
multiple service providers.

However, the desired response time is unable to be achieved
when the non-dedicated edge server is used by multiple service
providers at the same time [10]. Similarly, the cells do not
know the information of whether other applications are using
the non-dedicated edge servers ex-ante. The scenario of the
non-dedicated edge server status is expressed as follows:

The offloaded subtasks have to be re-offloaded in this case to
the dedicated edge server so that the computation process can be
completed. The cost of employing the dedicated edge server x for
corrective edge offloading is ¢ and ¢ > c. The set of the current
statuses of non-dedicated edge servers is denoted by 7, € €2
and vy is a binary parameter. y; = 0, if the non-dedicated edge
server k is fully occupied by another service providerand v, = 1
indicates otherwise. The system parameters are summarized in
Table L.

IV. STOCHASTIC OFFLOADING OPTIMIZATION

In this section, we first consider the case where the wireless
power charging efficiency and the current status of the non-
dedicated edge servers are stochastic in nature, thereby neces-
sitating the stochastic offloading optimization approach. Then,
we introduce the deterministic integer programming approach
(DIP), which is a benchmark (ideal but non-realistic) case when
the power transfer efficiency and the status of the non-dedicated
edge servers are precisely known ex-ante.

A. Two-Stage Stochastic Offloading Optimization

For easier representation, the uncertainty of charging effi-
ciency from (3) and the uncertainty of the current status of
the non-dedicated edge servers from (6) can be re-expressed

2027
TABLE I

SYSTEM MODEL PARAMETERS
Parameter Description
A B Input matrices
Qi Recovery threshold of user
,Bli Efficiency of magnetic coupling resonant
[ Cost of BS [ for charging cell ¢
Ck Cost of non-dedicated edge server k
Ca Cost of dedicated edge server «
c? Penalty cost
diw w™ user in cell 4
Jw,i,l Distance between BS [ and user d;,,
Gy Gain of BS [
I Number of cells
K Number of non-dedicated edge servers
Kl Wavelength of energy beam transmitted from BS [
l Number of BSs
Ay Scenario
—L_ L | Fractions of input matrices

iw’ Miw
Dy BS I maximum charging energy
pfj Available power to be gained
pp Output power of BS [
P(\y) Probability that scenario y happens
b1 Phase shift of the charging wave transmitted by BS [
X Number of dedicated edge servers
Zo Wave-impedance of a plane wave
as follows:
Fl FZ ... F 1I
y=1. . . e (N

where F} = (B8},7,...,7k). For example, F/ = (3}:
0.6,71:0,72:1,73:1) means that the wireless power
charging efficiency of BS [ in cell ¢ is 0.6. The non-dedicated
edge server 1 is fully occupied while the non-dedicated edge
servers 2 and 3 are available to be used. Similar to (3), the set
of scenarios are represented by A = {Aq1, ..., Ay, ..., Ay }.

To account for the stochastic nature of wireless power charg-
ing efficiency and the status of the non-dedicated edge servers,
we formulate the cost minimization problem into a two-stage
SIP model in this section [40].

The two stages are as follows:

e First stage: The network makes the ex-ante decision be-
tween 1) full local computation, ii) full coded edge of-
floading, and iii) hybrid computation with partial local and
partial offloading.
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All wireless power charging are
inefficient and the non-dedicated edge
servers are fully occupied

A

All wireless power charging

are efficient and the non-dedicated edge
servers are free

>0\

Stage 2

Stage 1

Fig. 2. The scenario tree of a two-stage SIP with the scenarios of A1 and As.

® Second stage: The scenarios of wireless charging efficiency
and non-dedicated edge servers availability are realized
and observed. This means that each cell now has the full
information on the charging efficiency of each BS and
the status of the non-dedicated edge servers. If there is
a shortfall, the cell makes the ex-post decision of correc-
tive edge offloading to offload the remaining incomplete
computation subtasks to the dedicated edge servers.

Using the SIP model, the network is able to alter its first stage
ex-ante decision in response to the expected outcomes of the
second. As an illustration, Fig. 2 shows a simplistic scenario
tree with two scenarios in each stage. The scenarios in stage
two are: i) experienced wireless power charging inefficiency
and the non-dedicated edge servers are fully occupied by other
applications, and ii) BSs have efficient wireless power charging
and the non-dedicated edge servers are free. The scenario tree
is a reduced form of an ensemble of scenarios or realizations
of a process [41]. The tree clusters those realizations into a
set of branches with specified probabilities of occurrence. Each
scenario contains two nodes. In stage 1, all scenarios in the tree
share the same node. In stage 2, the tree branches out and each
branch belongs to only one scenario.

The two-stage SIP can be solved by generating a finite set of
scenarios A with the likelihood of each scenario within the set
occurring to be the corresponding probability P (). The SIP
problem can be solved efficiently with a reasonable accuracy
provided that the following conditions are met [42]:

1) The number of linear constraints is fixed.

2) For every linear constraint and every possible realization

of scenario, the second stage problem is feasible.

3) The number of scenarios is not too large.

In our problem formulation, condition 1 is satisfied. By the
definition of feasibility given in [43], condition 2 is also satisfied
since there is a corrective action to be selected in stage two to cor-
rect the eventual discrepancies in stage one. However, condition
3 may not be satisfied especially since the number of scenarios
scales with the size of the network. As such, we utilize the
Benders’ decomposition and sample-average approximation in
the subsequent subsections to solve the SIP in a computationally
efficient manner. The decision variables are as follows:

e ¢§; € {0,1} indicates whether BS [ is allocated to cell

1. When 0;; = 1, BS [ is allocated to cell 7 and 6;; = 0
indicates otherwise.
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° 5 € {1,2,..., } indicates the number of sub-tasks that are
computed locally by the cell 7 when the power is provided
by BS I. When §;; = 1, cell i computes 1 sub-task locally.

e s, € {0,1} indicates whether the sub-task is offloaded
to the non-dedicated edge server k by cell ¢ in stage one.
Specifically, 11,5 = 1if cell ¢ offload 1 sub-task to the edge
server k and p;; = 0 indicates otherwise.

e i € {0, 1} indicates whether the sub-task is offloaded to
the dedicated edge server = by cell ¢ in stage one. Unlike
edge server k, edge server x does not share its computation
capability with other applications.

e [rc(x,) €{0,1} indicates whether the sub-task is re-
offloaded to the dedicated edge server x by cell 7 in stage
two under scenario A,,.

e 1? €{0,1} indicates the implementation of the penalty
cost ¢ in stage 2. When p? =1, cell i performs re-
offloading action with an additional cost ¢! and u? =0
otherwise.

In total, there are four types of the costs as follows:

® cis the cost to employ a non-dedicated edge server k, i.e.,
the cost for edge offloading of a subtask in stage 1.

® ¢, is the cost that BS 7 received from cell ¢, i.e., the cost
for local computation, and it is expressed as follows:

G = O‘(Jp;')lv (8)

where « is the cost coefficient.
e ¢ is the cost to employ dedicated edge server x and ¢ > c.
e (¥ is the penalty cost for cell  that occurs in stage 2. It is the
penalty cost for the time that is wasted when the wireless
power charging is not efficient and a shortfall occurs that
has to be corrected.
The objective function given in (9) and (10) is to mini-
mize the total cost of the network. The expressions in (9) and
(10) represent the first and second stage objectives, respec-

tively. E [Q(u;';(ky))] is the expectation over scenario A, € A.

The optimization variables, are the elements of the set =t =
{8i1, 8ty piks fizs 115 (Ay), 1€ (Ay) }. The SIP formulation can be
expressed as follows:

min:

Ets

DD (Ga+Suca) + Yy (Z pie+ > umc)

i€l lel i€l \kek reX

+E [Q(miz )]s )

where
QUi )) = 32 P) 3 (01 + X iz h)e )
Ay€A i€l TeX
(10)
subject to
Z&‘z Z Qi + Z,Uik + Zﬂm > Z Qi
lel weW; kel reX weW;
YielZ, (11)
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Z 61l6[ Z Qi + Z ,Uzk’ch ) + Z ﬁza:

lel weW,; kel reX
F D Oy) > D i,
reX weW;
VieI,Vi, €A, (12)
b < Ay, VieIVieLl, (13)
Zﬂ y) < ApP(ny), Vi€ I,Va, €A, (14)
rxeX
> sa <, VieL, (15
€L
> oa <1, VieZ, (16)
lel
Y min <1, VkeK, (17)
€L
Y e <L, Vee X, (18)
i€l
> agE(ay Vo € X,VYa, €A, (19)
1€l
dup® ) ciw <P, VieLVleL, (20)
weW;
6Ll7/’LLk7I’L’L-L7/’(’Z ()‘ ) :u’zw( y) € {O’ 1}’
VieI,Vl e LYk € K,Vz € X,YA, € A, (21)
50 €10,...,1}, VicI,VIE L. (22)

(11) and (12) ensure that the total number of sub-tasks that are
computed should be greater than the total recovery threshold. If
the non-dedicated edge servers are occupied, the sub-tasks are
re-offloaded again in the next stage. (13) ensures that if cell 7
performs local computation, a BS should be allocated to cell
i, where A is any large number. (14) ensures that the penalty
cost is paid when the cell has to perform re-offloading. (15)
and (16) ensure a one-to-one matching between the cell and
the BS, i.e., a maximum of only one BS can be allocated to
a cell, and a cell cannot choose another BS that has already
been allocated. (17)—(19) ensures that the cell ¢ cannot choose
an occupied edger server when performing offloading and re-
offloading. (20) ensures that the amount of energy that cell 7 uses
should not exceed the maximum energy p{ that BS [ provides
and p® is the energy used per sub-task. (21) indicates that the
variables are binary variables. (22) indicates that §;; is a positive
variable with a value between 0 and 1.

B. Benders’ Decomposition

The problems formulated in (9) and (10) become complicated
when the number of scenarios is large. The complexity of the
problem depends on the number of variables, parameters, and
constraints, which increases with the size of the network. SIP
will potentially become computationally intractable if there are
many scenarios [44]. Therefore, we propose the use of Benders’
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stochastic problem

v

Step 0
Initialization of the
master problem

v

Step 1
Subproblem solution

v

Step 2
Convergence checking

[ Non-decomposed two-stage

A

No
Convergence bounds 3 Step 3
reached? Master problem
solution

Fig. 3. Flow chart of Benders’ decomposition algorithm.

decomposition to decompose the original problem into multiple
smaller problems [45]. Each of these can be solved iteratively to
arrive at a final solution to the overall problem [45]. The benefit
of this technique is that the decomposed problems are easier
to solve than the original problem, so even if they have to be
solved iteratively to obtain the solution, it will still be faster
than trying to solve the original problem. However, (9) and (10)
contain complicating variables that prevent the problem from
being decomposed, i.e., first-stage variables [44]. Therefore, we
can fix the complicating variables with a fixed value [45] so
that the two-stage SIP can be decomposed into the independent
optimization of master (23) and sub-problems (33).

The Benders’ decomposition algorithm is performed itera-
tively to solve the decision variables and calculate the lower and
upper bound. The algorithm terminates when the optimal solu-
tion converges, i.e., the difference between the lower bound and
upper bounds are less than ¢, i.e., a very small tolerance value.
Fig. 3 shows the flowchart of Benders’ decomposition algorithm.
The algorithm mainly consists of four steps as follows.

Step 0: Initialization of the Master Problem. We initialize
the parameters in the master problem once at the beginning
of the algorithm. Let 7 denote the iteration counter, v denote
the iteration before 7 and initially set 7 = 1. The optimization
variables, are the elements of the set 2™ = {67, 67, 17y, fil, }-
The master problem is expressed as follows.

min:

=ms

' (65 T (mcﬂ)

i€l lel

+ X (Swiee+ X e)

i€l “kek zeX

taor,  (23)
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subject to
ST i+ D MDA =Y G,
lel weW; kel zeX weW;
Viel, (24)
6 < Ad], VieZL,vleL, (25)
d o<t vieL, (26)
i€l
d o<t VieT, 27)
lel
> oui <1, Vk € K, (28)
1€l
doui <1, Vi e X, (29)
i€l
op® > i <1, VieI,VleL, (30)
weW;
oy > oz(”’), (31
ag> | Y PGy Y <u§p’“)(m0§’ +3 uig’;&’”)@y)c)
hy €A i€l zeX
Yy (z 5T~ )
1€T ryeN \leL
+> (k) (] —57)
lel
+ Z pzk /J’lk u’;)k)
kel
+ > Pl (0, — u&)) : (32)
reX

The objective function (23) and the constraints (24)—(30) are
modified from (9), (11), (13), (15)—(18), and (20) by adding an
iteration counter 7. v, is an auxiliary variable, representing the
total objective function of the second-stage problem in iteration
7 and it will be improved in subsequent iterations. o(*) is the
lower bound of «.- and it can be estimated from historical data
of prior solutions [45]. (32) is the Benders’ optimality cut and
it does not exist when § = 1 as the variables and parameters
are initialized with zero. Once the first-stage problem is solved,
the algorithm proceeds to step 1. p}; (X)), p(Ay), pix(Ay), and
Py (Ay) are the dual value of constraints (37)—(40), respec-
tively.

Step 1: Sub-Problem Solution. Step 1 formulate and solve
multiple sub-problems. For each scenario A,, the sub-problem
is formulated as follows:

min :
w7 (1), 5007 ()

P(A)Z(uﬁ’” )l + Zﬂ’"“) )c>, (33)
eXx

i€l
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subject to: (25),

Z 6zl l Z Qi + Z :uzk,yk Z M;rw

lel weW; kel xeX
3T 00 2 Y
reX weW;
VieI,Vi, €N, (34)
STl () < ApP T (), Vie I Vi, €A, (35)
xeX
STEEET () <1, V€ X,VA, €A, (36)
€L
7= g dimed) VieIVie L, (37)
T =5 dired) Vic IVl €L, (38)
= ppl e VieI,Vk e K, (39)
an, = et VieI,Vz € X. (40)

The objective function (33) and the constraints (34)—(36) are
modified from (10), (12), (14), and (19) by adding an iteration
counter 7. (37)—-(40) is to fix the complicating variables with
fixed variables.

Step 2: Convergence Checking. The master problem is the
lower bound and the sub-problem is the upper bound of the
solution. Both of the bounds are checked at the end of each
iteration. Let zq(,lb) and zq(}“b) denotes the lower and upper bounds
in iteration v from (23) and (33), respectively. The Benders’ de-
composition algorithm stops when \zq(,lb) — zf,"b)\ < ¢, which
€ is a small tolerance value. Otherwise, the algorithm proceeds
to the next iteration.

Step 3: First-Stage Problem Solution. In this step, the current
iteration counter will be increased by 1. Then the master problem
in (23) can be further relaxed by constraint (32). The solution to
the master problem will also adjust -, which is the on-demand
cost. Once the master problem is solved, the algorithm proceeds
to step 2 with the same iteration counter.

C. Sample-Average Approximation

The computation time of the master problem in (23) increases
when more Benders’ optimality cuts are added to the prob-
lem [46]. In this section, we use a different approach known
as SAA to optimize stochastic problems when a large number
of scenarios are used. We then compare the two methods in the
performance evaluation section.

The SAA approach is about approximating the ex-
pected objective value utilizing sample scenarios I'y. I'y =
{M,-.yAn,..., AN} is the generated scenarios when the sam-
plesize is V. Instead of solving the problem using the true value,
SAA approximates the true value by generating a sample of the
stochastic parameters. This approach chooses a set of scenarios,
e.g., N scenarios, where N is smaller than the total number
of scenarios |{2|. The set of sample indices is represented by
N ={1,...,n,...,N}. This approach can obtain an optimal
solutionif NV is large enough and thereby represents the scenarios
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adequately, where [N can be verified numerically. We revisit the
numerical validation of N in Section VI.

The optimization variables, are the elements of the set
ESAA = L850, 8ty fiks fixs 15 (An), A5 (M) }. The correspond-
ing SAA objective function is expressed as follows:

min :
=SAA
Z z (5il + Sz‘lQil) + Z Z”ikc + Z [liaC
€L lel i€l \kek reX
S (e + Y ez ), (1)
nEN i€l TEX

subject to: (11)-(22)

The SAA computation will first generate an N sample sce-
nario and then the stochastic problem is solved by M times to
produce a set of M possible solutions. The value of N and M
are chosen in a way that the number of scenarios is large enough
while yet maintaining the computability of the problems. When
the same solution is found in these problems, we can choose the
solution as the desired solution.

D. The Benchmark Case: Deterministic Offloading
Optimization

In the ideal case, when the actual charging efficiency and the
status of the non-dedicated edge servers are precisely known
ex-ante, all cells can choose the correct action, whether to
charge by the BSs or offload the tasks to the non-dedicated
or dedicated edge server. The correction action is not required
to perform and therefore, the total correction cost will be
zero. The optimization variables, are the elements of the set
EPIP = £5,, 84, 1k, fliz - The optimization problem can be
formulated by the DIP model [46], which is expressed as
follows:

min :
=DIP
) IDITEDIH LIRS ) SITTES 3wy it:
€L el i€l lel i€l kek i€l xeX
(42)

subject to: (13), (15)—(18), (20), (22),

Z&z@f Z Qi + Z%Mk + Zﬂm > Z Qjuw,

lel weW; kek reX weW;
Vi e, 43)
8t fhiks flizs € {0, 1}, Vie IVl e L,k €K, (44)

where (43) ensures that the cell chooses a computation method,
i.e., compute locally, offload to the non-dedicated edge servers,
offload to the dedicated edge servers or perform both actions
when the actual charging efficiency Bf and actual non-dedicated
edge servers computation status 7y are known. (44) indicates
that the variables are binary.
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Fig. 4. The scenario tree of a z-stage SIP.

V. CASE STUDY: CORRECTIVE EDGE OFFLOADING DECISION
MAKING OVER MULTIPLE STAGES

The two-stage SIP is applicable when the cell has to complete
its computation by the second stage. This means that the cell has
to offload to a dedicated edge server at the second stage as it is
unable to tolerate any uncertainty.

In contrast, we will study a special case whereby the
cells are not urgent to implement their correction actions.
For each stage after the first, the corrective action of re-
offloading to the non-dedicated or dedicated edge servers can
thus be performed. Specifically, the cheaper option of re-
offloading to non-dedicated edge servers is made available due
to the fact that the computation does not have to be com-
pleted by the second stage, and additional uncertainties can be
tolerated.

We use a z-stage (multi-stage) SIP to formulate the decision of
the cell in the z time steps. The uncertainty from (7) is added with
a z symbol to indicate the scenario in each stage. The modified
uncertainty in stage z is expressed as follows:

1,z 2,z 1,z
Fym o Fy Fy
1,z 2,z 1,z
. Fy™ Fy F,
Ay = . . . R (45)
1,z 2,z 1,z
LA Fy
where F;"* = (8,"°,7f,...,7%). The set of scenarios are rep-

resented by A* = {A{,...,A7,..., A} }. Since the uncertainty
of charging efficiency is only used in stage 2, we can drop
the 5,° from F,"* from stage 3 onward to reduce the num-
ber of parameters. As shown in Fig. 4, the z-stages are as
follows:

e First stage: In the first stage, the network makes the ex-
ante decision between i) full local computation, and ii)
partial local computation. This decision is made before the
scenarios are realized and observed. Note that the scenarios
refer to the combinations as described in Section III-A.

e Second stage: Inthe second stage, the scenarios are realized
and observed. In other words, each user now knows the
shortfall in computation. To account for this shortfall, the
user makes the ex-post decision to offload the remaining
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incomplete computation subtasks to the dedicated edge
servers or non-dedicated edge servers. Similarly, this de-
cision is made before the second stage computation status
of the non-dedicated edge servers can be realized.

® Third stage: In the third stage, the scenarios of the com-
putation status of the non-dedicated edge servers from the
second stage are realized and observed. If the computation
is not complete (e.g., occupied non-dedicated edge servers
in the second stage are used), the users are given an ad-
ditional opportunity to offload to other or dedicated edge
servers until the final stage z.

e z-stage: In the z-stage, the scenarios of the computation
status of the non-dedicated edge servers from (z — 1)-stage
are realized and observed. If the computation is not com-
plete, the users are given a final opportunity to offload
to other dedicated or non-dedicated edge servers, and the
users are penalized by a large penalty cost ¢.

In our problem formulation, the decision variables are as

follows:

o F‘Ei)()‘?) € {0,1} indicates whether the sub-task is of-
floaded to the non-dedicated edge server k by cell ¢ in
stage two and scenario A2. Specifically, ugk)( AZ)=1if
cell 7 offload 1 sub-task to the edge server k.

o ugz)(ki) € {0,1} indicates whether the sub-task is of-

floaded to the dedicated edge server x by cell ¢ in stage
two and scenario )»5. Specifically, /JE ﬁ)()ti) =1 if cell ¢
offload 1 sub-task to the edge server z.
o pr )()‘12;) € {0,1} indicates the implementation of the
penalty cost ¢ in stage 2. When zi\*" (A7) =1, cell i
performs re-offloading action in stage 2 with an additional

cost of ¢!’ and ﬂ(2’p)(kz) = 0 means otherwise.

. ,L_LE;) A2y ey y) € {0,1} indicates whether the sub-task
is re-offloaded to the dedicated edge server = by cell ¢ in

stage z.

o /‘EZ) (A2,...,A7) € {0,1} indicates whether the sub-task
is re-offloaded to the non-dedicated edge server k by cell ¢
in stage z.

o i) (A2,...,A7) € {0,1} indicates the implementation

of the penalty cost ¢!’ in stage z.
The objective function given in (46)—(49) is to minimize
the total cost of the network. The expressions in (46),
(47), (48) and (49) represent the first, second, third,

and =z stage objectives, respectively. [E {Q(Mm( ))}’

E[QuR 0233 - E[Qu 62,47 are the
expectations over scenario )t2 €A, ., Ay €A*. ¢ is an
additional large penalty cost that occurs in the final stage z
when the network still has to perform a corrective action.
The optimization variables, are the elements of the set =% =
S —(2 Z, z
{5il76ilvluik7M1L7M£k)()"2) l’[’gz)( ) (RS :U'E p)(}"?p o 7)"y)}
The SIP formulation can be expressed as follows:
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min:
=z

S5 (v + 2 (z et u)

i€l lel i€l kel zeX
+E [Q(u} (22)], @6

where

Q /J’zk

Y sy (zuﬁ?(@c

AN i€ \ kek

+3 Al (o

ADe+ P 02 + E Q) (6:2,33))] )

reX
47)
3
QP03 = 3 Py Y (Tedfod)
A3€A3 i€l kel
_(3 3,
+3 B (0203 + P (32,03)

zeX

+E [Q(ufy) (03, 23,24))] )

(48)
o2,z =3 PoY. (Z
A;eAz i€l kek
el (A2, 02+ ST 62, a0)e
xeX
a7 (4, .,x;w),
(49)
subject to: (11), (13), (15)=(18), (20), (22),
Z u(2) A2)y2(32) Z ﬂﬁi)
kek reX
> Z Qo — Z(sllﬁl Z (o770
weW; lel weW;
Vi € VAL € A?,
(50)

3
292 (02) + 1 (W2 03)E (2 3) + ..

> (uii)(

ke

+ R (2, >+Z(uw

zeX

)+ ity (15 05) +

Yy
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+ ﬂz(;) ()‘ia cee > Z Qi — Z 51,[/81 Z Qi
weW; lel weW;

Vi€ I,VA, € A®,... VA € A%, (51)
Do () + D aE (03) < AuPP (),
kel reX

Vi € VAL € A?, (52)
STuP o2, an)+ Y w02, 00
kel zeX

< AP (2,08,

VieI,VAfjeAQ,...,W;eAZ, (53)
ST ui(2) < Vk € IC,VA2 € A2, (54)
€L
STuPe2, ) <1,
i€l

VkeIC,VkieAZ,...,VA;eAZ, (55)
S a2 < Vo e X,V2 € A2, (56)
€L
o 00, k) <1
i€l
Vo € X,VA2 € A%, VA € A7, (57)

5Zl7/j£m)()"5)7 ce 7ﬂ§;)()“32/7 L)

Vie IVl € L,Vk € K,VAL € A?,...

ry) €{0,1},
VAL € A% (58)

(50) and (51) perform the same function as that of (11)
and (12). (52) and (53) are the same as (14) to ensure that
the penalty cost is paid when the cell requires to perform
re-offloading. (54)—(57) are the same as (17)—(19). (58) indi-
cates that the variables are binary variables. Similarly, when the
number of scenarios are large, Benders’ decomposition and SAA
are applicable in the multi-stage SIP.

To solve the SIP, we assume that the probability distribution
of all scenarios in set AZ2,..., A* are known [47], then, the
complexity of the problem increases exponentially when the
total number of scenarios across all the stages increases [47],
[48]. The optimization algorithm is processed on the user ter-
minal with their respective edge devices such as laptops and the
algorithm is repeated for every computing tasks. By comparing
the power usage for running optimization algorithm with the
amount of power used in computation, computation consumes
way more power. For example, a single V100 GPU can consume
between 250 and 300 W [49], while the optimization algo-
rithm consumes around 0.8 W (measured using open hardware
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TABLE II
SYSTEM SIMULATION PARAMETER VALUES [37]
Parameter Values
Phase shift of BS [, ¢; [0,27)
Gain of BS [, G 12dB
Output power of BS I, P? 10W
Cost of non-dedicated edge server ¢ $1000
Cost of dedicated edge server ¢ $2000
Penalty cost ¢ $500

140000{ -¥- Stagel
A~ Stage 2

1200001 —@- overall

100000

: ———0
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g 80000 P L .

60000 .///'</

40000 ¥

20000 R P L |
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The energy per sub-task p*

Fig. 5. The cost of the network by varying p®.

monitor). Therefore, the energy consumption for optimization
algorithm is negligible.

VI. PERFORMANCE EVALUATION

The extensive experiments are conducted with two hundred
edge servers, three cells, and three BSs. For the presented exper-
iments, we implement the SIP model using GAMS script [50],
[51]. The simulation parameters are presented in Table II. We
first present the illustrative example of two scenarios. This
enables us to understand the results when the parameters are
varied. Then, we present the stochastic resource optimization
when there are several (500) scenarios in more realistic network
settings. Finally, we present the resource optimization over
z-stages.

A. Illustrative Example of Two Scenarios

We vary ay,, randomly from 1 to 5 and set p® = 1. Then,
we consider two scenarios |A| = 2. The two scenarios are i)
the wireless power charging efficiency from all the BSs is not
efficient and the non-dedicated edge servers are fully occupied
by other service providers 11, i.e., Bli < 1, andii) all the wireless
power charging efficiency are efficient and the non-dedicated
edge servers are free Ao, i.e., Bf = 1. The probabilities of each
scenarios occurring are P(A1) = 0.3 and P(12) = 0.7. We first
use only scenarios A; and A5 to perform the sensitivity test to
evaluate the different parameters in a two-stage SIP.

1) Energy per Sub-Task p®: We vary the energy per sub-task
p® and Fig. 5 shows the cost breakdown of the network. Among
the three computation cost, ¢;;, ¢ and ¢, the local computation is
the cheapest. When p°® = 1, cells 1, 2, and 3 have sufficient en-
ergy to process most of the sub-tasks using three BSs. However,
as the energy per sub-task increases, all the cells have to offload
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some sub-tasks to the non-dedicated edge servers. Therefore,
the cost in stage 1 increases. The cost in stage 2 increases
because when more sub-tasks are offloaded to the non-dedicated
edge servers, more sub-tasks have to be re-offloaded whenever
A1 occurs (i.e., the corrective edge offloading has to occur).
Therefore, it is clear that all cells will use local computation
where possible, when it is not limited by the energy constraint
in (20).

2) Wireless Power Charging Efficiency 3}: We set p* = 0.5,
P(x1) = 0.8, P(A2) = 0.2, vary the wireless power charging
efficiency 3} and keep the rest of the parameters same as Sec-
tion VI-A1l. The simulation result is shown in Fig. 6. When the
wireless power charging efficiency is low (3} = 0) all the cells
except 3 will offload the sub-tasks to the edge servers, which
means that cells 1 and 2 perform zero local computation. The cost
is cheaper for cell 3 to perform the local computation first using
BS 1 and then perform the re-offloading action to the dedicated
edge servers when efficiency is low. As the efficiency increases,
more cells are willing to perform local computation in stage 1
and re-offload in stage 2 if the efficiency is low. Therefore, the
cost in stage 1 increases as efficiency increases, and the cost in
stage 2 decreases as efficiency increases.

3) Probability Sensitivity: Similar to the setup in Sec-
tion VI-A1, we observe the impact on the solution when varying
both the wireless power charging efficiency probability P (A1)
and offloading cost. The result is shown in Fig. 7. We observe
that the probability does not affect the decisions of all the cells
when the offloading cost is low. All the cells will offload to
the edge servers due to the cheap cost. As the offloading cost
increases, the cost differences between each probability become
larger. However, all the cells will still choose local computation
even if the probability of power charging efficiency is low as
the offloading cost is too high. The cells will perform local
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computation in the first stage and then offload the rest of the
sub-tasks to the edge server when the efficiency is low.

B. Stochastic Resource Optimization Under Several Scenarios

In the following, we consider when there are 500 scenarios.

1) Estimation of Number of Scenarios Required for SAA: We
perform the simulation using the SAA approach to find the mini-
mum number of scenarios required to best approximate the cost
of the network. The simulations are performed M = 2 times.
We first start the simulation by using 20 scenarios. The result
is shown in Fig. 8. The bar chart that is shown below the line
graph represents the computation speed in terms of seconds. The
cost approximation depends on the sampled scenarios. When the
number of scenarios are large enough, the approximated cost will
be closer to the actual cost of the network [45]. However, when
the number of scenarios increases, the complexity of the SAA
solution increases. Therefore the computation time increases.
In order to best approximate the network cost while balancing
the computation cost/time, we choose to use 30 scenarios for
the SAA approach unless otherwise stated for the rest of this
section.

2) Convergence of Benders’ Decomposition: Fig. 9 shows
the bound convergence obtained by solving the Benders’ decom-
position algorithm. In initialization (iteration 0), the upper bound
and the lower bounds are set at a very large positive and negative
value, i.e.,+10e10 and -10e-10, respectively. However, for better
visualization, we limit the upper bound and the lower bound of
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TABLE III
COMPUTATION SPEED OF SAA AND BENDERS’ DECOMPOSITION IN TERM OF
SECONDS
H l SAA l Benders’ decomposition (500 scenarios) H
20 Scenarios 141s
25 Scenarios | 227s 173s
30 Scenarios | 663s

the figure to 100,000 and 40,000 respectively, and we extend
the simulation by a few more iterations even if the algorithm
converges. In each iteration, the upper bound and the lower
bound are adjusted and they converge at the second iteration.
The Benders’ decomposition breaks down the two-stage SIP into
the master and sub-problem. We observe that the algorithm can
handle a large number of scenarios, i.e., 500, as the sub-problems
can be solved efficiently due to their smaller number of variables
and parallelization.

3) Extraction of Scenarios: We extract 30 scenario samples
from three different percentiles of the distribution, head (10th),
middle (50th) and tail (90th). The cost of the SAA is shown
in Fig. 10. We can observe that the costs are different when the
scenarios are extracted from different locations. This means that
the cost from SAA is dependent on the sampled scenarios. Using
the scenario generated from the middle portion of the distribution
can lead to a high cost. However, the differences between them
are not significant. The differences can be reduced when the
scenarios are well sampled, as shown in the last (Mixed) column.

4) Computation Time Comparison Between SAA and Ben-
ders’ Decomposition: We compare the computation time dif-
ference between SAA and Benders’ decomposition. The result
is shown in Table III. The computation time of the SAA tends
to increase as the number of scenarios increases. Compared to
the SAA, Benders’ decomposition can maintain a much lower
computation speed of 173 s while using a high number of
scenarios (500).

5) Comparing Different Schemes: We compare the Ben-
ders’ decomposition, SAA, DIP, expected-value formulation
(EVF) [52] scheme, as well as the random scheme. The EVF
uses the average value of the computation decision in stage 1
and solves an SAA with 30 scenarios. We use EVF as a fixed
scheme and compare the results by varying the offloading price.
For EVE, §;, ik and fi;, are fixed using the average values
of the computation decision from the historical records. The
DIP is the ideal but unrealistic case in which we assume that
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Fig. 11. Comparing between SIP scheme versus random scheme versus EVF
scheme versus DIP scheme.
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Fig. 12.  The network cost when varying the number of stages z.

the exact uncertainty of the wireless power charging efficiency
and computation uncertainty for non-dedicated edge servers is
exactly known. In a random scheme, the values of the decision
variables are randomly generated. As showninFig. 11, both EVF
and the random scheme derive the highest costs as they cannot
adapt to the change in the corrective edge offloading cost. EVF is
the highest when the costs are 0.9 x and 1 x. The random scheme
is the highest when the costs are 1.1x and 1.2x. SAA which is
an approximating solution, manage to achieve a relatively close
cost as compared with the Benders’ decomposition.

C. Resource Optimization Over z-Stages

Next, we will perform the simulation on z-stage SIP.

1) Number of Stages z: We first consider the case with two
computation scenarios |A*| = 2 for each of the SIP stages. The
two scenarios are i) the wireless power charging from all the BSs
is not efficient and some of the non-dedicated edge servers are
occupied by other service providers A7, e.g., i~ # ~1,and i) all
the wireless power charging are efficient and the non-dedicated
edge servers are free A3, e.g, 3/~ = ~1. The probabilities of un-
certainty are P(15) = 0.3 and P(13) = 0.7. We vary the value
of z from 2 to 5. Fig. 12 shows the cost breakdown, and the value
of the decision variables are indicated in Table IV. The number of
decision variables are large. Therefore, for illustration, Table IV
does not contain any decision variables that have a value of
zero. Then, we use the result from z = 3 to explain the findings.
In stage 1, Cells 2 and 3 choose BS 1 and 3, respectively,
to perform the local computation as the local computation is
cheaper than the offloading. While cell 2 chooses to offload to
the non-dedicated edge servers. When the efficiency of local
computation and the uncertainty in computation status of the
non-dedicated edge servers is low, cells 1, 2, and 3 will then
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re-offload the remaining sub-tasks to the non-dedicated edge
servers. Since P(Af) is low at each SIP stage, it is cheaper for
cells to re-offload the sub-tasks to non-dedicated edge servers
than to dedicated edge servers. The cells can perform the cor-
rection action only when it is needed by offloading the sub-tasks
to the non-dedicated edge servers.

2) Probability Sensitivity in z-Stage: We observe the impact
on the network by varying both the probabilities P(A7) and
P(23) and the number of stages z. The cost of the network is
shown in Fig. 13. If there is no uncertainty P(A}) = 0, when
z increases, the decision made by the cells remains the same.
When P(A}) increases, it means that the chances that the BS
is not efficient and some of the non-dedicated edge servers are
occupied by other service providers is high. Therefore, the cells
will compute all the tasks in the earlier stage, i.e., stage one to
avoid the high re-offloading cost.

3) Penalty Sensitivity: We consider a setup similar to Sec-
tion VI-C1. We observe the cost of the network by varying the
penalty cost of the re-offloading. The cost of the network is
shown in Fig. 14. When the penalty cost is 1x or 10X, all the
cells will still perform re-offloading as the correction actions.
However, all the cells change their decision when the penalty
cost is 100x as the correction action that happens at all the
stages is higher than using the dedicated edge server in stage
one.
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VII. CONCLUSION

In this paper, we have introduced a stochastic resource opti-
mization framework for the wireless powered hybrid coded edge
computing network. Given the uncertainties of wireless charging
efficiency and edge server availability, we have proposed a
stochastic integer programming approach for resource optimiza-
tion. As a result, we can obtain an optimal cost-minimizing
computation strategy despite the fact that the uncertainties are
only observed ex-post of making the computation decisions. For
our future work, we will further incorporate other sources of
uncertainties, such as malicious edge servers, into the problem
formulation. This will further introduce additional properties of
secure coded offloading into the problem formulation.
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