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Resource Allocation in Backscatter-Assisted
Wireless Powered MEC Networks with Limited
MEC Computation Capacity

Yinghui Ye, Liqin Shi, Xiaoli Chu, Senior Member, IEEE, Rose Qingyang Hu, Fellow, IEEE, and Guangyue Lu

Abstract—In this paper, we consider a backscatter-assisted
wireless powered mobile edge computing (MEC) network, where
multiple Internet-of-Things (IoT) nodes harvest energy from the
energy signals transmitted by a power beacon (PB) and utilize
the harvested energy for local computing and task offloading
via hybrid backscatter communication (BackCom) and active
transmission (AT). Considering the limited computation capacity
of the MEC server and the quality-of-service (QoS) and energy-
causality constraints per IoT node, we propose two resource
allocation schemes to maximize the total computation bits of
all the IoT nodes and the system computation energy efficien-
cy (EE), respectively, by jointly optimizing the computation
frequency and time of the MEC server and each IoT node,
the transmit power of the PB and each IoT node, and the
BackCom power reflection coefficient and the time for energy
harvesting (EH), BackCom, and AT of each IoT node. The non-
convex computation bits maximization problem is transformed
to a convex one by introducing a series of auxiliary variables
and proof by contradiction, and then solved by the existing
convex tools. The system computation EE maximization is a
non-convex nonlinear programming problem. We propose a two-
layer iterative algorithm to solve it optimally and devise a
reduced-complexity iterative algorithm to solve it sub-optimally
by leveraging the block coordinate decent technique. Computer
simulations validate the convergence of the proposed iterative
algorithms and their superior performance over the benchmark
schemes in terms of the computation bits or EE.

Index Terms—Backscatter communications, computation bits,
computation energy efficiency, energy harvesting, mobile edge
computing.

I. INTRODUCTION

HE Internet of Things (IoT) will play an important role
in future intelligent services. However, owing to the cost
limitation, IoT devices are usually energy- and computation-
constrained, making it very challenging for them to timely han-
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dle computation-intensive tasks [1]. To address this challenge,
wireless powered mobile edge computing (WPMEC), which
integrates wireless power transfer (WPT) [2] with mobile edge
computing (MEC) [3]-[5], has been proposed as a promising
solution. The key idea of WPMEC is to let IoT devices harvest
energy from radio frequency (RF) signals transmitted by a
dedicated energy source, e.g., a power beacon (PB), and then
utilize the harvested energy to support the local processing
and/or task offloading of tasks [1], [6].

Resource allocation schemes based on binary or partial
computation offloading have been proposed for WPMEC. In
binary computation offloading, an IoT node’s task is either
executed locally or completely offloaded to an MEC server
[3], while in partial computation offloading, a portion of the
IoT node’s task is offloaded to the MEC server and the
rest is computed locally [5]. In [6], the authors maximized
the computation success probability by jointly optimizing the
binary computation offloading decision, the user’s computation
frequency and the time allocation for energy harvesting (EH)
and task offloading under the energy-causality and delay
constraints. In [7], the total computation rate of all the users
in a multi-user WPMEC network was maximized by joint-
ly optimizing user’s binary computation offloading decision,
computation frequency and time allocation for EH and task
offloading. In [8], an online algorithm, which jointly selects
the binary computation offloading mode and adjusts the time
resource for WPT and task offloading according to the time-
varying channel, was proposed to maximize the weighted
sum-computation rate of all the IoT nodes in a multi-user
WPMEC network. Under partial computation offloading, the
weighted sum-computation bits of all the IoT nodes were
maximized and the PB’s energy consumption was minimized
respectively in [9] and [10], by jointly optimizing the PB’s
beamforming and the IoT nodes’ computation frequency, task
bits for offloading, and offloading time. In [11], the authors
maximized the computation energy efficiency (EE) of all the
IoT nodes in a WPMEC network by jointly optimizing the
transmit power of the PB and each IoT node, and each IoT
node’s computation frequency and time for task offloading and
EH. In [12], a resource allocation scheme was proposed for
cooperation-assisted WPMEC, where the IoT node close to the
AP servers as relay, to minimize the PB’s energy consumption
by jointly optimizing the time for EH and cooperative data
offloading, and the transmit power of each IoT node.

In the above works [6]-[12], the IoT nodes offload task
bits to the MEC server following the harvest-then-transmit



protocol via active transmission (AT), which enjoys a high
transmission rate for data offloading but at the cost of a
high power consumption [13]. Under the energy-causality
constraint, each IoT node has to be allocated with a long
period for harvesting sufficient energy to support AT, leaving
only a short period for AT offloading within each time block.
This will limit their task offloading performance. Different
from AT, backscatter communication (BackCom) allows an
IoT node to modulate and reflect the incident signals by
adjusting the antenna load impedance instead of generating RF
signals by itself [14]. Such an approach avoids the use of active
components, resulting in a much lower power consumption as
well as a lower offloading rate than AT. Accordingly, AT and
BackCom have different tradeoffs' between data transmission
and power consumption [15], [16], which can be exploited
to achieve efficient task offloading in WPMEC. Driven by
this, hybrid BackCom-AT has been employed for computation
offloading in WPMEC [17].

Hybrid BackCom-AT offloading brings new challenges in
resource allocation as AT offloading and BackCom offloading
share the same pool of resources within each time block and
the optimization of resource allocation needs to consider the
tradeoff between them. In [18], under a complete offloading
strategy that offloads all task bits of an IoT node to the MEC
server, the authors minimized the energy consumption of the
PB by jointly optimizing the IoT nodes’ transmit power for
AT, and their time for BackCom offloading and AT offloading.
Under partial computation offloading, the total computation
bits of all the IoT nodes were maximized by jointly optimizing
the BackCom power reflection coefficient, transmit power for
AT, BackCom and AT offloading time, local computation
frequency and computation time of each IoT node [19]. Under
the same setting as in [19], a max-min computation EE
problem and a computation EE maximization problem were
studied in [20] and [21], respectively. In [22], to minimize the
total delay for tasks offloading and computing of all the IoT
nodes, the authors jointly optimized the transmission time of
the PB, and each IoT node’s transmit power for AT, and their
portions of task bits for BackCom offloading, AT offloading
and local computing.

We note that the MEC server’s energy consumption and
computation time and practically limited computation capacity
have not been considered in the existing works on hybrid
BackCom-AT WPMEC networks [18]-[22]. However, the
computation time of the MEC server may not be negligible
for ultra-delay-sensitive applications [5]. Besides, assuming a
sufficiently high computation frequency of the MEC server,
thus ignoring its computation time, makes it impossible to
determine the computation energy consumption of the MEC
server, which however should be considered when design-
ing energy efficient resource allocation schemes for MEC
networks [5], [23]. Please note that considering the limited
computation capacity for the MEC server introduces additional
variables, e.g., the MEC server’s computation frequency and
time, which are potentially coupled in the optimization of

I The offloading rate of AT is higher than that of BackCom, but the energy
consumption of BackCom is much lower than that of AT [15].

resource, thus, bringing new challenges in resource allocation.

In this paper, we design two resource allocation schemes
for a hybrid BackCom-AT WPMEC network, where a PB
and an MEC server are deployed close to multiple IoT nodes
to provide them with energy and computational services on
demand, in order to maximize the total computation bits of all
the IoT nodes and the system computation EE, respectively,
while considering the MEC server’s energy consumption and
computation time and capacity. The main contributions are
summarized as follows.

o Considering the computation resource allocation at the
MEC server and partial computation offloading at each
IoT node, we maximize the sum computation bits of all
the 10T nodes by jointly optimizing the transmit power
of the PB, the MEC server’s computation frequency and
time, and each IoT node’s local computation frequency
and time, EH time, BackCom time, AT time, BackCom
power reflection coefficient and AT transmit power, sub-
ject to the quality-of-service (QoS) and other necessary
constraints. This joint optimization is formulated into a
non-convex problem. By using the proof by contradiction
and introducing a series of auxiliary variables, the original
problem is transformed into a convex one and is then
solved by the convex tools.

o The system computation EE is defined as the ratio of
the total computation bits of all the IoT nodes to the
total energy consumption of the PB, MEC server and all
the IoT nodes in the system. The system computation
EE maximization problem is a non-convex fractional
programming problem of the same optimization variables
as in the sum computation bits maximization problem.
To solve it, based on the Dinkelbach’s method and the
bisection method, we first propose a two-layer itera-
tive algorithm to obtain the optimal resource alloca-
tion scheme. By leveraging the block coordinate decent
(BCD) technique, we decompose the original problem
into two subproblems, i.e., 1) given the transmit power
of the PB, jointly optimizing all the other optimization
variables, and 2) optimizing the transmit power of the PB
while all the other variables are given. We further develop
a reduced-complexity iterative algorithm to a suboptimal
resource allocation.

¢ Our analytical and numerical results show that under the
limited computation capacity of the MEC server, each IoT
node should always perform local computing throughout
each time block in order to achieve the maximum total
computation bits or system computation EE; the total
computation bits are maximized when the MEC server
always uses the maximum allowed computing frequency
to complete their computing tasks; the system computa-
tion EE maximization is maximized when the available
time in each time block is used up for BackCom/AT
offloading, tasks computing at the IoT node and the
MEC server, while the computing frequency of the MEC
server is jointly optimized with its computing time and
the offloaded task bits; the proposed total computation
bits/EE maximization schemes outperform the bench-



mark schemes in terms of computation bits/EE and the
proposed reduced-complexity iterative algorithm achieves
the suboptimal performance.

The rest of the paper is organized as follows. In Section II,
we introduce the system model and analyze the working flow.
Section III studies the computation bits maximization problem.
In Section IV, the system computation EE maximization
problem is studied and two iterative algorithms are developed
to obtain the optimal and suboptimal solutions, respectively.
Simulation results and the conclusion are given in Sections V
and VI, respectively.

In the existing works on backscatter-assisted wireless pow-
ered networks, the sum throughput [16], [24] and the EE [25],
[26] have been maximized by optimizing the allocation of
communication resources between the BackCom and AT under
the energy-causality constraint of each IoT node. Our work is
different in that we consider not only the tradeoff between the
BackCom and AT for task offloading, but also that between
the different computation capacities of the IoT nodes and the
MEC server.

II. SYSTEM MODEL AND WORKING FLOW

As shown in Fig. 1, we consider a hybrid BackCom-AT
WPMEC network that consists of one PB, K IoT nodes and
one MEC server. Each node is equipped with a single antenna
and works in the half-duplex mode. The K IoT nodes harvest
energy from the RF signals emitted by the PB and use the
harvested energy to offload their tasks to the MEC server as
well as compute tasks locally. In order to avoid consuming
the battery power and thereby to prolong the operation time
of each IoT node, the energy consumed at each IoT node for
computing and offloading their tasks is assumed to be less
than or equal to its harvested energy in each time block 7.
Following [19]-[22], we assume that the bits of each task are
bit-wise independent so that the partial offloading scheme can
be applied at each IoT node. Each IoT node is equipped with
separate circuits for backscattering, AT, EH, and computing,
respectively, and thus can perform local computation when
offloading tasks or harvesting energy. A quasi-static fading
channel model is assumed, that is, all the channels remain
static within one time block but may vary across adjacent time
blocks. We also assume that perfect channel state information
(CSI) is available at the MEC server for obtaining the perfor-
mance bound. The MEC server can obtain the CSI of all links
at the beginning of each transmission block by using channel
estimation methods such as the least-square estimation [27],
and exploiting the channel reciprocity, as detailed in Section
II-E of [28].

Each time block T is divided into five phases, which are
the EH phase, the BackCom phase, the AT phase, the task
execution phase, and the downloading phase. In the EH phase,
the PB broadcasts energy signals and each IoT node harvests
energy from the received signals. In the BackCom phase and
the AT phase, the K IoT nodes offload parts of their tasks
to the MEC server following the time division multiple access
(TDMA) protocol. Specifically, in the BackCom phase, the PB
keeps broadcasting energy signals and the K IoT nodes take
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Fig. 1. Hybrid BackCom-AT WPMEC and its frame structure.

turns to offload task bits by modulating and backscattering
the energy signals to the MEC server. In the AT phase, the
PB keeps silent? [18]-[22] and the K IoT nodes take turns
to transmit task bits to the MEC server using the harvested
energy. In the task execution phase, the PB and all the
IoT nodes keep silent, while the MEC server executes all
the received computation tasks. The MEC server sends the
computation results to the IoT nodes in the downloading
phase. In this work, we consider the scenarios where the
computation result bits are much less than the task bits,
e.g., automatic manufacturing systems. Thus, the downloading
phase is significantly shorter than the other four phases, and
is ignored hereafter for simplicity.

A. EH Phase

Let t. denote the duration of the EH phase and P; denote
the transmit power of the PB, where 0 < P; < P ax and Pyax
is the maximum allowed transmission power at the PB. Then,
the harvested energy of the k-th (k € K = {1,2,..., K}) IoT
node during the EH phase can be computed as E,}g = tenPigr,
where g, is the channel power gain between the k-th IoT node
and the PB, n (0 < n < 1) denotes the energy conversion
efficiency?.

B. BackCom Phase

The BackCom phase is divided into K sub-phases. In the
k-th sub-phase of duration t%, the k-th IoT node offloads its
task bits to the MEC server via BackCom while the others
perform EH. The task bits offloaded by the k-th IoT node via
BackCom are given by

(1)

Pigih
RY = t?Blog, (1 + gpktgkk) 7

Bo?

ZPlease note that our work can be extended to the scenario where the PB
continues to broadcast energy signal in the AT phase, in which case, the
IoT nodes can harvest more energy in each time block but the PB consumes
more energy and the MEC server needs to remove the PB energy signal as
interference.

3For analytical tractability, this paper considers the linear EH model. Please
note that this work can be extended to the scenarios with a non-linear EH
model by using the approach adopted in [15] or [29].



where B is the channel bandwidth, p; (0 < pi < 1) denotes
the power reflection coefficient of the k-th IoT node, hyg
represents the channel power gain between the k-th IoT node
and the MEC server, o2 is the noise power spectral density,
and ¢ denotes the performance gap* between the BackCom
capacity and the Shannon capacity.

From (1), we can see that the portion py, P gy, of the received
power is used for backscattering the k-th IoT node’s task bits
to the MEC server; while the rest of the received power, (1 —
pk)P.gk, is flowed into the EH circuit. During the sub-phase
tﬁ, the harvested energy of the k-th IoT node and the i-th
(i € K\k) IoT node can be, respectively, computed as

Ep = tpn (1 — pr) Pugs, )
Ey; = tpnP.gi. 3)

Accordingly, at the end of the BackCom phase, the total
harvested energy of the k-th IoT node is determined by

b
=B+ ER+Y o B

_ b b

= NPk (tc + Zie&#k ti) +nPegrty (1 — pr)
K

= nptgk (te + Zi:l

The energy consumption of the k-th IoT node for Back-
Com is given by P.t?, where P. denotes the circuit power
consumption for BackCom [19]-[21].

total
Ek

t}?) — NPgrpth. 4)

C. AT Phase

The AT phase is also divided into K subphases. In the k-th
subphase of duration t¢, the k-th IoT node transmits its task
bits to the MEC server. Letting p; denote the transmit power
of the k-th IoT node, the task bits offloaded by the k-th IoT
node during t7 can be calculated as

khk> ' )

B

% =t Blog, (1 +

Note that the value of pj is limited by the total energy
harvested by the k-th IoT node during the EH and BackCom
phases minus the energy consumed for offloading and local
computing so far.

The energy consumption of the k-th IoT node for offloading
via AT can be calculated as (py, + p.) t3, where p. denotes the
constant circuit power consumption for AT.

“During ti, the received signal at the MEC server is given by
\/katgkhkmexZ + VPogrrze + n, where xe, zz and n are the energy
signal transmitted by the PB, the offloaded data via BackCom and the additive
Gaussian noise at the MEC server, respectively. Assuming that the signal
received from the PB, \/PogrRre, is removed by performing successive
interference cancellation, as the PB’s energy signal can be predefined and
known by the MEC server [13]. The remaining signal for decoding xz can
be written as \/katgkhkxewZ + n. The Shannon capacity is for Gaussian
inputs, but for BackCom, the multiplicative signal mexz does not necessarily
follow the Gaussian distribution and thus a performance gap exists between
the Shannon and BackCom capacities. In this work, we use £ (0 < £ < 0)
to represent this performance gap following [15], [16], [19].

At the end of the AT phase, the total task bits offloaded by
all the IoT nodes are given as

-3
—Z< t? Blo 2<

(Rp + RY)

§Pkptgkhk a khk
T B2 +t7 Blog, [ 1+ Bo? .(6)

D. Task Execution Phase

After successfully receiving the task bits offloaded by the
IoT nodes, the MEC server starts to execute the received tasks.

Let f, (in Hz unit) and ¢, (in s unit) denote the computa-
tion frequency and time of the MEC server, respectively. The
MEC server’s computation capacity can be computed as

tC fm
R Coon’ )

where Ccpy represents the number of CPU cycles required for
computing one bit at the MEC server.

The number of task bits computed by the MEC server is
determined by the minimum between the received task bits
and the computation capacity of the MEC server, i.e.,

Ry =min{RS,,,, Rm}

K Pigrh
—min{ 37 (1o, (1 L)

pkhk tcfm
2Bl 1 .
+1 ogg( + BJQ>), } ®)

Cchu
Letting €,,, denote the effective capacitance coefficient of the
processor chip at the MEC server, the energy consumption of
the MEC server for task executing is given by [30]

ES = enf3te. 9)

E. Local Computation

At any time during a time block, each IoT node can compute
its own tasks locally. Letting fx (in Hz unit) and 73 (in s unit)
denote the computation frequency and time of the k-th IoT
node, respectively, the task bits computed locally by the k-th
IoT node are given by

o Tifr

= ) (10)
4§ C(cpu,k

where C¢py i denotes the number of CPU cycles required for
computing one bit at the k-th IoT node.

The consumed energy for local computation at the k-th IoT
node is given by

Y

e 3
Ek = Ek}fkav

where ¢ is the effective capacitance coefficient of the pro-
cessor chip at the k-th IoT node. Note that the values of E7
and 7 are limited by the harvested energy minus the energy
consumed for offloading by the k-th IoT node.



III. COMPUTATION BITS MAXIMIZATION

In this section, we design an optimal resource allocation
scheme to maximize the total computation bits for the hybrid
BackCom-AT WPMEC network by jointly optimizing the
transmit power of the PB P, the EH time t., the MEC
server’s computation frequency f;, and time t., and the IoT
nodes’ BackCom time vector t* = [t},...,t% ], AT time

vector t* = [t§,...,t%], power reflection coefficient vector
p = [p1,...,pK], transmit power vector p = [p1,...,PK],
local computation frequency vector f = [f1,..., fx] and
time vector T = [1y,...,7k]. Specifically, we formulate a

computation bits maximization problem subject to the QoS,
energy causality, latency, computational budget and transmit
power constraints. Then, we transform the formulated problem
into a convex one and obtain the optimal solution using the
existing convex optimization tools.

A. Problem Formulation

The total computation bits include the task bits computed
by both the MEC server and the IoT nodes, and are given by

K
Rtotal (Pt7teatb7taa PP, f7TatC7 fIIl) = an + ZRZ7 (12)
k=1

where t* = [¢t7, ... %], t* = [¢3,.. .. t%], p = [p1,.. .. PK)s
p= [pla"'vpK]’f: [f17~~~7fK] and T = [Tla"'vTK]'The
maximization of the total computation bits should consider the
following constraints.

1) QoS Constraint: Letting Ly, and B (0 < B < 1),
Vk € K, denote the minimum required task bits and the portion
of task bits offloaded to the MEC server for the k-th IoT node,
respectively, the following three inequalities should be satisfied
for each IoT node to guarantee that the minimum required task
bits of each IoT node are computed successfully,

RE + RZ > BkLmin,ky\v/kv (13)
K

>, BrLminge < Run, (14)

RZ Z (1 *6k)Lmin,k’aVk7 (15)

where (13) and (14) jointly ensure that at least 8 Liin i task
bits are offloaded to and computed successfully by the MEC
server, while (15) ensures that at least (1 — Sx) Lmin,x task
bits are computed successfully at the k-th IoT node.

2) Energy-Causality Constraint: To ensure that the con-
sumed energy of each IoT node for offloading and computing
is less than its harvested energy within each time block, the
energy-causality constraint is expressed as

Pt + (pr +pe) B +enfime < B k. (16)

Based on (12)-(16), the computation bits maximization
problem can be formulated as

Py : a R P, to, tP, t? fr.t
0 Pt,te,tb,tagl,p),(f,r,tc,f[fffaal( bote 87, 6% 0,0, 6, 7 e, fn)
s.t. C1: (13) — (15),

C2: (16),

C3:0 < fm < fmaxao < fk < f]?laxv \V/k,

Chditot+ Sop, (12 +13) +te < Tto, th, 12,1 > 0,k,
C5:0< 71, <T, VEk,

C6:0 < P, < Poas, pi > 0, VE,

C7:0<pr <1,Vk,

C8:0< Bk <1,Vk,

where 8 = [f1,..., k], and f"* and fax are the max-
imum computing frequencies for the k-th IoT node and the
MEC server, respectively.

In Py, C1 is the QoS constraint, C2 is the energy-causality
constraint. C3 constrains the maximum computing frequencies
at the MEC server and IoT nodes, C4 and C5 are the
latency constraints, which ensure that all the task bits should
be executed within 7, C6 and C7 are the constraints on
the transmit power of the PB and the IoT nodes and the
power reflection coefficient of each IoT node, respectively,
and C8 constrains the portion of task bits offloaded to the
MEC server for each IoT node. The transmit power and
computation capacity constraints together with the minimum
QoS requirement L,,;, , may cause an infeasibility issue, i.e.,
it may be impossible to find a solution to the formulated total
computation bits maximization problem (as well as the system
computation EE maximization problem in Section IV) under
certain values of those constraints and Liyiy 5. It is reasonable
to assume that the probability of an infeasibility event is very
low for practical settings of the maximum PB transmit power
Prax or the maximum computing frequencies of the IoT nodes
and the MEC server.

It is observed that Py is a typical non-convex optimization
problem since there are coupling relationships among several
optimization variables (i.e., P, t., px and t};’, fr and 7%, fm
and t., etc.) in the objective function and constraints. We note
that directly introducing auxiliary variables into Py may not
decouple all the coupling optimization variables. Because there
will always be at least one non-convex constraint remaining. In
order to solve Py, we first derive the closed-form expressions
for parts of the optimal solutions and then transform Pg into
a convex one by introducing auxiliary variables.

B. Solution

In order to remove the min function in the objective, we
introduce a slack variable A and let A\ = min{R%,, Rm}.
Accordingly, the optimization problem P can be reformulated
as

. K pe
Pa: Postort 0 prp it e fon B At 2 i
s.t. C1 — C8,
Cg : RSUII] Z >\7
Cl10: Ry > M.

As for P4, we provide the following proposition to deter-
mine the optimal transmit power of the PB P, the optimal



computation frequency of the MEC server f; and the optimal
computing time of the k-th IoT node 7.

Proposition 1: For the considered network, the maximum
total computation bits are achieved when the PB transmits
energy signals with the maximum transmit power, the MEC
server executes all the received tasks with its maximum
computation frequency and each IoT node performs local
computation throughout a time block, namely P = Puax,
fo = fmax and 75 =T

Proof. Please see Appendix A. |
Substituting P; = Pax, fm = fmax and 7, = T into Py,
we have
P, : max M i

te,tP,t2,p,p,f,tc, 8,2
s.t.C1" :t? Blog, (1 + M) + R} > BiLimin,k, Yk,

tefmax
Zk 1 5kLm1n k> < Cc{pi y
_fT

Cepu,k — (1 - 5k) mm,k,Vk,

C2': Pet} + (pr + pe) t; +akf,§‘
< Poaxgi (te + XIS 17)
C3':0 < fio < fi2™, VE,
C4,C7,C8,
D Sy (tEBlogQ (1 - 75’”“’);;’;“”) - Rg) > A,
CLO’ : fmex >

- tznpkpmaxgka Vkv

It can be observed that P is still non-convex due to the non-
convex constraints, C1’, C2’ and C9’, which contain coupled
variables, e.g., tE and pj. To overcome the non-convexity, we
introduce the auxiliary variables, x; = pkt}z and y, = t3pk,
and use ‘f{; and Y% to replace p and py, respectively. Thus,

k
P; is equlvalently transformed into P3, as follows,
Ps: max

to P 49 %3 e, BoA A+ Zk:l Ci’;uTk
5.£.C1” : t Blog, (1 + %%:gm)
+t2 Blog, (1 + gk;g) > By Lunin.k, VE,
Zk 1 Bkme E< tg"nx,

cpu

L > (1 - Bk) mln,kaVkv

cpu,k T .
Pt} + yk + peti + en [T
< anaxgk (te + Efil t?) — N2k Pmaxgr, Vk,
C3’,(C4,C8,C10/,
CT':0 <z <t?,y,>0,Vk,

co’: YR, (t',gBlogQ (14 Szefiummguhs )

c2”

+4Blog, (1+ #5 ) ) >\,

where x = [21,...,2x] and y = [y1,...,YK].

Proposition 2: P35 is convex and can be efficiently solved
by using the convex optimization tool, e.g., CVX.

Proof. Please see Appendix B. |

IV. SYSTEM COMPUTATION EE MAXIMIZATION

In this section, we maximize the system computation EE
maximization for the hybrid BackCom-AT WPMEC system

under the QoS, energy causality, latency, computational budget
and transmit power constraints, by jointly optimizing the same
variables as of the computation bits maximization problem
Po. The formulated joint optimization problem is highly
non-convex and difficult to solve. We devise two iterative
algorithms to solve it optimally and sub-optimally (with a
reduced complexity), respectively.

A. Problem Formulation

Following [31], [32], the system computation EE for the
considered network is defined as the ratio of the total compu-
tation bits of all the IoT nodes to the total energy consumption
of the PB, MEC server and all the IoT nodes in the system. The
total consumed energy consists of three parts: the consumed
energy of the PB for wireless energy transfer, the energy
consumption of all the IoT nodes for task offloading and
computing, and the energy consumed at the MEC server.
Accordingly, the total energy consumption can be computed
as

K
Etotal = (Pt + Psc) (te + Zk:l
Part 1

P tk + (pr +pe) ty + 5kfk7k)

K
b total e
tk) -y B+ B

Part 3

.

a7

Part 2

where P,. denotes the constant circuit power consumption at
the PB.
The computation EE of the system is given by

Rtot al

ds (Pt7t67tb7ta7p7p>f7T7tc7fm) = (18)

Etotal

Based on (18) and the QoS and energy-causality constraints
in (13)-(16), the system computation EE maximization prob-
lem can be formulated as

P4 : max ds (Ptatevt tdapapvf T tC?fm)
Pyyte,t?t2,0,p.f,7 e, fm,B

s.t. C1 — C8.

Similar to Py, P4 is also highly non-convex and difficult
to solve due to multiple coupled optimization variables in
both the objective function and constraints, which can not be
tackled by means of variable substitution. Besides, P4 is more
complicated than P; since the objective function of Py is a
ratio of two functions. The following section is devoted to
solving Py.

B. Solution and Iterative Algorithms

We provide the following proposition to determine the
optimal computation time of each IoT node, as part of the
optimal solution to P.

Proposition 3: In order to achieve the maximum compu-
tation EE for the considered system, each IoT node performs
local computation throughout a time block, i.e., 7 = T.

Proof. Proposition 3 can be proven by using contradiction
and the detailed process is similar to Appendix A. Thus, the
proof is omitted here for brevity. ]



By substituting 7, = T into P4, we have

Ps: max P, te, t t* p,p.£. T, te, fim
5 Pt,tc,tb,ta,p,p,f,tc,fm,ﬁqs( t) le PP o /i )

s.£.C11 1 (13), (14), 25 > (1 = Bk) Lunin i, VE,
C2: Pot? + (p + pe) & + e fiT

< nPig (t + Zl 1 Z) — t*npr Pogi, Vk,
C3,C4,C6 — C8.

We can see that Pj is still non-convex mainly because P,
is coupled with py, t? and t.. In the following, we first solve
P; for given P;.

1) Solving Ps5 for given P,: To remove the min function in
(8) from the objective function of P5, we introduce the slack
variable A = min {R2,,, Ri, } into P35 and have

sum?

T
MR, cfk

cpu,k

P : max
B te,tP,t2.p,p,F te, fm B\ Eiotal (P te,t?,t2,p,p,f, T,tc, fm)

s.t. C1T,C27, C3,C4, C7 — C10.

Next, we use the following lemma from the Dinkelbach’s
method to transform the objective function of Pg from a
fractional form into a subtractive form.

Lemma 1. The optimal solution to Pg is achieved if and
only if the following equation holds.

K T
max Y KT
te,tP,6%,0,p,F e fin BN k=1 Cepu,k
b ST
_q+Etotal(Pt7tevt 7td7p7p7f7T7tc7fm):)‘++ZOk7
1 cpu,k

— ¢ Brotal (P, t5, " 67T, pt pt £, T8, £1)=0,(19)

where ¢t denotes the maximum objective function value of
Ps and the superscript 4 indicates the optimal solution to
Pgs. The proof of Lemma 1 can be readily obtained based on
the generalized fractional programming theory [33] and the
detailed proof is omitted here for brevity.

Based on Lemma 1, we propose a Dinkelbach-based iter-
ative algorithm to solve Pg as summarized in Algorithm 1.
Denoting the given value of the system computation EE by g,
in each iteration of Algorithm 1, the following problem P
is solved for the given ¢ and the obtained optimal solution is
used to update the value of ¢, which is used as the given ¢
for the next iteration until the value of ¢ converges.

P7:

fxT
te,tb.t‘ max >\ + Zk 1 Ccpu,k

p:p:fite, fmsB;A
_thotal (Pt7 tevtbv taa PP, f7 Ta tca fm)
s.t. C1T, C2f, C3,C4, C7 — C10.

Note that P is still a non-convex optimization problem due
to the existence of coupling relationships between multiple
variables, i.e., p; and tz, etc. In order to tackle Py, we

Algorithm 1 Dinkelbach-based Iterative Algorithm for Pg

1: Set the maximum error tolerance ¢;
2: Set the iteration index [ = 1 and g = 0;

3: repeat

4. Solve Pg with a given ¢, and ob-
tain the optimal solution denoted by
(10,450 §30 p0 pO £0 40 10 201

5. Compute the computatlon EE of the system as ¢® =

S er
A+, Cepuk

Eiotal (Pustd tP0 420,00 pO £0,T & 7fm)
6: if |¢® —q| < e then

Set g7 = g, Flag = 1 and the obtained solution is
the optimal solution to Pg;

8: else

9: Setq:qQ,Flag:Oandl:l—&-l;

10: end if

11: until Flag = 1.

introduce the auxiliary variables xg, yx, @ = fmtc and
© = f3t. into P7 and transform it into
fxT
max )\+Zk | T

. K b)
— t .t
g X AL q((e+zk1k

X (Pt + PSC — 77Pt Zk:l gk) + 77Pt Zf:l Trgk + Emp
+Z£JR¢+%+%%+%ﬁﬂ>
s.t. C17T thlog2 (1 + m)

tb Bo2
+thlog2 (1 + t?ikB kz) > BkLminJmV]@

Zk 1ﬁkLm1nk < Ciu
AT > (1 - ﬂk) mm,kaVkv

C(‘pu k=

Potl + yi + poti + e fiT
< nPigs (te + Zfil t?) — nrrPige, vk,
C3h0<p<of2,,0< fi < fma" vk,

Cat st + 30 (R + ) ,/ < T te, t2, 12 > 0, VE,
Cﬂ0<xk<m7%>0VkCS

Cot . Zk:l <th10g2 (1 + %%ﬁlc)
Yrhk

—|—taBlog2 (1 + tz&z)) >\,

> A,
where fn, = \/% and t. = \/%.

It is easy to prove that Pg is convex and can be solved by
using existing convex methods (e.g., interior point method,
Lagrange duality, etc.) efficiently. The proof is similar to
Appendix B and is omitted here for brevity.

In order to gain more insights into the optimal solutions,
we use the Lagrange duality method to solve Pg and obtain
the following proposition.

Proposition 4: The system computation EE is maximized
when the MEC server uses the maximum allowable time_for
task computing, i.e., t7 =T — (t:f e (4 tZ*)).

Proof. Please see Appendix C.

caft .
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Algorithm 2 Bisection-based Iterative Algorithm for P,

Algorithm 3 Two-layer Iterative Algorithm for P5

1: Initialize the maximum tolerance «;

2: Set Piow = 0, Pyp = Prax;

3: repeat

4: Set Py, = (Piow + Pup)/2;

5:  Solve (20) with a given P, and obtain A;
6: if A is an nonempty set then

7: Set Py, = Fi;

8: else

9: Set Pow = P;;

10:  end if

—
—_

until P, — Pow < €
‘e o Pup+Piow
Pin is given by —2o—>,

»

2) Optimal solution to Py: After Pg is solved in its feasible
range [Prin, Pmax) Via Algorithm 1, the optimal solution to P
can be obtained by identifying the Pg solution that returns the
largest objective function value of P5 among all the solutions
obtained by Algorithm 1 together with the corresponding value
of P,. This indicates that limiting the search scope of P;
can reduce the complexity of solving P5. Due to the energy-
causality and QoS constraints in (13)-(16), there exists a lower
bound of P;, denoted by P, which can be determined by
minimizing P, while satisfying all the constraints of P5. The
obtained P, can be used to limit the search scope of P;. Let
[Puin, Pmax| denote the range of P; that makes P feasible,
and P, can be obtained by solving

Py: min P,
P te,tPt2,p.p.f tc, fm.B

s.t.C1t, ¢2tt C3f, Cc4f, C6, C7T, C8.

Py is a non-convex problem due to the non-convex constraints
C1' and €211, where each IoT node has unique p;, and tP but
they share the same P;. Fortunately, we find that the objective
function of Pg is a monotonous function of P, and when P,
is fixed, Pg reduces to

ﬁnd A = {teatb7taa p7 p7 f7tC7 flnaIB}

s.t.C1TT 2t O3t cat, 07t s, (20)

which is convex and can be solved using the existing convex
tools. Based on (20), the minimum F; that satisfies all the
constraints of Py can be obtained by the bisection method.
Hence, we propose a bisection-based iterative algorithm in
Algorithm 2 to search for P,,;,. For a certain error tolerance e,
the bisection method in Algorithm 2 is guaranteed to converge.

Based on Algorithm 1 and Algorithm 2, a two-layer iterative
algorithm is devised in Algorithm 3 to obtain the optimal
solution to P5. In the outer loop (lines 7, 9 and 10), the
value of P; increases by a sufficiently small step size ¢y from
Poin to Phax and Pj’s objective function values obtained
from the current and previous runs of the inner loop are
compared to identify the largest objective function value (and
the corresponding solution to Pg and P; value); while in the
inner loop (line 8), the optimal solution of Pg for a given FP;
is obtained.

Remark 1: 1t is worth noting that our proposed two-layer
iterative algorithm in Algorithm 3 can serve the following

1: Initialize a sufficiently small step size €g;
2: Obtain P,,;, by using Algorithm 2;
3: Set P, = Puin;
4: Solve Pg with a given P, via Algorithm 1;
5: Compute the computation EE of the system g
and obtain the corresponding solution, denoted by
{Pt,tz,tb*7ta*,p*,p*,f*,tz, 1;7)\*};
6: repeat
Set P, = P, + €o;
Solve P with a given P; to obtain the system com-
putation EE ¢™ and the corresponding solution using
Algorithm 1;
9. Ifgt >q*
10:  Set ¢* = g™ and update the optimal solution;
11:  End
12: until P, > Py

two purposes. Firstly, compared with the exhaustive search
method, Algorithm 3 enjoys a much lower complexity while
achieving the optimal resource allocation because the optimal
local computation time of each IoT node has been analytically
derived and Algorithm 2 narrows the searching range for P;
by identifying its lower bound P,,;,. Secondly, in addition to
the considered hybrid BackCom-AT and partial computation
offloading, Algorithm 3 can also be used to achieve the optimal
resource allocation under the complete offloading mode (i.e.,
all the IoT nodes offload all their task bits to the MEC server
via hybrid BackCom-AT) or the pure BackCom mode, (i.e.,
all the IoT nodes only use BackCom to offload their task bits)
by letting fi, = 0,Vk or p;, = 0,5, = 0, VE, respectively.

Note that in the fully local computing mode or the pure
AT mode where all the IoT nodes perform local computing
only or only use AT to offload their task bits, respectively, the
proposed Dinkelbach-based iterative algorithm in Algorithm
1 can be applicable by letting making a few variable substi-
tutions because in these two modes, P; is only coupled with
te.

3) A reduced-complexity iterative algorithm for solving Pg:
The computational complexity of Algorithm 3 may be high
for some special cases, e.g., the case with a large value of
Prax — Pmin, because the number of feasible values of P
and thus the times of calling Algorithm 1 can be vary large.
Instead, we devise a suboptimal, reduced-complexity iterative
algorithm to solve P via BCD.

When P; is fixed, P5 reduces to Pg and Algorithm 1 can
be used to achieve the optimal solution to Pg, which can be
solved optimally by Algorithm 1.

When all the other optimization variables except for P, are
given, P5 reduces to

Inin{zkl,;l (tE Blog, (14+-Cy Py )+R3} ) ,Rm}-&-Do
Py Ao+Bo

P10 o Imax

Py
s.t.C1T, C21, C6,

where Ap = te + ZkK:1 ’5113
K K
U (gk (tc +> i t?) - t'ﬁpkgk), By =



S (Pt A+ (pr +pe) 8 +enfim)  + ES +
Py, (tc + Zi{zl tz)’ Cr = % and Do = Zli(:l an

Combining C1t,C2" and C6, we can obtain the range of
P, as P, < P, < Pax, Where

B Lmin,k _Rz
b
tb B -1

Ch ’
Pt + (p + pe) ts + e f2T Vk}
N9k (t +Zz 1 z) _tznpkgk

In order to handle the min function in the objective function
of Py, we consider the following two cases, which are Case
L Y0, (thBlogy (1+ CyP,) + R}) > Ruy, and Case II:
Yoy (tRBlog, (14 CxP,) + Ry) < Run.

In Case I, P can be rewritten as

Pui s max 20 E,
s.t. max (0, P, PLQ) < P, < Phax,

2
P, =max {O,

2n

where P is the unique solution’ to
Zszl (tBlog, (1+ CyxP,) + RY) = Ry with respect
to P,. Since the objective function is a monotonically
decreasing function of P, the optimal solution to Pj; is
given by max (07 PL; PLQ)-
In Case II, P can be rewritten as
K b a

Py m}%X K, (thlo;gDi;l;—C;OPt)-&-Rk)-&-Do

s.t.max (0, P,) < P, < min (P2, Prax) -

Proposition 5: Let P denote the optimal solution to P5.
P? can be computed as

K
min (PL27 Pmax) ) if Z tEBfk (mln (PL27 Pmax))
k=1

> Ao (SIS Ry + Do)

P = qmax (0, Py) ,if K 2Bfy (max (0, ) (22
K
<Ao| X Rp+ Do) )
Py, otherwise, -
where fi. (Py) = %@fiﬁjﬁ% Ao Zk 11ogy (1+ Ok %)
and Py is the unique solution to
S B (R) = Ao (S5, Ry + Do) =0,
Proof. Please see Appendix D. |

Combining the above two cases, the optimal solution to
Py is given by max (0, P, Pr2) or P depending on which
of them achieves a higher system computation EE.

By exploiting the BCD technique based on Algorithm 1
and the above obtained optimal solution to P, we propose
a reduced-complexity iterative algorithm for solving Pj is
shown in Algorithm 4.

Note that in Algorithm 4, the value of P, in the -
th iteration is determined by the PB’s transmit power ob-
tained in the 7i-th iteration, namely P?’. The reasons are as
follows. On the one hand, the following Lemma indicates

SIn line 7 of Algorithm 4, we provide a way to determine Ppo and the
detailed reasons are provided in the last three paragraphs of this subsection.

Algorithm 4 Reduced-complexity Iterative Algorithm for P5
1: Initialize the maximum iterations /., and the maximum

tolerance ¢;

Obtain P, by using Algorithm 2;

Set P} = LmintPmax and jteration index ii = 1;

repeat

Solve P for a given P via Algorithm 1 and obtain
2K
ii b(ii+1) (éi+1) i+1 ii
{teﬂ’{tk }k 1’{ } oy s }k:wtcH’
it 21+1 i1+1
R O e,

6:  Compute the corresponding computation EE, denoted
by qzz—&-l7
Compute P, based on (21) and set P2 = P
Obtain P, by means of the bisection method and

determine P} based on Proposition 5;
K
> (tRBlogy (14+Cx P} )+ R )+ Do

. s Rin+Do k=1
9: lf max(O,PL,PLz)A0+Bo Z Pt*A0+B0
then
10: Set P”'H = max (0, P, P2) and q“+1 =
Ry +Dg
max(O PL PLQ)A0+BO
11:  else
12: Set  Pit! = Pr and Tt =
Ef:l (tzBlogz(1+Cch*)+Rz)+D0 .
. Pt*Ao—O—Bo ’
13:  end if
4. if |gi T — ¢l < ¢ then
15: Set iPt* _ P”::ll t* — t“ill t* — t”illv f];k _
27 K32 77
féﬁf,lpk i 152‘ ok = p oty =
tk(”Jr )7t2* =t ”+ ,Vk, Flag = 1 and return;
16:  else
17: Set i =41 + 1 and Flag = 0;
18:  end if

19: until Flag =1 or 7t = Iax

that by using the obtained solution of Pg in each itera-
tion, the given PB’s transmit power can make the equation

S, (tPBlogy (1 + CxP,) + R) = Ry, hold.

Lemma 2. When Pg is optimally solved to a
given P;, the total task bits offloaded by all the IoT
nodes should equal the MEC server’s computation
capacity  during the +task execution  phase, . ie.,
Y ( 7+ Blog, (1+ 80 ) 4 2% Blog, (14 %2 ) )
= tcf and Pps is equal the given P;.

Proof. Please see Appendix E. |

On the other hand, according to the definition of Ppo
below Pyi, P is also a solution for the equation
S (t2Blog, (14 CxP,) + R%) = Ry, with respect to P,
Substituting the obtained solution of Pg into the equation
25:1 (thBlog, (1 + CyxPy) + R}) = Ry, we know that the
left side of this equation is an increasing function with respect
to P, and R, is a constant. As only one solution exists for
the above equation, Pr5 equals the given F;.

V. NUMERICAL RESULTS

In this section, we verify the effectiveness and the supe-
riority of the proposed schemes via computer simulations.



Tabel 1: Key Simulation Settings

Parameters Notation ~ Value

The entire time block T 1 Second

The communication bandwidth B 100 kHz

The number of cycles for one bit at the k-th IoT node Cepu,k 1000 Cycles/bit
The number of cycles for one bit at the MEC server Cecpu 1000 Cycles/bit
The constant circuit power consumption for BackCom at the k-th IoT node P 10 pW

The constant circuit power consumption for AT at the k-th IoT node Pe 1 mW

The constant circuit power consumption at the PB Psc 10 mW

The maximum transmit power at the PB Prax 1w

The fixed energy conversion efficiency at each IoT node n 0.7

The performance gap reflecting the real modulation for BackCom I3 -15dB

The noise power spectral density o? -120dBm/Hz
The number of IoT nodes K 4

The effective capacitance coefficient of the k-th IoT node €k 10-%6

The effective capacitance coefficient of the MEC server €m 10-28

The maximum CPU frequency at the k-th IoT node e 5 x 10% Hz
The maximum CPU frequency at the MEC server fmax 1019 Hz

The minimum computation bits of the k-th IoT node Lnin. k 10 kbits

Unless otherwise specified, the basic simulation parameters are
provided as shown in Table I [5], [11], as shown at the top of
the next page. We consider a standard channel fading model,
where the channel gain between the PB and the k-th IoT node
is modeled by g = g;.d,;" with the small-scale fading g,
distance dgy, and path loss exponent a.. The channel gain from
the MEC server to the k-th IoT node is given by hy, = hjd},"
with the small-scale fading A}, and distance dq;. Here we let
a = 3, d01 = 12[1’1, d02 = lOm, d03 = 15m, d04 = 13m,
d11 = 60111, d12 = 65II1, d13 = 50m and d14 = 55m.

In order to illustrate the advantages of the proposed com-
putation bits/EE maximization scheme, we compare the per-
formance under the proposed schemes with the following four
benchmark schemes:

o Complete offloading scheme: All the tasks at all the
IoT nodes can only be offloaded to the MEC server for
computation and each IoT node can choose BackCom,
AT, or hybrid BackCom and AT to transmit its task bits.
For maximizing the total computation bits of all the IoT
nodes, this scheme is obtained by solving P3 with fi =
0, while for maximizing the system computation EE, this
scheme is achieved based on Remark 1.

o Fully local computing scheme: All the IoT nodes can
only compute their tasks locally. For maximizing the total
computation bits of all the IoT nodes, this scheme is
optimized under the same constraints as Pg with tE =0,

¢ =0, 2, =0, y» =0, and t. = 0. This scheme
with the aim of maximizing the system computation EE
is obtained by means of the proposed Dinkelbach-based
iterative algorithm through a few changes, i.e., letting
P t — i

o Pure BackCom assisted MEC networks: This scheme
is optimized for pure BackCom assisted MEC networks,
where each IoT node can offload its partial task bits to
the MEC server for computation and the offloaded task
bits can only be transmitted via BackCom. Likewise,
for maximizing the total computation bits of all the IoT
nodes, this scheme is achieved by solving Pz with ¢}, = 0
and y; = 0. Remark 1 is used to obtain the scheme for
maximizing the system computation EE in pure BackCom
assisted MEC networks.
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Fig. 2. Riotal versus the minimum required computation bits.

o Wireless powered MEC networks: This scheme is op-
timized for the wireless powered MEC networks, where
each IoT node harvests energy from RF signals first and
then uses the harvested energy to offload its partial task
bits to the MEC server for computation. Accordingly,
this scheme for maximizing the total computation bits
of all the IoT nodes is optimized by solving P53 with
tz = 0 and x;, = 0, while this scheme for maximizing the
system computation EE is achieved by using the proposed
Dinkelbach-based iterative algorithm with P, = i

A. Performance analysis for the proposed computation bits
maximization scheme

Fig. 2 demonstrates the total computation bits of all the IoT
nodes Riota1 Versus the minimum required computation bits at
each IoT node. For convenience, we let Lin 1 = Liin2 =
Lmin,3 = Lmin,4a = Lmin and Ly;y, is ranged from 10 kbits to
40 kbits. In order to illustrate the superiority of the proposed
computation bits maximization scheme in terms of Rita1, We
compare Riota1 achieved by the proposed scheme with those
obtained by the complete offloading scheme, the fully local
computing scheme, pure BackCom assisted MEC networks
and wireless powered MEC networks. From this figure, we
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can observe that Ri.¢, under all the schemes decreases with
the increase of L.;,. This is because the increase of L,
denotes a higher computation bits requirement for each IoT
node and more resources need to be allocated to the IoT
nodes with worse channels, leading to a reduction to the
total computation bits. Besides, we can find that the proposed
computation bits maximization scheme always outperforms
pure BackCom assisted MEC networks and wireless powered
MEC networks in terms of the total computation bits, which
verifies the advantages of the combination of BackCom and
the wireless powered MEC networks. By comparisons, we
can also see that the proposed computation bits maximization
scheme can achieve the highest Ryt Since the other schemes
can be regarded as special cases for the proposed scheme and
have less flexibility to utilize resources for maximizing the
total computation bits.

Fig. 3 shows the total computation bits of all the IoT nodes
versus the maximum allowed transmit power at the PB, Py .,
under different schemes. Here P, . varies from 0.5 W to 2.5
W. It can be observed that the total computation bits of all the
IoT nodes under all the schemes increases with the increase
of Phax- The reasons are as follows. Based on Proposition 1,
the optimal transmit power of the PB is determined by P, ax
and a higher transmit power allows IoT nodes to harvest more
energy for task offloading and computing. Besides, a higher
transmit power also improves the power of the backscattered
signal, increasing the task bits offloaded at each IoT node
via BackCom. Likewise, the advantages of the combination
of BackCom and the wireless powered MEC networks are
also illustrated by comparing the proposed scheme with pure
BackCom assisted MEC networks and wireless powered MEC
networks. Besides, we also observe that the total computation
bits under the proposed scheme are the highest among these
five schemes, which also demonstrates the superiority of the
proposed scheme in terms of total computation bits. The
IoT nodes choose to perform task offloading only when the
harvested energy (or the transmit power of the PB) is large
enough; otherwise, IoT nodes prefer to compute locally for
achieving more computation bits.

Fig. 4 depicts the impact of the computation capacity of the
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—— Fully local computing scheme
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Fig. 4. Total computation bits v.s. the ratio of fmax to f{*?*.

MEC server on the total computation bits of all the IoT nodes,
where the ratio of the maximum computation frequency of the
MEC server fmax to that of the k-th IoT node f;'** varies from
5to 30 and f;"* is fixed as 500 MHz. It can be observed that
the total computation bits under all the schemes except for the
fully local computing scheme increase when the MEC server’s
computation capacity improves, while the total computation
bits under the fully local computing scheme basically keeps
unchanged. This is because a higher computation capacity
of the MEC server allows more task bits to be offloaded
and computed, increasing the total computation bits. Whereas
the MEC server’s computation capacity does not influence
the total computation bits under the fully local computing
scheme. It can also be seen that the proposed computation
bits maximization scheme is superior to the other schemes in

terms of total computation bits for all the considered values
of Jfmax

f’?lax .

B. Convergence analysis for the proposed iterative algorithms

Fig. 5 demonstrates the convergence analysis of the pro-
posed iterative algorithms, such as, Algorithm 1, Algorithm
2, Algorithm 3 and Algorithm 4. Specifically, Fig. 5(a) shows
the convergence of Algorithm 1 under different settings of
P, and L,,;,, the convergence of Algorithm 2 with different
values of L, is illustrated in Fig. 5(b) and in Fig. 5(c), the
convergence analysis and performance comparisons between
Algorithm 3 and Algorithm 4 are plotted. From Fig. 5(a), it
can be observed that less than 4 iterations are required for the
proposed Dinkelbach-based iterative algorithm in Algorithm
1 to converge to the maximum system computation EE,
which illustrates that the proposed Dinkelbach-based iterative
algorithm is computationally efficient. The proposed bisection-
based iterative algorithm in Algorithm 2 is used to obtain the
maximum value of P, namely P,,;,, and it can be observed
from Fig. 5(b) that it takes about 9 iterations to achieve
the value of P.;,, which verifies the convergence of the
proposed bisection-based iterative algorithm. Besides, we can
also observe that P,,;, increases when L,,;, increases since
with a larger Ly, the energy consumption at each IoT node
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Fig. 5. The convergence of the proposed iterative algorithms: (a) the convergence of Algorithm 1; (b) the convergence of Algorithm 2; (c) the convergence

analysis and comparisons between Algorithm 3 and Algorithm 4.

for task offloading and computing may increases, leading to
an improvement for P;.

From Fig. 5(c), we can observe that both the proposed two-
layer iterative algorithm in Algorithm 3 and the proposed
reduced-complexity iterative algorithm in Algorithm 4 are
convergent. Specifically, the number of iterations required for
the convergence of the proposed reduced-complexity iterative
algorithm is much less than that of the proposed two-layer iter-
ative algorithm, illustrating the low complexity of the proposed
reduced-complexity iterative algorithm. By comparisons, we
can also see that the system computation EE achieved by
the proposed reduced-complexity iterative algorithm is always
close to that of the proposed two-layer iterative algorithm,
which further verifies the suboptimal performance of the
proposed reduced-complexity iterative algorithm in terms of
system computation EE. That is, the low complexity of the
proposed reduced-complexity iterative algorithm is achieved
at the cost of a slight reduction to the system computation
EE. Moreover, we also find that the required iterations for the
proposed two-layer iterative algorithm under the set of L,;, =
40kbits are less than those under the set of L,;, = 10kbits.
This is because the improvement of L,;, increases the value
of Ppin, resulting in a narrow searching range of P.

C. Performance analysis for the proposed system computation
EE maximization schemes

Fig. 6 shows the system computation EE under different
schemes versus L,;,. Here we consider two schemes, which
are the proposed two-layer iterative algorithm in Algorithm
3 and the proposed reduced-complexity iterative algorithm
shown in Algorithm 4, to maximize the system computation
EE. Besides, for better comparisons, we also include the per-
formance under the proposed computation bits maximization
scheme. As shown in this figure, it can be observed that
the system computation EE under all the schemes decreases
when L,,;, increases. The reasons are as follows. With the
increase of L,,, the energy consumption at each IoT node
for task offloading and computing may increase. Besides, the
total computation bits offloaded by all the IoT nodes may
also increase, leading to an improvement for the energy con-
sumption of the MEC server. That is, the total system energy
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Fig. 6. System computation EE versus the minimum required computation
bits at each IoT node.

consumption increases with Ly,i,. Since the energy consump-
tion grows faster than the growth of the computation bits, the
system computation EE decreases with the increase of Liyiy.
By comparisons, we also find that the system computation EE
under the proposed reduced-complexity iterative algorithm is
close to that under the proposed two-layer iterative algorithm
and always outperforms other schemes, namely, the complete
offloading scheme, the fully local computing scheme, pure
BackCom assisted MEC networks, and wireless powered MEC
networks, verifying the suboptimal performance of Algorithm
4 and the superiority of the combination of BackCom and
the wireless powered MEC networks. Moreover, it can be
observed that the proposed computation bits maximization
scheme achieves the worst performance among these schemes
in terms of system computation EE, showing that the proposed
computation bits maximization scheme has compromise on
energy-efficiency performance.

Fig. 7 shows the effect of the system computation EE on
Pax under different schemes. It can be observed that the
system computation EE under all the schemes increases with
the increase of P, when P, ., is small and when P, is
large enough, the system computation EE converges. This is
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because when P, is small, the optimal transmit power of the
PB is determined by Pp,.x, While when P, . is large enough,
the optimal transmit power of the PB is fixed and its value is
independent of P,,x. By comparisons, we can also see that the
proposed reduced-complexity iterative algorithm can achieve
the suboptimal performance in terms of system computation
EE and the proposed system computation EE maximization
scheme always outperforms the other schemes.

VI. CONCLUSIONS

In this paper, we studied the total computation bits and sys-
tem computation EE maximizations for a hybrid BackCom-AT
WPMEC network, subject to the MEC server’s computation
capacity constraint, the energy causality and QoS constraints
of each IoT node. The total computation bits maximization
problem was transformed into a convex one and solved by the
CVX, while the system computation EE maximization prob-
lem was optimally solved by our proposed two-layer iterative
algorithm. Subsequently, we devised a reduced-complexity it-
erative algorithm to obtain a suboptimal solution to the system
computation EE maximization problem. Simulations results
validated the superiority of the proposed total-computation-
bits maximization scheme and system-computation-EE max-
imization algorithms over several baseline schemes. Besides,
we obtained the following two insights. First, when the MEC
server’s computation capacity is finite, the complete offloading
scheme is not the optimal choice for maximizing the total
computation bits or system computation EE. Second, the total
computation bits are always maximized when the MEC server
adopts the maximum allowed computing frequency, which,
however, does not maximize the system computation EE.

APPENDIX A
PROOF OF PROPOSITION 1

Here we prove Proposition 1 by means of contradiction.

A. Proofs for P = Ppax and [} = fmax

Assume that {Pt*7 X {tb*}k s {2 by P ey o 10 £
{pk}k:1 AL }kzl AT }k:1 , )\*} is the optlmal

solution to Py, where P < Pnax and \* =

mln{ Zk 1 (tb*BIng (H‘ 5pkl;‘etggkhk) +t;” Blog, (1+ ZE:S))
s fm

} Accordingly, the maximum number of the
(‘DU . 3
computation bits of the considered system Rf ., is

T fh

Then we can construct

given by X + Y&

CCpu.k.
another solution satisfying P% = Ppax > Pft5 =
b
t;;,t;r =t fiF = ot = thr it = 2 pf =
Pio DR, P iy = f;:,Tk = 7 and AT =

mm{zk 1(t,ﬁ'Blog2 (1+ M) +3* Blog, (
t f[]]

P,f’%))
2 i

} It is quite evident that the constructed solution is

a “feasible solution which satisfies all the constraints
of P;. Let R;Ztal be the achievable computation
bits under the construg_ted solution. Then we have

Rtotal = A"+ Zk 1 g‘tp{kk > R since AT > A%,
which contradicts the above assumption. Thus, P, = Ppax
holds when the maximum computation bits of the considered
system are achieved. The same method can also be applied
to prove that f¥ = fmax is satisfied for maximizing the total
computation bits by making only a few changes and the

detailed process is omitted here for brevity.

B. Proof for T =T

When Py, te, t°,t%, p, D, te, fin, A and {fi, Ti}izq1.2,... K }\k
are fixed, we jointly optimize f;, and 7; to maximize the
total achievable computation bits of the system. Assume that
the optimal computation frequency f; and time 7; < T
satisfy all the constraints of of Py with other parameters
fixed. Then the maximum computation bits of the considered
system RY . is given by A + .5 Litk Ctpfk Cf’“pif"k
Another feasible solution can be constructed as { f]C ,T’j_ } with
=T and 7t f;F(f;)? = 77 fi(f7)? Accordingly, the
achievable computation bits under the constructed solution

are given by .. = X\ + ZL Litk Cqu‘ilk + g’;pf" Based
on 77 fir (fif)? = kfk(fk)2 and 7,7 = T > 7*, we have

ff < fi and 7F f;7 > 77 f7, leading to Rtotal > R
which contradicts the above assumption that 7;7 < T'. Thus,
T = T holds when the maximum computation bits of the
considered system are achieved.

Based on the above analysis, Proposition 1 is obtained.

APPENDIX B
PROOF OF PROPOSITION 2

After carefully analyzing P3, it is not hard to conclude that
the objective function and all the constraints except C1” and
C9" are linear. Thus, P3 is convex if and only if constraints
C1” and C9” are convex. For constraint C1”, we only need

to prove that for given k, t?Blog, (1+ %%ﬂm) +

ti: Blog, (1 + tg’bhjz) > BiLmin,k is convex. Using the fact
that the perspective function can preserve convexity, we know
that the convexity of the above constraint is the same as that of

Blogy (1+ €500 ) 4. Blog, (14 24 ) > fixLuins

which is convex. Similarly, we can prove that C9” is also
convex. The proof is complete.




APPENDIX C
PROOF OF PROPOSITION 4

Let o = (ao,al,-~ ,Ckg), 0= (90,01,92,"' ,9[(), w =
(wo, w1, @2, , WK ), W = (Wo, w1, w2, ,WK), and p =
(10, 11, 12, - - - , oxc ) be the non-negative Lagrange multipliers
with respect to all the constraints for Pg. Then the Lagrangian
function of Pg is given by (C.1), as shown at the top of the
next page.

By taking the partial derivative of £ with respect to ¢ and

¢, we have
oL poy/ 93
2T = /= — ¢fm — Wo, (C.2)
I 24/ 3
oL Qg 2 3uo | @
— = o — —— A —- C3
0(;5 Ccpu + wOfma.x 2 © ( )
By letting g—i = % = 0, we can obtain
fr= [ 310Cepu } +: [ 3 “0} i (C.4)
" 2 (CY() + wOfI%aXCCpu) 2 (q8m + wo) ’
where [z]" = max {z,0}.

Based on (C.4), it can be observed that when there
are tasks to be computed at the MEC server, namely
f > 0, up > 0 must be satisfied. Then according
to the Karush-Kuhn-Tucker (KKT) conditions, the equation

+)3

po [T —tF — Zszl (tpt +67) - (d;—Jr = 0 should
always hold. Substituting ;o > 0 into the above equation,
K +)3
we have T —tf — 3, (T +621) — (‘i% =T—tf—
SR (2 ) —tf = 0. That is, if £ > 0, the MEC
server always uses the maximum allowed time to compute
tasks. Note that in the case of f;} = 0, the MEC server
can not provide computation service for the IoT nodes. Then
the value of ¢} does not influence the system computation

EE of the investigated network and we can also let T =
T — te+ - ZkK:l (tz+ + ter) for convenience.

APPENDIX D
PROOF OF PROPOSITION 5

Let f (P;) denote the objective function of P15, given by
K b K a
f(P) = Zi=1 thlOg?(ll{fogjz’“:l BitPo Taking the first-
order derivative of f (P;) with respect to P;, we have

K K
t°B P)— A < R+ D )
of () _ k=1 kB (Pr) 0 kX::I k 0 ®.1)
P, (P, Ao + By)? ’ ’

where fi (P;) = % — Aplog, (1 4+ CrP;). In order

to tell the monotonicity of %}?)7 we first calculate the first-
order derivative of fi (P;) as
ofr (P —C? (By + Ao P,
Ir ( t): i ( o+20 t)<0. (D2)
op; (14+CrP;)"In2

Then the function Y r, t? By, (P,) decreases with the in-
crease of P;. That is, there is only one solution mak-

ing 6](;(;?) = 0 hold. Let P, be the solution to

SIL BB (R) = Ao (S, Ry + Do) = 0 and the val-
ue of Py can be obtained b}¥ means of the bisection
method since the function Y,_, t?Bfy (P) is a mono-
tonic decrease function. Then we find that when 0 <
P < Py, 3K 2Bf (P) — Ao (Zle R;;+Do) > 0
and f(P;) increases with P;. Likewise, when P, > P,
SIC B (P) = Ao (/S Ry + Do) < 0 and f(R)
shows a downward trend.

Combining the range of P, with max(0,P) < P, <
min (Pr2, Prax ), the optimal solution to P15, denoted by Py,
is determined by max (0, P,), Py, or min (Py,2, Ppax)- Specif-
ically, if 21 2B f,, (max (0, P.)) < Ao (Ziil R2 + DO)
is satisfied, then f(P;) monotonically decreases with
P, € [max(0,P),min (P2, Pnax)] and PP is given
by max(0,P). If Y5 tPBfy (min (Pra, Poax)) >
Ay (Zszl R+ Do) holds, f (P;) monotonically increases
at the condition of P, € [max (0, Pp,),min (Pra, Ppax)]
and Pr is determined by min(Pr2, Ppax). If
ST B fi (it (Pra, Pras)) < Ao (S4L, RE+ Do) <
Zle tPBfy, (max (0, P)) is obtained, then we have
max (0, P,) < Py < min (P2, Pnax) and Pr = Py.

Therefore, the optimal solution to P15 is summarized as
Proposition 5.

APPENDIX E
PROOF OF LEMMA 2

Here we prove Lemma 2 by means of contradiction.
In particular, when Pg is  optimally  solved,
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is assumed to be satisfied. That means that either
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holds. If Zle (t2+B10g2 (1 + %) +

'*,'h et
2+ Blog, (1—1—%02’“)) < &—{: holds, then we can

construct another solloution which satisfies p? = pi, f¢ = fif,
P = pi, the = 9, e = BF, 10 =t 10 = f;r and
Si (e Blog, (1+ %3 + 112 Blog, (1+ %))

o fo + £+

= tciﬁ %ﬁ It can be observed that the constructed
cpu .~cpu .

solution satisfies all the constraints of Pg and the

constructed solution can achieve the same computation
bits as the optimal one while consuming less energy due
to fo < fI. This means that the system computation
EE under the constructed solution is higher than that
under the (}){ptimal solution, which contradicts the fact that
{ts, {t]ler}k:l J {tz+}£{:1 ) {pz}le g {pz}le J {fl:r}szl s
b} is the optimal solution to Pg. The same way
can also be applied to the case with the case
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