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Abstract—The combination of wireless energy transfer (WET)
and mobile edge computing (MEC) has been proposed to satisfy
the energy supply and computation requirements of resource-
constrained Internet of Things (IoT) devices. However, the energy
transfer efficiency and task offloading rate cannot be guaranteed
when wireless links between the hybrid access point (HAP) and
IoT devices are hostile. To address this problem, this paper aims
at utilizing the intelligent reflecting surfaces (IRS) technique to
improve the efficiency of WET and task offloading. In particular,
we investigate the total computation bits maximization problem for
IRS-enhanced wireless powered MEC networks, by jointly optimiz-
ing the downlink/uplink phase beamforming of IRS, transmission
power and time slot assignment used for WET and task offloading,
and local computing frequencies of IoT devices. Furthermore, an
iterative algorithm is presented to solve the non-convex non-linear
optimization problem, while the optimal transmission power and
time allocation, uplink phase beamforming matrixes and local
computing frequencies are derived in closed-form expressions.
Finally, extensive simulation results validate that our proposed
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IRS-enhanced wireless powered MEC strategy can achieve higher
total computation rate as compared to existing baseline schemes.

Index Terms—Mobile edge computing, wireless energy transfer,
intelligent reflecting surface, resource management.

I. INTRODUCTION

A. Background

W ITH the rapid development of Internet of Things (IoT),
a variety of emerging intelligent services (e.g., smart

home, autonomous driving, telemedicine) have imposed great
challenges for resource-constrained IoT devices with restricted
energy supply and poor computing capacity [1]–[5]. In order to
address this bottleneck, wireless powered MEC is considered
as a thriving technique to enable sustainable energy supply and
low-delay computing services for massive IoT devices [6]–[10].
In wireless powered MEC networks, an hybrid access point
(HAP) equipped with an edge server is deployed to provide
wireless charging and task offloading services for IoT devices.
However, the performance of wireless powered MEC networks
cannot be guaranteed when wireless channels between the HAP
and IoT devices are blocked occasionally by some static or
moving objects.

Currently, intelligent reflecting surface (IRS) has been con-
sidered as an innovative technique to reconfigure the wireless
communication environment [11]–[14]. In general, the IRS is an
integrated panel comprised by a controller circuit and a massive
number of low-cost reflection units, which can intelligently
adapt the amplitudes and phases of incident signals for achieving
fine-grained reflect beamforming [15], [16]. In wireless powered
MEC networks, IRSs can be properly deployed and controlled to
improve the energy transfer efficiency and task offloading rate.
Besides, the total computation rate is a key performance indica-
tor to reveal the computing capability of MEC networks. There-
fore, this paper concentrates on developing a novel framework
for realizing IRS-enhanced wireless powered MEC networks to
maximize the total computation rate.

B. Related Works

The existing research works can be summarized from three
perspectives, namely resource management for wireless pow-
ered MEC networks, IRS-assisted wireless energy transfer, and
IRS-assisted mobile edge computing.
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1) Resource Management for Wireless Powered MEC Net-
works: Wireless powered mobile edge computing has attracted
extensive attentions from academia, since it can satisfy the
sustainable low-delay computing requirements of IoT devices.
In order to exert all the advantages of wireless powered MEC net-
works, it is essential to design joint energy, communication and
computation resource scheduling strategy. In [17], You et al. first
proposed a wireless powered MEC framework, and they further
investigated the computing probability maximization problem
under the energy casuality and computing delay constraints.
Under this framework, the authors in [18] and [19] studied the
power consumption minimization and computation rate maxi-
mization problems, respectively. In addition, our work in [20]
revealed the tradeoff relationship between network energy ef-
ficiency and task processing delay for wireless powered MEC
networks. However, the limited edge computing capability may
fail to meet the computation requirements from massive IoTs.
Therefore, these works in [21], [22] proposed the user communi-
cation/computing cooperation strategy for enhancing the perfor-
mance of wireless powered edge computing. Furthermore, Zhou
et al. in [23] and [24] utilized the mobility of unmanned aerial ve-
hicles base station and non-orthogonal multiple access technique
to improve the energy transfer efficiency and task offloading
rate.

2) IRS-Assisted Wireless Energy Transfer: IRS has been ex-
tensively utilized to improve the efficiency of radio-frequency
based wireless energy transfer. In [25], Wu et al. first inves-
tigated the sum harvested power maximization problem for
a single IRS-assisted WET system. This research work was
extended to the scenario with multiple IRSs in [26], and they
developped a penalty function-based method to address the
total power consumption minimization problem. Pan et al.
in [27] considered to exploit the multiple antennas technique
to improve the energy/information transfer efficiency for IRS-
assisted WET systems. Furthermore, Lyu et al. in [28] studied
an IRS-empowered wireless powered communication network
(WPCN), in which the IRS can exploit the harvested downlink
energy to assist energy/information transfer between the HAP
and mobile terminals. In [29], Bi et al. exploited the IRS to en-
hance the energy efficiency for a WPCN with user cooperation.
To achieve the convenient and low-cost energy supply for IRSs,
the authors in [30], [31] proposed wireless powered IRS frame-
work, in which the reflection element of IRS can be adjusted
to harvest the radio-frequency energy for satisfying its energy
requirements.

3) IRS-Enhanced Mobile Edge Computing: The potential of
MEC cannot be fully released when the communication links for
task offloading are hostile. Therefore, some works introduced
IRS into MEC systems to improve the task offloading rate.
The authors of [32], [33] investigated the latency minimization
problem for infrastructure-based MEC networks. In order to
exploit the spare computing resources of IoT devices, our work
in [34] designed the delay-oriented resource allocation algorithm
for IRS-assisted device-to-device (D2D) cooperative computing
systems. In addition to the computing delay, the total computa-
tion bits is another key performance indicator to evaluate the
total computing capability for MEC networks. Therefore, Chu

et al. in [35] focused on maximizing the total computation rate
for a multi-user IRS-assisted MEC network. Considering the
high computational complexity of conventional optimization
methods, Hu et al. in [36] proposed the deep learning-based
architecture to achieve online task offloading and resource
scheduling for IRS-assisted multi-user MEC networks. In [37],
Liu et al. studied the earning maximization problem under the
computation bits constraints of mobile devices. In [38], Bai et al.
put forward an IRS-assisted wireless powered MEC framework,
and they further proposed a joint energy, communication and
computation resource scheduling approach for minimizing the
system total power consumption.

C. Novel Contributions

Although the resource scheduling problems have been ex-
tensively investigated in wireless powered MEC networks [17]-
[24], few works considered to utilize the IRS to improve the
efficiency of WET and task offloading. Moreover, the power
consumption of IRS was generally ignored in existing IRS-
enhanced wireless networks. In practice, the power consump-
tion of IRS increases linearly with the number of reflection
units and a massive number of reflection units are usually
installed on an IRS to improve the reflecting beamforming
gain [30], [31].

Motivated by these observations, this paper considers a novel
IRS-assisted wireless powered MEC network, and we mainly
investigate the resource allocation strategy to coordinate the
wireless charging for the IRS and IoT devices, and the task
offloading of IoT devices. The main contributions of this work
are summarized as follows.
� We present a novel IRS-enhanced wireless powered MEC

network framework that exploits the IRS technique to
improve the efficiency of energy transfer and computation
offloading. In this framework, the IRS first receives the
downlink energy signal from the HAP, and then utilizes
the harvested energy to assist both the downlink energy
transfer and the uplink task offloading between the HAP
and IoT devices.

� We propose a total computation bits maximization problem
under the energy casuality constraints of IRS and IoT
devices, with the joint optimization of the downlink/uplink
phase beamfroming of IRS, transmission power and time
slot allocation for WET and computation offloading, and
local computing frequencies of IoT devices.

� We design an alternative optimization method to solve the
proposed non-convex non-linear computation bits max-
imization problem. Specifically, we further derive the
closed-form solutions for uplink phase beamforming of
IRS, time slot allocation, transmit power and local comput-
ing frequencies of IoT devices, while the variable substitute
and semi-definite relaxation technique are used to solve the
downlink phase beamforming optimization subproblem.

The remainder of this work is outlined as follows. The system
model and frame structure are presented in Section II. The
total computation bits maximization problem is investigated in
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Fig. 1. IRS-assisted wireless powered MEC networks.

Section III. The simulation results are provided in Section IV.
Section V concludes this paper.

Notations: aT , aH , diag(a), and arg(a) are the transpose,
Hermitian transpose, diagonalization, and phase of the vector a,
respectively. For a matrix A, Tr(A) stands for its trace, whereas
[A]mn represents its element in the m-th row and n-th column.

II. SYSTEM MODEL

As illustrated in Fig. 1(a), we consider an IRS-enhanced wire-
less powered MEC systems which comprises a HAP equipped
with an edge server, K energy-constrained IoT devices indexed
by K ∈ {1, 2, . . . ,K}, and an IRS with M reflecting units de-
noted by M = {1, 2, . . . ,M}. Similar to [17]-[24], we suppose
that the IoT devices and IRS have no any embedded energy
supply, and they have to collect downlink energy transmitted by
the HAP. Each IoT device can utilize the harvested energy for
executing its computing tasks through local computing or task
offloading. Moreover, the IRS is properly deployed to improve
the efficiency of energy transfer and computation offloading, by
adjusting the phases of downlink/downlink incidents signals for
achieving fine-grained reflect beamforming.

The downlink channel coefficients from the HAP to the k-th
IoT device, from the HAP to the IRS, and from the IRS to thek-th
IoT devices will be expressed as hd,k, hr ∈ CM×1 and hH

I,k ∈
C1×M , respectively. Moreover, the counterpart uplink channels
are represented by gd,k, gH

r ∈ C1×M and gI,k ∈ CM×1, respec-
tively. All the channels follow block fading, and remain constant
during the current time block but may change at the boundaries
of time blocks [23], [24]. In addition, we suppose that the perfect
channel state information can be obtained by the HAP by using
the advanced channel estimation scheme.

As depicted in Fig. 1(b), the entire time block with duration T
seconds mainly includes three phases, i.e., the downlink energy
transfer phase, the uplink task offloading phase, and the edge
computing and result downloading phase.

A. Energy Transfer Phase

At the beginning of the time block, the HAP first conducts
the downlink wireless charging for the IRS and IoT devices.
In particular, the energy transfer phase with duration t0 will be
further partitioned into two sub-slots, with durations of τ1 and
τ2, respectively, which satisfies τ1 + τ2 = t0.

In the first sub-slot τ1, the IRS operates in energy harvesting
mode for collecting the radio-frequency energy from the HAP.
We define η ∈ (0, 1] and P0 as the linear energy conversion
efficiency and downlink transmission power of the HAP, respec-
tively. Therefore, the energy harvested by the IRS during τ1 can
be calculated as

EI = ητ1P0‖hr‖2, (1)

Note that the noise power is generally much smaller than the
power of downlink energy signals [39]–[41], and thus is ne-
glected in (1).

In the second sub-slot τ2, the IRS will exploit part of its
harvested energy to assist the downlink energy transfer from
the HAP to IoT devices. The reflection matrix of the IRS is
given by Γd = diag{ejθd,1 , . . . , ejθd,M }, where j denotes the
imaginary unit, and θd,m ∈ [0, 2π] stands for the phase shift
of the m-th passive unit. Besides, the IRS controller is able
to control the phase shifts of reflection units, according to the
resource scheduling results transmitted by the HAP. Therefore,
the harvested downlink energy of the k-th IoT device will be

Ek = Ek,1 + Ek,2, (2)

where Ek,1 = ητ1P0|hd,k|2 and Ek,2 = ητ2P0|hH
I,kΓdhr +

hd,k|2 represent the harvested energy of the k-th IoT device
at the first and second sub-slots, respectively.

B. Task Offloading Phase

In the second phase, the IoT devices can exploit the harvested
energy to process their tasks via local computing and computa-
tion offloading.

1) Local Computing: Each IoT device can utilize the remain-
ing time block with duration T − t0 to perform local computing.
Ck denotes the tasks’ computational complexity at the k-th
IoT device. Therefore, the size of locally computed bits and
the computing energy consumption at the k-th IoT device are
given by

Dk,loc =
fk(T − t0)

Ck
, (3a)

Ek,loc = κ(T − t0)f
3
k, (3b)

respectively. fk represents the computing speed at the k-th IoT
device. κ stands for the effective capacitance coefficient, which
depends on the hardware architecture [42], [43].

2) Task Offloading: Except for local computing, the IoT
devices also can transmit their computing tasks to the HAP in
a time-division manner. Defining Pk and tk as the transmission
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power and offloading duration of the k-th IoT device, respec-
tively. Thus, the offloading bits by the k-th IoT device will be

Dk,off = Btk log2

(
1 +

Pk|gH
r Γu,kgI,k + gd,k|2

δ2

)
, (4)

where B denotes the total network bandwidth, Γu,k =
diag{βU.K.1e

jθU.K.1 , . . . , βU.K.MejθU.K.M } is the uplink reflect-
ing coefficient matrix of the IRS during the k-th offloding time
slot tk, where θU.K.m is the uplink reflection phase shift of the
m-th passive unit, and δ2 represents the noise power.

3) Edge Computing and Result Downloading: After the
phase of task offloading, the edge server will execute the re-
ceived computation tasks from IoT devices and then return the
corresponding results to IoT devices. Since the edge server
has powerful computing capability compared with IoT devices
and the size of computation results is relatively small, thus
this work ignores the process of edge computing and result
downloading [44]–[46].

According to above descriptions, the total accomplished com-
putation task of the k-th IoT device will be

Dk = Dk,loc +Dk,off

=
fk(T − t0)

Ck
+Btk log2

(
1 +

Pk|gH
r Γu,kgI,k + gd,k|2

δ2

)
(5)

C. Energy Consumption Model

The total energy consumption at the k-th IoT device consists
of both the communication and computation energy consump-
tion, which cannot exceed its harvested energy, i.e.,

Ec,k = Ek,loc + Pktk ≤ Ek. (6)

In general, the circuit energy consumption is much lower than the
communication and computation consumption, thus is neglected
in this work. Similar to the existing works in [28], [31], the power
consumption of IRS can be computed as Mμ, where μ indicates
the power consumption of each passive element. Meanwhile, the
IRS can only utilize the harvested energy to satisfy its circuit
power consumption, thus the following constraint should be
satisfied:

Mμ

(
τ2 +

K∑
k=1

tk

)
≤ EI . (7)

III. COMPUTATION BITS MAXIMIZATION PROBLEM

In this section, we devote to maximize the total computation
bits of all IoT devices, by jointly optimizing the uplink/downlink
phase beamforming {Γd,Γu,k} of the IRS, the time slot assign-
ment {tk}, the transmit power control {Pk}, and the CPU-cycle
frequency of IoT devices {fk}. The joint optimization problem

will be

maximize
Γd,Γu,k,τi,tk,Pk,fk

K∑
k=1

Btk log2

(
1 +

Pk|gH
r Γu,kgI,k + gd,k|2

δ2

)

+
fk(T − t0)

Ck

s.t. C1: κ(T − t0)f
3
k + Pktk ≤ ητ1P0|hd,k|2

+ ητ2P0|hH
I,kΓdhr + hd,k|2, ∀k ∈ K,

C2: Mμ

(
τ2 +

K∑
k=1

tk

)
≤ ητ1P0‖hr‖2,

C3:
K∑
i=0

ti ≤ T,

C4: τ1 + τ2 = t0,

C5: 0 ≤ θu.k.m ≤ 2π,

0 ≤ θd,m ≤ 2π,∀k ∈ K, ∀m ∈ M,

C6: 0 ≤ fk ≤ fk,max, ∀k ∈ K
C7: 0 ≤ P0 ≤ P0,max,

C8: 0 ≤ tk ≤ T, ∀k ∈ K.

(8)

In (8), C1 and C2 indicate that the energy consumed by the
k-th IoT device and the IRS should be less than their harvested
downlink energy from the HAP, C3, C4 and C8 are the time con-
straints, C5 is the phase beamforming constraint, C6 represents
the maximum CPU frequency constraints of IoT devices, and
C7 restricts the maximum transmit power at the HAP.

Remark 1: Problem (8) is a non-convex non-linear optimiza-
tion problem, which is challenging to obtain its global optimal
solution in polynomial time, due to the highly coupled variables,
e.g., the coupling between the transmit power Pk and the uplink
phase beamforming matrix Γu,k, the coupling between Pk and
tk, as well as the coupling between t0 and fk.

To solve problem (8), the following result is first proposed as
follows.

Theorem 1: In (8), the maximum computation bits are
achieved when P ∗

0 = P0,max.
Proof: Obviously, a larger transmission power at the HAP

implies that the IoT devices will harvest more radio-frequency
energy from the HAP. Hence, the IoT device can improve its
CPU frequency or uplink transmission power for processing
more tasks through local computing or computation offload-
ing. As a result, the maximum computation bits are achieved
when the HAP adopts the maximum transmit power, namely
P ∗

0 = P0,max. �
Then, the classic block coordinate descent method is exploited

to convert the non-convex non-linear problem (8) into four sub-
problem, namely transmit power and time optimization, down-
link energy beamforming optimization, uplink phase beamform-
ing optimization, and local CPU-cycle frequency optimization
subproblems. The corresponding flow chart is illustrated in
Fig. 2.
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Fig. 2. The flow chart of the proposed alternative optimization method.

A. Transmit Power and Time Optimization

For given {Γ∗
d,Γ

∗
u,k, f

∗
k} (8) will be converted to the transmit

power and time slot allocation subproblem

maximize
τi,tk,Pk

K∑
k=1

Btk log2

(
1 +

Pk|gH
r Γ∗

u,kgI,k + gd,k|2
δ2

)

+
f ∗
k(T − t0)

Ck

s.t. κ(T − t0)(f
∗
k)

3 + Pktk ≤ ητ1P0,max|hd,k|2

+ ητ2P0,max|hH
I,kΓ

∗
dhr + hd,k|2, ∀k ∈ K,

C2–C4,C8.
(9)

In order to tackle the coupled time and power variables, we in-
troduce a set of energy variables, i.e., ek = tkPk, to reformulate
the problem (9) as

maximize
τi,tk,ek

K∑
k=1

Dk(t0, tk, f
∗
k , ek,Γ

∗
u,k) (10a)

s.t.
Ec,k(t0, f

∗
k , ek) ≤ ηP0,maxτ1|hd,k|2

+ ηP0,maxτ2|hH
I,kΓ

∗
dhr + hd,k|2, ∀k ∈ K,

(10b)

Mμ

(
τ2 +

K∑
k=1

tk

)
≤ ηP0,maxτ1‖hr‖2, (10c)

C3-C4, C8. (10d)

where

Dk(t0, tk, f
∗
k , ek,Γ

∗
u,k) =

Btk log2

(
1 +

ek|gH
r Γ∗

u,kgI,k + gd,k|2
tkδ2

)
+

f ∗
k(T − t0)

Ck
,

(11)

Ec,k(t0, f
∗
k , ek) = κ(T − t0)(f

∗
k)

3 + ek. (12)

Theorem 2: (10) is a convex optimization problem.

Proof: First, we need to prove that that the objective function

(10a) is concave. Obviously, B log2(1 +
ek |gH

r Γ∗
u,kgI,k+gd,k |2

δ2 )
is a concave function of ek, thus its perspective function

Btk log2(1 +
ek |gH

r Γ∗
u,kgI,k+gd,k |2
tkδ2 ) is also a concave function of

tk and ek. Therefore, the objective function (10a) are concave.
Since the other constraints are linear, thus we can derive that
problem (10) is a convex optimization problem. �

Next, the optimal solution {τ ∗i , t∗k, e∗k} will be derived in
closed-form expressions, in order to to gain more meaningful
insights.

Theorem 3: The optimal τ ∗1 is given by

τ ∗1 =
MμT

Mμ+ ηP0,max‖hr‖2
. (13)

Proof: As observed from problem (10), the total computation
rate increases monotonously with tk and ek. Therefore, the
constraint (10c) must be satisfied with equality in the optimal
solution of (10). If Mμ(τ2 +

∑K
k=1 tk) < ηP0,maxτ1‖hr‖2, we

can decrease τ1 and increase τ2 for increasing the harvested
energy at the IoT devices, which will further result in a larger
number of total accomplished computation tasks. Meanwhile, it
is easy to understand that constraint C3 must be satisfied with
equality. Combined C3-C4 and (10c), we have

Mμ (T − τ ∗1 ) = ηP0,maxτ
∗
1 ‖hr‖2. (14)

After some simple calculations, we can derive the result pre-
sented in (13). �

Remark 2: It can be seen from (13) that the optimal τ ∗1 is
related to the number of reflection elements M , the power con-
sumption for each reflection element μ, maximum transmission
power of HAP, and the time block length T . Clearly, the IRS will
harvest enough energy with a shorter duration, when the HAP
adopts a higher downlink transmission power. In addition, with
a longer time block length T or a higher power consumption μ
for each reflection element or a larger number of reflection units
M , the IRS must harvest more energy to keep its operation in
the considered time block, which will further lead to a larger
energy harvesting duration τ1.
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Theorem 4: The optimal e∗k is derived as

e∗k = ak + bkτ
∗
2 , (15)

where

ak = ηP0,maxτ
∗
1 |hd,k|2 − κ(T − τ ∗1 )(f

∗
k)

3, (16)

bk = ηP0,max|hH
I,kΓ

∗
dhr + hd,k|2 + κ(f ∗

k)
3. (17)

Proof: Clearly, the maximum computation rate is achieved
when the IoT devices use up all their harvested energy, i.e.,

e∗k = ηP0,maxτ1|hd,k|2 + ηP0,maxτ2|hH
I,kΓ

∗
dhr + hd,k|2

− κ(T − τ ∗1 − τ ∗2 )(f
∗
k)

3

= ak + bkτ
∗
2 . (18)

�
Theorem 5: The optimal {τ ∗2 , t∗k} will be

τ ∗2 =
T − τ ∗1 −∑K

k=1
ak

x∗
kδ

2

1 +
∑K

k=1
bk

x∗
kδ

2

, (19)

t∗k =
ak + bkτ

∗
2

x∗
kδ

2
, (20)

wherex∗
k represents the unique solution of B

log 2 (
x∗
k

1+x∗
k
− log(1 +

x∗
k))−

∑K
k=1(

f ∗
k

Ck
− Bbk/δ

2

log 2(1+x∗
k)
) = 0.

Proof: See Appendix A. �

B. Downlink Energy Beamforming Optimization

For given {t∗k, P ∗
k , f

∗
k,Γ

∗
u,k}, (8) reduces to the downlink

energy beamforming optimization subproblem

Find
Γd

Γd (21a)

s.t.
Ec,k(t

∗
0, f

∗
k , P

∗
k) ≤ ητ ∗1P

∗
0 |hd,k|2

+ ηP ∗
0 τ

∗
2 |hH

I,kΓdhr + hd,k|2, ∀k ∈ K,
(21b)

0 ≤ θd,m ≤ 2π,∀m ∈ M, (21c)

where Ec,k(t
∗
0, f

∗
k, P

∗
k) = κ(T − t∗0)(f

∗
k)

3 + P ∗
k t

∗
k.

We set vd = (ejθd,1 , . . . , ejθd,M )T , v̂d = [vd, 1]T ,
hH
k = [hH

I,kdiag(hr), hd,k]. Since |hH
I,kΓdhr + hd,k| =

[hH
I,kdiag(hr), hd,k]v̂d = hH

k v̂d, (21) will be rewritten as
the following problem

Find
v̂d

v̂d (22a)

s.t.
Ec,k(t

∗
0, f

∗
k , P

∗
k) ≤ ητ ∗1P

∗
0 |hd,k|2

+ ηP ∗
0 τ

∗
2 |hH

k v̂d|2, ∀k ∈ K,
(22b)

[v̂dv̂d
H ]mm = 1, ∀m ∈ M. (22c)

To address the non-linear equality constraint (22c), we introduce
a matrix variable V̂d = v̂dv̂d

H , and (22) will be converted to
the following problem

Find
V̂d

V̂d (23a)

s.t.
Ec,k(t

∗
0, f

∗
k , P

∗
k) ≤ ητ ∗1P

∗
0 |hd,k|2

+ ηP ∗
0 τ

∗
2 Tr(HH

k V̂d), ∀k ∈ K
(23b)

[V̂d]mm = 1, ∀m ∈ M, (23c)

V̂d � 0, (23d)

Rank(V̂d) = 1, (23e)

where Hk = hkh
H
k . Due to the non-convex rank-one constraint

(23e), we will adopt the SDR method to relax it. Obviously,
the relaxed version of (23) is convex and can be solved via
classic convex toolboxes, such as Yalmip and CVX. However,
the optimal solution of (23) cannot be ensured rank-one, thus we
will further adopt the Gaussian randomization method to recover
the rank-one solution of (23) [47].

C. Uplink Phase Beamforming Optimization

Under given {t∗k, P ∗
k , f

∗
k,Γ

∗
d}, (8) reduces to the following

uplink beamforming optimization subproblem

maximize
Γu,k

K∑
k=1

Bt∗k log2

(
1 +

P ∗
k |gH

r Γu,kgI,k + gd,k|2
δ2

)
(24a)

s.t. 0 ≤ θU.K.m ≤ 2π,∀k ∈ K, ∀m ∈ M, (24b)

We see that the task offloading rate of the k-th IoT device
increases monotonically with |gH

r Γu,kgI,k + gd,k|2. Therefore,
the optimal solution of (24) can be obtained by independently
solving the following optimization problem during the k-th
offloading time slot tk, i.e.,

maximize
Γu,k

|gH
r Γu,kgI,k + gd,k|2 (25a)

s.t. 0 ≤ θU.K.m ≤ 2π,∀k ∈ K, ∀m ∈ M, (25b)

Theorem 6: The optimal IRS phase shifts for uplink task
offloading can be derived as

θ∗u,k,m = arg(gd,k)− arg(gk[m]) (26)

Proof: Let us denote vu,k = (ejθU.K.1 , . . . , ejθU.K.M )T and
gk = diag(gH

r )gI,k, thus we have

|gH
r Γu,kgI,k + gd,k|2 = |vT

u,kdiag(gH
r )gI,k + gd,k|2 (27a)

= |vT
u,kgk + gd,k|2 (27b)

≤ |vT
u,kgk|2 + |gd,k|2 + 2|vT

u,kgk||gd,k|. (27c)

The equality of (27c) holds when arg(vT
u,kgk) = arg(gd,k).

Therefore, the optimal solution of (25) can be expressed as

θ∗u,k,m = arg(vu,k[m]) = arg(gd,k)− arg(gk[m]). (28)

�
Remark 3: According to Theorem 6, we find that the optimal

phase beamforming matrixΓ∗
u,k should be adjusted such that the

uplink cascaded link gH
r Γ∗

u,kgI,k via IRS aligns with its direct
link gd,k, namely gH

r Γu,kgI,k = βkgd,k, where βk is constant.
Therefore, the received signal to noise ratio at the HAP for
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decoding the computation task offloaded by the k-th IoT device
can be improved up to 1 + β2

k, when compared to the counterpart
without IRS.

D. Local CPU-Cycle Frequency Optimization

Under given {t∗k, P ∗
k ,Γ

∗
d,Γ

∗
u,k}, (8) reduces to the following

local CPU-cycle frequency optimization subproblem

maximize
fk

K∑
k=1

fk(T − t∗0)
Ck

(29a)

s.t. κ(T − t∗0)f
3
k + P ∗

k t
∗
k ≤ Ek(τ

∗
1 , τ

∗
2 , P

∗
0 ,Γ

∗
d), ∀k ∈ K,

(29b)

0 ≤ fk ≤ fk,max, ∀k ∈ K, (29c)

where

Ek(τ
∗
1 , τ

∗
2 , P

∗
0 ,Γ

∗
d) = ητ ∗1P

∗
0 |hd,k|2

+ ηP ∗
0 τ

∗
2 |hH

I,kΓ
∗
dhr + hd,k|2. (30)

We observe that problem (29) is a linear programming prob-
lem. Then, we will derive the optimal CPU-cycle frequency in
closed-form expression as follows.

Theorem 7: The optimal local CPU frequencies of (29) will
be

f ∗
k = min

{
fk,max,

3

√
Ek(τ ∗1 , τ

∗
2 , P

∗
0 ,Γ

∗
d)− P ∗

k t
∗
k

κ(T − t∗0)

}
(31)

Proof: According to the constraints in (29), we can derive
that

0 ≤ fk ≤ min

{
fk,max,

3

√
Ek(τ ∗1 , τ

∗
2 , P

∗
0 ,Γ

∗
d)− P ∗

k t
∗
k

κ(T − t∗0)

}
.

(32)
The objective function (29a) increases monotonically with the
local CPU-cycle frequency fk. Therefore, the optimal local
CPU-cycle f ∗

k is obtained at the upper bound of fk, which
completes our proof. �

According to above descriptions, this paper proposes an it-
erative algorithm for solving the computation bits maximiza-
tion problem (8). All the optimization variables in (8) can
be segmented into four blocks ({tk, pk}, V̂d,Γu,k, fk). Since
the optimal uplink beamforming matrix is irrelevant to other
variables, thus we first obtain the optimal Γ∗

u,k according to
Theorem 6. Then, the transmit power and time optimization
{tk, pk}, downlink energy beamforming optimization V̂d, and
the local CPU-cycle frequency optimization {fk} are alternately
optimized by solving (10), (23) and (29), respectively, and
meanwhile guaranteeing the other optimization variables fixed.
The detailed procedure is summarized in Algorithm 1.

E. Computational Complexity Analysis

The computational complexity of Algorithm 1 mainly consists
of two parts, i.e., the iteration number and the per-iteration com-
putational complexity. Let L denote the iteration number of Al-
gorithm 1. At each iteration, two convex problems (10) and (23)

Algorithm 1: Alternating Optimization Method for
Solving (8).

1 Initialize: Set (t(n)k , p
(n)
k , V̂d

(n)
,Γ

(n)
u,k, f

(n)
k ), and

n = 1.
2 Calculate the optimal uplink beamforming matrix Γ∗

u,k

according to the Theorem 6;
3 Repeat:
4 Solve (10) to obtain the optimal transmission energy

and time allocation strategy (t(n)k , e
(n)
k );

5 Obtain the optimal V̂d
(n)

via solving the relaxed
version of (23);

6 Compute the optimal CPU-cycle frequency f
(n)
k by

utilizing the Theorem 7;
7 Update the iteration facrot n = n+ 1;
8 Until convergence.
9 The Gaussian randomization method is exploited to

recover the optimal rank-one phase beamforming
matrix Γ∗

d from the optimal V̂d
∗
.

10 Obtaining optimal solution
(t∗k, p

∗
k =

e∗k
t∗k
, V̂d

∗
,Γ∗

u,k, f
∗
k).

need to be addressed. Specifically, the joint transmit power opti-
mization problem (10) is with 2(K + 1) variables and 3(K + 1)
constraints. Therefore, the worst-case computational complexity
for solving (10) will be O(20(K + 1)3

√
3(K + 1) log(1/ε1))

[48], where ε1 denotes the tolerance factor. Similarly, the com-
plexity for solving downlink phase beamforming optimization
(23) is O((M 2 +K +M + 1)M 4

√
K +M + 1 log(1/ε2)).

Besides, the computational complexity for obtaining the op-
timal uplink phase beamforming matrix and local CPU-cycle
frequencies is negligible as compared to that of (10) or
(23), since we derive their closed-form expressions. There-
fore, the computational complexity of Algorithm 1 can be ex-
pressed as O(L(20(K + 1)3

√
3(K + 1) log(1/ε1) + (M 2 +

K +M + 1)M 4
√
K +M + 1 log(1/ε2))).

Theorem 8: Algorithm 1 improves the objective function of
(8) in each iteration, thus it can converge to the optimal solution.

Proof: See Appendix B. �

IV. NUMERICAL RESULTS

This section provides the simulation results to evaluate the
total computation bits achieved by our proposed resource alloca-
tion strategy for IRS-assisted wireless powered MEC networks.
For comparison, we also present the following two baseline
methods:
� Partial offloading without IRS: The WET and task offload-

ing are conducted without the aid of IRS.
� Full offloading only: Each IoT device executes their com-

putation tasks only depending on the task offloading.
In simulation, the number of IoT devices is K = 2, the HAP

is located at the original point, IRS is located at (0,5), while
the IoT devices are located at the coordinates [(1,5), (2,4)]. The
communication links are modeled as CL = C0dt

−αx, where
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TABLE I
SIMULATION PARAMETERS

Fig. 3. Total computation rate versus maximum transmission power of HAP.

C0 = −30 dB represents the path loss at an unit distance,
dt denotes the distance from the wireless transmitter to the
corresponding receiver, α stands for the path loss factor of
communication links, and x follows Rayleigh fading. Let αr,
αd,k and αI,k represent the path loss factor of the channel from
from the HAP to the IRS, from the HAP to the k-th IoT device,
and from the IRS to the k-th IoT device, respectively. The main
simulation parameters are summarized in Table I. According to
above parameter settings, the proposed algorithm is simulated
by MATLAB R2012a.

In Fig. 3 and Fig. 4, we plot the total computation bits against
the maximum transmission power of the HAP P0,max and the
energy conversion efficiency of IoT devices η, respectively.
We see that the total computation rate for all the considered
schemes increases monotonically with the increases of maxi-
mum transmission power of the HAP and the energy conversion
efficiency. Obviously, the IoT devices will harvest more energy
when the HAP adopts a higher transmission power or the energy
harvesting circuit have a larger energy conversion efficiency,
which will further result in that the IoT device can execute more

Fig. 4. Total computation rate versus energy conversion efficiency.

Fig. 5. Total computation rate versus path loss factor αd,k .

computation tasks via task offloading or local computing. Be-
sides, we also see that the proposed strategy can achieve higher
total computation rate as compared to the existing methods.
In particular, the computation rate gain between the proposed
method and the conventional method without the aid of IRS
increases with the maximum transmission power of HAP and
the energy conversion efficiency. It indicates that the reflecting
link gain provided by the IRS can improve the task offloading
rate significantly, when the IoT devices can harvest more energy
with a larger P0,max and η.

Fig. 5 shows the total computation rate versus the path loss
factor of direct links between the HAP and IoT devices. As
desired, we find that the total computation rate decreases with
the increase of path loss factor. The reason is that a higher
path loss factor αd,k will result in a lower channel gain of
the composite link between the HAP and the k-th IoT device.
Moreover, our proposed IRS-assisted wireless powered MEC
network can achieve 10% and 83% higher total computation
rate than the full offloading scheme and the partial offloading
scheme without the aid of IRS, respectively.

In Fig. 6, we plot the total computation rate against the task’s
computational complexity Ck. As can be observed, the total
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Fig. 6. Total computation rate versus computational complexity.

Fig. 7. Total computation rate versus time block length.

computation rate decreases with the increase of computational
complexity for all these schemes. Besides, the rate gap between
the proposed strategy and the full offloading strategy decreases
along with the computational complexity Ck. This is mainly
because that the computation offloading will be a more efficient
way to execute the IoT devices’ tasks than the local computing
strategy, since the MEC server generally has more powerful
computation capacity than IoT devices.

In Fig. 7 and Fig. 8, we reveal the total computation rate
versus the time block length T and the system bandwidth B,
respectively. We see that the total computation rate increases
with the time block length and the system bandwidth. This is
because that the computation offloading rate or the local com-
puting rate increases with B and T . Moreover, we also observe
that the proposed strategy can achieve higher computation rate
gain than the baseline strategy without IRS, when the time block
length is long. The reason is that a larger time block length will
exert the full potential of IRS to improve the efficiency of WET
and task offloading.

Fig. 9 plots the convergence curve of Algorithm 1 with dif-
ferent parameter settings. We see that the proposed algorithm
will converge to the maximum computation rate less than thirty

Fig. 8. Total computation rate versus system bandwidth.

Fig. 9. The convergence rate of Algorithm 1.

iterations, which also implies that Algorithm 1 is computational
efficient.

V. CONCLUSION

This paper studied the optimal resource management for
IRS-enhanced wireless powered MEC networks. The down-
link/uplink phase beamforming of IRS, local CPU frequencies
of IoT devices, transmission power and time slot allocation for
WET and task offloading were jointly scheduled to maximize
the total computation bits under energy casuality constraints of
IoT devices and IRS. To address the formulated non-convex
non-linear optimization problem, we developed an iterative al-
gorithm, and derived part of the optimal solutions in closed-form
expressions. Finally, simulation results demonstrated that our
proposed method can achieve higher total computation bits as
compared to existing baseline methods.

Furthermore, our paper can be extended to several interesting
future directions. First, non-orthogonal multiple access can be
applied to improve the total computational rate. The key chal-
lenge in this scenario is how to utilize the IRS to suppress the
co-channel interference introduced by the NOMA technique.
In addition, multiple IRS can be properly deployed to further
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improve the energy transfer efficiency and task offloading rate.
However, it is essential to design low-complexity and robust
phase beamforming optimization algorithm in the multi-IRS
scenario.

APPENDIX A
PROOF OF THEOREM 5

By substituting the optimal {τ ∗1 , e∗k} into (10), we have

max
τ2,tk

K∑
k=1

Btk log2

(
1+

ak+bkτ2

tkδ2

)
+
f ∗
k(T−τ ∗1 −τ2)

Ck
(33a)

s.t. τ ∗1 + τ2 +

K∑
k=1

tk ≤ T, (33b)

τ2, tk ≥ 0, ∀k ∈ K. (33c)

Then, we use the Karush-Kuhn-Tucker (KKT) condition to
derive the optimal time assignment {τ ∗2 , t∗k} of problem (33).
The Lagrange function of (33) will be

L(τ2, tk, λ) = −
K∑
k=1

(
Btk log2

(
1 +

ak + bkτ2

tkδ2

)

+
f ∗
k(T − τ ∗1 − τ2)

Ck

)

+ λ

(
τ ∗1 + τ2 +

K∑
k=1

tk − T

)
, (34)

where λ denotes the dual variable related to the constraint (33b).
The KKT conditions can be expressed as

∂L

∂τ2
=

K∑
k=1

⎛
⎝ f ∗

k

Ck
− Bbk/δ

2

log 2(1 +
ak+bkτ ∗

2
t∗kδ

2 )

⎞
⎠+ λ∗ = 0, (35)

∂L

∂tk
=

B

log 2

⎛
⎝ ak+bkτ

∗
2

tkδ2

1 +
ak+bkτ ∗

2
t∗kδ

2

− log

(
1 +

ak + bkτ
∗
2

t∗kδ2

)⎞⎠
+ λ∗ = 0, (36)

λ∗(τ ∗1 + τ ∗2 +

K∑
k=1

t∗k − T ) = 0, (37)

where (35)–(36) represent the first-order derivative optimality
conditions, (37) denotes the complementary slackness condi-
tions. let us definex∗

k =
ak+bkτ

∗
2

t∗kδ
2 , the optimalx∗

k can be obtained
by solving the following equations

Fk(x
∗
k) =

B

log 2

(
x∗
k

1 + x∗
k

− log (1 + x∗
k)

)

−
K∑
k=1

(
f ∗
k

Ck
− Bbk/δ

2

log 2(1 + x∗
k)

)
= 0, (38)

where the first two terms of (38) is a monotonically increasing
function with x∗

k, and the last term is with the same value for all
IoT devices. Therefore, x∗

k is able to be obtained by using the

bisection method [49]. In addition, the maximum computation
rate is achieved when the (33b) satisfies with equality, i.e.,

τ ∗1 + τ ∗2 +

K∑
k=1

t∗k = τ ∗1 + τ ∗2 +

K∑
k=1

ak + bkτ
∗
2

x∗
kδ

2
= T. (39)

After some simple transformations, the optimal time allocation
will be derived as

τ ∗2 =

T − τ ∗1 −
K∑
k=1

ak

x∗
kδ

2

1 +
K∑
k=1

bk
x∗
kδ

2

, (40)

t∗k =
ak + bkτ

∗
2

x∗
kδ

2
. (41)

APPENDIX B
PROOF OF THEOREM 8

Denoting Dk(tk, ek, V̂d,Γu,k, fk) as the objective function
of the formulated computation bits maximization problem. Ac-
cording to the procedure of Algorithm, we can deduce that

Dk(t
(n)
k , e

(n)
k , V̂

(n)
d ,Γ∗

u,k, f
(n)
k )

(a1)
≤

Dk(t
(n+1)
k , e

(n+1)
k , V̂

(n)
d ,Γ∗

u,k, f
(n)
k )

(a2)
=

Dk(t
(n+1)
k , e

(n+1)
k , V̂

(n+1)
d ,Γ∗

u,k, f
(n)
k )

(a3)
≤

Dk(t
(n+1)
k , e

(n+1)
k , V̂

(n+1)
d ,Γ∗

u,k, f
(n+1)
k ) (42)

where a1 holds because for given (V̂
(n)
d ,Γ∗

u,k, f
(n)
k ),

(t
(n+1)
k , e

(n+1)
k ) denotes the optimal solution to (10), a2

holds since the objective function of the original problem
(8) is not related to V̂d, and a3 holds because for given
(t

(n+1)
k , e

(n+1)
k , V̂

(n+1)
d ,Γ∗

u,k), f
(n+1)
k is the optimal solution

to the local computing frequencies subproblem (29). Therefore,
it proves that Algorithm 1 improves the objective function of (8)
in each iteration. Integrated with the boundedness of maximum
achievable computation bits, we can derive that the proposed
Algorithm 1 is able to coverage to an optimal solution.
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