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Abstract—Timely and energy-efficient task offloading and
computing can be challenging in mobile edge computing (MEC)
networks when the communication links between devices and
edge servers are unreliable. In this article, we apply multiple
aerial intelligent reflective surfaces (AIRSs) to assist devices
in offloading computing tasks to the edge server in a timely
and reliable manner in the MEC network with poor offloading
environments. To evaluate the timeliness of offloading and
computing, we derive the evolution process of Age-of-Information
(AoI) under the random arrival of the computing tasks. The
association between devices and AIRSs, offloading order of
computing tasks, design of IRS phase shift, and allocation of
communication and computing resources are jointly optimized to
minimize the average AoI and system energy consumption given
computing requirements. To solve the formulated minimization
problem, we propose an efficient problem-solving framework to
cope with the challenge of variable coupling. First, we derive a
closed-form optimal IRS phase shift to provide a reliable offload-
ing environment. Then, we optimize the association between
devices and AIRSs while reducing the offloading complexity
and balancing the number of devices associated with each
AIRS. Finally, we develop a low-complexity task offloading and
resource allocation algorithm based on convex optimization to
attain a good enough solution. Simulation results indicate the
proposed solution outperforms benchmarks in timeliness and
energy saving.
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I. INTRODUCTION

THE BOOMING advancement of the Internet of Things
(IoT) [1] has spawned many new applications, e.g.,

virtual/augmented reality [2], autonomous driving [3], and
intelligent factories [4]. These burgeoning applications impose
higher requirements on reliability, timeliness, and energy con-
sumption, which need to be supported by providing sufficient
resources. However, as devices move toward lightweight,
shrinking device size limits the size of built-in batteries
and computing servers. The devices of small size and low-
computing capability are resource-constrained and cannot
accommodate time-critical applications that require low-
latency computing. Although the remote cloud can provide
reliable service for such devices, the excessive offloading
delay and energy consumption caused by long distances
between devices and cloud servers are usually unbearable.
Fortunately, mobile edge computing (MEC) [5] has constituted
a promising solution for solving the above issues by providing
cloud-like computing service at the edge of networks, which
facilitates the timely execution of computing extensive tasks.
The computing tasks generated by devices can be offloaded
to the hybrid access point (HAP) integrated with the MEC
server for execution while achieving high-resource utilization
and low latency.

Nonetheless, the offloading and computing of tasks gen-
erated by resource-constrained devices at the MEC networks
still face several inevitable challenges, whether for partial or
binary offloading. First, wireless channels may suffer from
severe attenuation caused by long communication distances
or blockage of obstacles [6], which results in unreliable
and outdated offloading, often invalidating the information
contained in the computing results. Second, it is challenging
to offload the computing tasks generated by multiple devices
simultaneously due to the limited physical resources and
energy budgets. An efficient scheduling scheme for offloading
is thus necessary. Additionally, the unpredictable arrival of
computing tasks makes the design of a scheduling scheme
for task offloading more intractable. Third, efficient resource
allocation is essential to achieve timely, reliable, and energy-
saving offloading and computing, particularly in scenarios
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with limited resources. Furthermore, analyzing the coupling
relations between communication and computing resources for
different scenarios presents a significant challenge.

To overcome the challenges, we deploy multiple aerial
intelligent reflective surfaces (AIRSs) as passive relays to
facilitate offloading in MEC networks, especially in cases with
weak direct links between devices and the HAP. As one of the
emerging technologies in 6G [7], intelligent reflective surface
(IRS) [8] can intelligently reconfigure the signal propagation
environment by adjusting the passive reflection elements with
special physical structures. AIRS [9], [10], [11] is equipped
with IRS on a high-altitude platform, such as an unmanned
aerial vehicle (UAV) or high-altitude balloon, to increase
the flexibility of IRS deployment and achieve the purpose
of enhancing channel quality. AIRS inherits the advantages
of UAV and IRS, enabling it to establish a high-probability
Line-of-Sight (LoS) link with ground equipment [12] and
providing more design freedom than terrestrial IRS [13], [14].
Consequently, the timeliness and reliability of offloading
can be potentially guaranteed with the assistance of AIRSs,
especially in scenarios with limited available resources and
poor offloading environments.

To depict the timeliness of task offloading and comput-
ing, we introduce the Age-of-Information (AoI) [15] as a
performance indicator in this article. AoI is a performance
metric used to depict the freshness of information contained
in the computing results, which is defined as the time elapsed
since the most recent task was generated [16]. Different from
communication delay and UAV flight time minimization, min-
imizing the AoI-related metrics can maximize the information
freshness of the computing tasks, thereby ensuring the validity
of the information for accurate decision-making.

In this article, given limited communication and computing
resources as well as computing deadline requirements in the
AIRS-assisted MEC networks, we aim to minimize the average
AoI and energy consumption of the system. To this end,
we tend to improve information freshness and curtail energy
expenditure by optimizing the device association, scheduling
for offloading, IRS phase shift, and allocations of communi-
cation and computing resources. To reflect the unpredictable
offloading in the AIRS-assisted MEC network practically, we
consider the random arrival of computing tasks when building
the joint optimization problem. The main contributions of this
article are summarized as follows.

1) We propose a novel AIRS-assisted offloading model
under given available resources to address the challenges
of offloading and computing with timeliness and reliabil-
ity guarantees in MEC networks where the direct links
between the devices and the HAP are poor.

2) To reveal the potential of AIRSs in improving timeliness
and saving energy, we formulate a minimization problem
of average AoI of computing results and system energy
consumption by optimizing the association between
devices and AIRSs, IRS phase shift design, schedul-
ing of computing tasks for offloading, and resource
allocations.

3) We develop an efficient problem-solving framework
and propose a low-complexity algorithm to solve the

formulated problem, which can provide insights for
dealing with intractable mixed-integer and nonconvex
problems. The algorithm performance and the relations
between resources are analyzed to provide design guide-
lines for task offloading and resource allocations.

The remainder of this article is organized as follows. Related
works are summarized in Section II. The system model and
problem formulation are presented in Sections III and IV,
respectively. The proposed solution is detailed in Section V.
Extensive simulation results are presented and analyzed in
Section VI. Finally, this article is concluded in Section VII.

II. RELATED WORK

Recent years have witnessed a wide range of MEC-related
research that is enabled by different key technologies and
considered from different concerns. Next, we will review
and present research on MEC-related work, with a focus on
enabling technologies and optimization objectives.

To enhance the performance of MEC networks, many
prominent efforts have been made by integrating MEC
and other technologies, e.g., UAV [17], [18], device-to-
device (D2D) [19], wireless power transfer (WPT) [20], and
multiantenna nonorthogonal multiple access (NOMA) [21].
Chen et al. [17] concentrated on the problem of AoI-aware
task offloading in a multiaccess edge computing system,
wherein the ground MEC server and the UAVs jointly
provide computing services. Li et al. [18] studied the UAV-
assisted MEC intending to optimize offloading with minimum
UAV energy consumption. Xie et al. [19] investigated the
collaborative task offloading of devices in a D2D-enabled
MEC system and addressed a task-flow constrained network-
wide utility maximization problem. A framework integrating
the WPT technology with MEC was developed in [20] to
charge for multiple users and execute tasks offloaded from
users. Under this framework, the authors designed a resource
allocation scheme based on the time division multiple access
(TDMA) to minimize the total energy consumption of the
HAP. Wang et al. [21] exploited the NOMA technology to
enable offloading for multiple users. They tried to minimize
the weighted sum-energy consumption for all users with
computation latency constraints by optimizing the resource
allocations and the decoding order of the base station. Among
these efforts, most studies [18], [19], [20], [21] focus on energy
consumption, with only a few [17] focusing on information
freshness.

Given the widespread application of the IRS in the field
of communications, we delve into MEC studies integrating
the IRS, recognizing that IRS-assisted MEC research is still
in its fancy. Despite a wealth of IRS-related studies [8], [9],
[10], [11], [13], [22], [23], [24], [25], these works emphasize
communication performance improvement, offering limited
insights into MEC applications. To the best of our knowledge,
several studies have explored terrestrial IRS-assisted MEC
[26], [27], [28], [29], [30] which have revealed the benefits
of IRS assistance in edge computing, but the research on
AIRS-assisted MEC has been scarce for the time being.
Chu et al. [26] studied an IRS-assisted wireless-powered MEC
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and caching network, wherein a network utility maximization
problem was formulated and solved by designing the IRS
phase shift and caching strategy. An edge heterogeneous
network with the assistance of IRS was proposed in [27]
to improve the network performance. The authors minimized
the long-term energy consumption subject to the constraints
imposed on Quality of Service (QoS) and available resources
by optimizing the user association, computation offloading,
resource allocation, and IRS phase shift design. Bai et al. [28]
investigated the pertinent latency-minimization problems for
single-device and multidevice scenarios with limited edge
computing capability to explore the benefits of IRSs in
MEC systems. The IRS-based backscatter communication is
studied in [29] to realize computational task offloading of
energy-constrained MEC network in a self-sustainable manner.
The authors achieved a higher communication performance
by solving the formulated sum of a computational bits
maximization problem. Chen et al. [30] studied the achievable
computation rate performance of IRS-aided wireless-powered
MEC systems and discussed which multiple access scheme
is superior for offloading by considering the impact of IRS.
The benefits of IRS in reducing the offloading latency and
energy consumption, and alleviating the backhaul burden are
evident, even if these efforts focus on only one concern. In
addition, the potential of AIRS assistance in MEC networks
is still unknown.

Motivated by these efforts, we attempt to deploy multiple
AIRSs in MEC networks with poor offloading environments
to provide sustainable, reliable, timely, and energy-saving
offloading and computing for resource-constrained devices.
Given that the QoS of MEC systems usually require multiple
concerns, we construct a problem of minimizing the average
AoI and energy consumption by considering the information
freshness and energy consumption. This article aims to fill
the research gap in integrating AIRSs and MEC, reveal the
potential of AIRSs for MEC performance improvement, and
study the relations between communication and computing
resources in AIRS-assisted MEC networks.

III. SYSTEM MODEL

We consider an AIRS-assisted MEC network, as shown in
Fig. 1, which consists of a single-antenna HAP1 equipped
with an edge server, K IoT devices, and M AIRSs. The
devices scattered throughout the network monitor the physical
environment, capturing information, such as the status of a
wireless sensor network or traffic conditions in an intelligent
transportation system. These devices generate computing tasks
containing the monitored information. Due to insufficient com-
puting capability and limited energy budgets of the devices,
the generated computing tasks need to be offloaded to the
HAP for processing. AIRSs are deployed to assist in offloading
when the direct links between devices and the HAP are poor.

1To purely unveil the potential of the AIRSs, the HAP is equipped with
one antenna. The solution obtained in this article is also applicable to the
case of HAP equipped with multiple antennas. For instance, the receive
beamformers conceived for the TDMA and NOMA schemes are maximum
ratio combiner [20] and minimum mean square error-based arrangements [21],
respectively.

Fig. 1. System model of a MEC network assisted by multiple AIRSs.

The computing tasks are not separable due to the application
requirements and data security considerations.

Each device is equipped with an antenna, while each AIRS
is equipped with a uniform planar array (UPA) of F reflective
elements. The phase shift of each AIRS is adjusted by the
controller mounted on the UAV according to the results sent
by the HAP. We utilize a 3-D Cartesian coordinate system,
wherein the HAP is located at the origin s0 = (0, 0,H), where
H indicates the antenna height of the HAP. The position of the
kth device is denoted by sk = (xk, yk, 0) ∀k ∈ K � {1, . . . ,K}.
The deployment positions of AIRSs are known2 in advance.
Given that the AIRS positions might be dynamic as it follows
a designated route, the hovering position of the mth AIRS in
time slot t is denoted by qm[t] = (xm[t], ym[t], h) ∀m ∈ M �
{1, . . . ,M}. Without loss of generality, all AIRSs fly at the
same altitude.

A. Computing Task Generation

Within the allowable range of endurance for all UAVs, the
time horizon of this system is divided into T equally spaced
time slots, defined as T = {1, . . . ,T}. Each time slot lasts
for δ seconds, which indicates the deadline for processing
each computing task. The generation process of the computing
task for each device is modeled as a Bernoulli process [22].
Specifically, a computing task is generated at each device with
a probability ζk ∈ (0, 1], i.e., P(rk[t] = 1) = ζk, where rk[t] is
a binary indicator to characterize whether a task is generated
at the beginning of the time slot t or not. The task generation
processes of different devices are independent of each other.
The information validity can be figured out by the HAP after
the computing is finished at the end of one time slot.

B. Association and Scheduling Model

The offloading is realized in the nonoverlapping channel
through frequency division multiplexing. The total available
bandwidth of the system is divided into M equal sub-bands.
Each sub-band is assigned for use by an AIRS, which can
facilitate up-link channel estimation for obtaining channel

2The deployment of AIRSs is planned in advance according to the
geographical environment. The AIRS positions can be known through global
position system (GPS) positioning or be estimated through aerial photography
target detection [31] and share the information with the HAP.
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state information (CSI)3 and avoid co-channel interference for
ensuring offloading reliability and information security.

While the HAP is aware of the locations of devices
scattered over a large Region of Interest (RoI), scheduling one
device throughout the entire RoI within each time slot for
offloading poses a challenge for individual AIRS with limited
onboard battery capacity. To reduce the complexity of global
scheduling for offloading and prolong the UAV endurance,
we first solve the association between devices and AIRSs, so
that each AIRS schedules a device from a limited number
of devices associated with it within each time slot. Since the
communication rate determines the reliability of offloading,
the clustering method with the maximum signal-to-noise ratio
(SNR) principle can achieve a good enough offloading rate
and decrease the risk of flight collision for adjacent AIRSs.
The classic K-means clustering method [33] is first applied
to initially cluster all devices into M groups. The devices in
cluster m, defined as Sm, are associated with the mth AIRS,
which is closest to the geometric center of the cluster. The
number of devices in Sm is denoted by Km = |Sm|. As a result,
each device has an AIRS assistance, i.e.,

∑M
m=1 Km = K.

Based on the initial association, we introduce a binary
variable xm,k[t] = 1 to indicate that the kth device is associated
with the mth AIRS for offloading the computing task to
the HAP, otherwise, xm,k[t] = 0. To ensure a channel with
sufficient quality for offloading, we impose the constraint that
each AIRS serves at most one device within each time slot.
The scheduling model for task offloading between devices in
Sm and the AIRS is expressed by

xk,m[t] ∈ {0, 1},
Km∑

k=1

xk,m[t] ≤ 1 ∀k ∈ Sm,m ∈ M, t ∈ T . (1)

C. Channel Model

Define the diagonal phase shift of the mth AIRS in time
slot t as �m[t] = diag{ejθm,1[t], · · · , ejθm,F[t]} ∈ C

F×F , where
θm,f [t] indicates the phase shift of the f th diagonal element,
which needs to satisfy

θm,f [t] ∈ [0, 2π) ∀m ∈ M, t ∈ T , f ∈ F (2)

where F = {1, . . . ,F}. The reflective panels on UAVs are
placed parallel to the ground. In more detail, the indices along
the X and Y axes for each AIRS element are denoted by 0 ≤
fx ≤ Fx and 0 ≤ fy ≤ Fy, respectively, where F = FxFy and
f = Fy(fx − 1)+ fy.

Considering that a signal reflected by one AIRS toward the
HAP typically tilts down to the ground, the signal reflections
between AIRSs are neglected [8] due to the successive path
loss. There are two types of communication links between
each device and the HAP: 1) a direct device-HAP link and
2) a reflective device-AIRS-HAP link. We denote the channel
gains between the kth device and the HAP, the kth device and
the mth AIRS, the mth AIRS and the HAP by hD

k [t] ∈ C,
hk,m[t] ∈ C

F×1, and hm,B[t] ∈ C
F×1, respectively.

3The system works in a legitimate network. The perfect CSI is assumed
to be available based on the existing channel estimation techniques for IRS-
assisted communications [26], [32]. The solution obtained in this article is
deemed to be a best case performance bound in realistic scenarios.

1) Device-HAP Link: The direct link hD
k [t] is modeled as

hD
k [t] =

√
ρd−α

k,Bh̄k,B[t] ∀k ∈ Sm (3)

where
√
ρd−α

k,B is the large-scale fading coefficient, α is the
path loss exponent that usually has a value between 2 and 6,
and ρ is the average channel gain for path loss at a reference

distance of one meter. In (3), dk,B =
√

‖sk − s0‖2
2 + H2 is the

distance between the kth device and HAP. h̄k,B[t] is small-
scale fading which is modeled as a Rayleigh fading channel
with zero mean and unit variance [22].

2) Device-AIRS-HAP Link: Given that UAVs fly at a suffi-
ciently high altitude where high-probability LoS links [34] can
be established, the reflective links are modeled by the Rician
fading channel with a dominant LoS [13], [35]. Thus, hk,m[t]
is modeled as

hk,m[t] =
√
ρd−α

k,m[t]

√
κ1

κ1 + 1
h̄k,m

(
φr

k,m[t], ηr
k,m[t]

)
(4)

where
√
ρd−α

k,m[t] is the path loss coefficient, κ1 is the Rician

factor for hk,m[t] link. dk,m[t] =
√

‖qm[t] − sk‖2
2 + h2 is the

distance between the mth AIRS and the kth device. φr
k,m[t] and

ηr
k,m[t] are the azimuth angle and the elevation steering angle

from the kth device to the mth AIRS, respectively.
Denote the carrier wavelength and space between the

IRS elements by λ and d, respectively. The steering vector
h̄k,m(φ

r
k,m[t], ηr

k,m[t]) is given in (5), shown at the bottom of
the next page, where ⊗ indicates the Kronecker product. The
superscripts (·)H and (·)T indicate the Hermitian transpose and
the transpose, respectively. ur

k,m[t] = sin (φr
k,m[t]) cos (ηr

k,m[t])
and wr

k,m[t] = sin (φr
k,m[t]) sin (ηr

k,m[t]). Likewise, hm,B[t] is
modeled as

hm,B[t] =
√
ρd−α

m,B[t]

√
κ2

κ2 + 1
h̄m,B

(
φt

m,B[t], ηt
m,B[t]

)
(6)

where
√
ρd−α

m,B[t] represents the path loss coefficient. κ2

is the Rician factor for hm,B[t] link, and dm,B[t] =√
‖qm[t] − s0‖2

2 + (h − H)2 is the distance between the mth
AIRS and the HAP in time slot t. φt

m,B[t] and ηt
m,B[t]

are the azimuth angle and the elevation steering angle
from the mth AIRS to the HAP, respectively. The cal-
culation of the steering vector h̄m,B(φ

t
m,B[t], ηt

m,B[t]) is
similar to h̄k,m(φ

r
k,m[t], ηr

k,m[t]), which is omitted for brevity,
where ut

m,B[t] = sin (φt
m,B[t]) cos (ηt

m,B[t]) and wt
m,B[t] =

sin (φt
m,B[t]) sin (ηt

m,B[t]). Thus, the reflective channel gain
between the kth device and the HAP via the mth AIRS in time
slot t is given by

hR
k [t] = hH

m,B[t]�m[t]hk,m[t] ∀k ∈ Sm,m ∈ M, t ∈ T . (7)

D. Offloading Model

The offloading power of the kth device in time slot t, which
is denoted by pk,m[t], is subject to

0 ≤ pk,m[t] ≤ xk,m[t]Pmax ∀k ∈ Sm, t ∈ T (8)
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where Pmax indicates the maximum radio frequency output
power. The received SNR at the HAP is expressed by

γk,m[t] = pk,m[t]
∣
∣hD

k [t] + hR
k [t]

∣
∣2

�σ 2
∀k ∈ Sm, t ∈ T (9)

where � indicates the SNR gap due to the practical modulation
and coding scheme employed, and σ 2 is the variance of
adding white Gaussian noise power at the receiver. The
Doppler effect due to the UAV mobility is assumed to be well
compensated by physical layer designs. Due to the positions
of all facilities being static, the channel characteristics are
assumed to be unchanged during the offloading time. The
achievable offloading rate [36] of the kth device in time slot t
is given by

Rk,m[t] = B log2
(
1 + γk,m[t]

) ∀k ∈ Sm, t ∈ T (10)

where B is the bandwidth of the preassigned frequency band.
We denote the computing task of the kth device by a tuple

(Dk,Ck), where Dk represents the data size of the computing
task and Ck represents the required computing resources for
executing one-bit of input data. The task offloading time τ off

k [t]
within time slot t is given by

τ off
k [t] = Dk

Rk,m[t]
∀k ∈ Sm, t ∈ T . (11)

The edge server at the HAP has multiple virtual queues that
can perform parallel computations. The computing time for
the offloaded task within time slot t is expressed as

τ
edg
k [t] = DkCk

fm[t]
∀k ∈ Sm, t ∈ T (12)

where fm[t] is the computing resources allocated by the HAP
to the virtual computing queue corresponding to the mth AIRS,
which satisfies

M∑

m=1

fm[t] ≤ f̄ ∀t ∈ T (13)

where f̄ represents the total computing resource of the HAP.
Additionally, the processing deadline requires that the offload-
ing and computing for one device must be completed in one
time slot to keep the information up-to-date, i.e.,

xk,m[t]

(
Dk

Rk,m[t]
+ DkCk

fm[t]

)

≤ δ ∀k ∈ Sm, t ∈ T . (14)

Given the relatively small data size of the computing result,
the feedback time for the results is negligible.

E. Energy Model

The circuit energy used to generate the computing task is
ignored. The energy consumption of the kth device in time
slot t used to offload the computing task is expressed by

eoff
k [t] = Dkpk,m[t]

Rk,m[t]
∀k ∈ Sm, t ∈ T . (15)

Based on the dynamic voltage and frequency scaling [5]
technique, the computing energy consumed at the HAP is

ecop
k [t] = ξDkCkf 2

m[t] ∀k ∈ Sm, t ∈ T (16)

where ξ is the effective capacitance coefficient which is
determined by the processor chip architecture.

The AIRSs hover at the deployment positions for propulsion
energy savings and signal stability. According to the most
commonly used energy consumption model [36], the power
consumption of the AIRS during hovering is a constant,
denoted by PH

m , depending on the rotor disc area, aircraft
weight, and air density, etc. The IRS-bearing energy consump-
tion can be reflected by PH

m . The energy consumption related
to offloading for the mth AIRS is a constant cm, including
the energy consumption of regulating the IRS phase shift and
circuit. Thus, the total energy consumed by AIRSs is

eUAV =
T∑

t=1

M∑

m=1

(δPH
m + cm) =

M∑

m=1

T(δPH
m + cm). (17)

Consequently, during the system time permitted by the UAV
endurance, the total energy consumption is expressed as

Etotal =
T∑

t=1

M∑

m=1

Km∑

k=1

xk,m[t](eoff
k [t] + ecop

k [t])+ eUAV. (18)

Since eUAV is not determined by the optimization variables
related to offloading and computing, thus it is omitted in the
following optimization process.

F. AoI Evolution Model

AoI is determined by the time waiting for task offloading
and the time slot imposed by the offloading and computing.
Consider that there is no backlogged task to be processed for
each device, which means that the newly arrived computing
task will replace the task waiting for offloading. Recall that
rk[t] = 1 indicates that a computing task of the kth device is
generated in time slot t. The waiting time of the computing
task for the kth device at the beginning of time slot t, denoted
by zk[t], evolves as follows:

zk[t + 1] =
{

0, if rk[t + 1] = 1
zk[t] + 1, otherwise

(19)

h̄k,m[t] =
(

1, . . . , e−j 2πd
λ

fx sin (φr
k,m[t]) cos (ηr

k,m[t])
, . . . , e−j 2πd

λ
(Fx−1) sin (φr

k,m[t]) cos (ηr
k,m[t])

)

⊗
(

1, . . . , e−j 2πd
λ

fy sin (φr
k,m[t]) sin (ηr

k,m[t])
, . . . , e−j 2πd

λ
(Fy−1) sin (φr

k,m[t]) sin (ηr
k,m[t])

)
,

=
[

1, . . . , e−j 2πd
λ
(fxur

k,m[t]+fywr
k,m[t])

, . . . , e
−j 2πd

λ

(
(Fx−1)ur

k,m[t]+(Fy−1)wr
k,m[t]

)]T

. (5)
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for all k ∈ Sm, t ∈ T̄ . T̄ is the set of elements in T except
T . A binary variable ak[t] is introduced to indicate whether
there is an available packet in the kth device at the beginning
of time slot t or not [22]. When the computing task of the kth
device is offloaded and computed successfully in the previous
time slot, meanwhile, there is no new arrival in the current
slot, ak[t+1] = 0. If there is a new arrival at the beginning of
time slot t+1, ak[t+1] = 1. For other cases, ak[t+1] = ak[t].
The evolution of the packet available status is expressed by

ak[t + 1] =

⎧
⎪⎪⎨

⎪⎪⎩

0, if rk[t] = 1, xk,m[t] = 1

τ off
k [t] + τ

edg
k [t] ≤ δ, rk[t + 1] = 0

1, if rk[t + 1] = 1,
ak[t], otherwise

(20)

for all k ∈ Sm, t ∈ T̄ . Based on this, the indicator of the
available packet at each time slot is expressed by

ak[t + 1] = rk[t + 1] + ak[t](1 − xk,m[t])(1 − rk[t + 1]) (21)

for all t ∈ T̄ . If a packet of the kth device is scheduled for
offloading at the beginning of time slot t before a new packet
arrives and is offloaded and computed successfully in time slot
t, its AoI in the subsequent time slot will drop to zk[t] + 1.
Otherwise, AoI will increase gradually over time. Based on
the initial association results, the AoI of the kth device in Sm

is denoted by Ak,m[t]. The expression of AoI evolution process
for the kth device during T time slots is given by

Ak,m[t + 1] =
⎧
⎨

⎩

zk[t] + 1, if ak[t] = 1, xk,m[t] = 1

τ off
k [t] + τ

edg
k [t] ≤ δ,

Ak,m[t] + 1, otherwise
(22)

for all k ∈ Sm, t ∈ T̄ . Under the premise that (14) is satisfied,
the AoI of the device k is expressed by

Ak,m[t + 1] = xk,m[t]ak[t]zk[t] +
(1 − xk,m[t])ak[t]Ak,m[t] + 1 (23)

for all k ∈ Sm, t ∈ T̄ . The average value of the sum of AoI
for all devices over T time slots is given by

AO = 1

KT

T∑

t=1

M∑

m=1

Km∑

k=1

Ak,m[t]. (24)

An example shown in Fig. 2 visualizes the AoI evolution
process. In this example, we consider the device k with a
computing task arrival probability of 0.2. The initial value
of AoI is 1, i.e., Ak,m[0] = 1. The first computing task is
generated at t = 4 when there is no other task in the device.
The waiting time zk[4] of the current task is 0. zk will gradually
increase with time until the first task is scheduled at t = 8.
The subsequent offloading succeeds, thus zk[8] = 0 and the
AoI value drops from a peak of 9 to 5. After that, a new
computing task arrives at t = 9. AoI continues to grow until
the second task is scheduled for offloading and computed in
time slot t = 14, where the AoI value reaches a new peak,
i.e., Ak,m[14] = 10. Then, Ak,m drops to 6 at t = 15. Likewise,
the AoI evolution regarding the third, fourth, and fifth tasks is
similar to the above process.

Fig. 2. Example of the AoI evolution over time for the kth IoT device.

IV. PROBLEM FORMULATION

The optimization objective of this article is to improve the
freshness of information and reduce the energy consumption
of the system. Thereby, we utilize a simple additive weighting
method to merge the average AoI and the total energy
consumption into a single utility function for easier handling.
The corresponding optimization problem is formulated as

P1 : min{θm,f [t],xk,m[t],
pk,m[t],fm[t]}

w1 AO +w2Etotal (25)

s. t. (1), (2), (8), (13), (14)

where w1 and w2 are the constant weights assigned to AO
and Etotal, respectively, which can be adjusted based on
the system’s preference for timeliness and energy efficiency.
Problem P1 is a mixed-integer nonconvex programming that
cannot be directly solved by the existing convex optimization
techniques, and it is intractable to obtain the optimal solution
even with exhaustive searching.

The challenges of solving Problem P1 mainly lie in two
aspects. First, the optimization variable xk,m[t] is binary, which
leads to Problem P1 involving integer constraints. Second,
the complex coupling relation between optimization variables
makes Problem P1 nonconvex. To solve these challenges, a
series of transformations are applied to make Problem P1
solvable, which are detailed in Section V.

V. PROPOSED SOLUTION

To solve Problem P1 efficiently, we propose an efficient
problem-solving framework, illustrated in Fig. 3. First, we
determine the optimal IRS phase shift design through numer-
ical analysis for a specified AIRS deployment. Second, based
on the initial K-means clustering results and the closed-
form IRS phase shift design, we optimize the association
between the AIRSs and IoT devices to improve the fairness
of device offloading and balance the network load. Third,
based on the results obtained in the previous two steps,
we decompose Problem P1 into two subproblems, i.e., task
scheduling offloading and resource allocations, and solve
them alternatively. Both optimizing the task offloading order
and the resource allocations can be decomposed into M
parallel second-level subproblems, each of which is solved
sequentially by time slot. As long as there is no change in the
environment, e,g., the number and locations of IoT devices
or AIRSs, the aforementioned steps 1 and 2 do not need to
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Fig. 3. Block diagram of the proposed solution for Problem P1.

be conducted repeatedly. The proposed framework can greatly
reduce the computational complexity of algorithm design,
especially when offloading operates in large-scale scenarios.

A. Optimal Phase Shift Design

To ensure reliable and timely task offloading within each
time slot, AIRSs should maximize the channel quality by
maximizing the channel gains between each device and the
HAP. The total channel gains maximization can be realized by
maximizing the channel gains of reflective links via adjusting
the IRS phase shift, which is achieved by optimizing

P2 : min
�m[t]

|hR
k [t]|2

s. t. θm,f [t] ∈ [0, 2π) ∀k ∈ Sm,m ∈ M, f ∈ F , t ∈ T .
(26)

Given {qm[t]}, we aim to find the feasible IRS phase shift
{θm,f [t]} that can maximize the reflective channel gain between
the kth device and the HAP via the mth AIRS, which is
rewritten as

hR
k [t] = hH

m,B[t]�m[t]hk,m[t]

= ρβ
∑F

f =1 ej(θm,f [t]+ϕm,B,f [t]−ψk,m,f [t])

√
dαk,m[t]dαm,B[t]

(27)

where β = √
(κ1κ2/[(κ1 + 1)(κ2 + 1)]), ψk,m,f [t] =

(−2πd/λ)(fxur
k,m[t] + fywr

k,m[t]), and ϕm,B,f [t] =
(−2πd/λ)(fxut

m,B[t] + fywt
m,B[t]). The optimal solution of

Problem P2 is obtained according to Lemma 1.
Lemma 1: For given {qm[t], xk,m[t], pk,m[t]}, the optimal

solution of Problem P2 is achieved when the IRS phase shift
satisfies θm,f [t] = ψk,m,f [t] − ϕm,B,f [t] ∀k,m, f , t.

Proof: Applying the triangle inequality to the UPA gain
of AIRS m, we obtain the following inequality:

∣
∣
∣
∣
∣
∣

F∑

f =1

ej(θm,f [t]+ϕm,B,f [t]−ψk,m,f [t])

∣
∣
∣
∣
∣
∣

≤
∣
∣
∣ej(θm,1[t]+ϕm,B,1[t]−ψk,m,1[t])

∣
∣
∣

+ · · · + |ej(θm,f [t]+ϕm,B,f [t]−ψk,m,f [t])|
+ · · · + |ej(θm,F[t]+ϕm,B,F[t]−ψk,m,F[t])| = F (28)

where the equality holds with

θm,f [t] = ψk,m,f [t] − ϕm,B,f [t]

= 2πd

λ
(fxut

m,B[t] + fywt
m,B[t] − fxur

k,m[t] − fywr
k,m[t]) (29)

for all k ∈ Sm,m ∈ M, f ∈ F , t ∈ T .
Based on Lemma 1, a closed-form solution of the IRS phase

shift for any deployment positions of AIRS can be obtained.
Considering the operating cost of the system, we discuss the
achievability of optimal phase shift in Remark 1.

Remark 1: In general, the IRS contains many reflective
elements, which makes continuous adjustment of phase shifts
costly. As such, it is more cost-effective to adjust discrete
phase shifts in IRS compared to the design of continuous
phase shifts. The IRS phase is generally divided into (2π/2b)

discrete values [37], where b is the number of bits used to
characterize the phase. When the continuous phase shift is
discrete with sufficiently high precision, its performance can
attain the optimal phase shift. The IRS phase shift obtained in
this article provides a best case bound that can be approached
through practical discrete phase shift adjustment.

B. Association Optimization

Although K-means clustering guarantees the offloading
rate, unbalanced clustering will affect the fairness of device
offloading and waiting time for offloading, thereby decreasing
resource utilization and information freshness. Therefore, we
develop a load balance approach based on the initial clustering
results to cope with uneven computing demand distribu-
tion [38] caused by the difference in the load of each AIRS.
The load of AIRS indicates the number of devices associated
with it. Inspired by the coalition formation game [39], we
design a transfer rule within the acceptable rate loss to transfer
devices deliberately from heavy-loaded clusters to light-loaded
clusters for load balance. The transferring rule is given by

Rk,j > Rk,i − R� ∀k ∈ Ci, i, j ∈ M, i 	= j (30)

where R� is the acceptable loss of the offloading rate.
Coalition m, denoted by Cm, indicates the set of devices
associated with the mth AIRS. The utility of device k in
coalition Cm is given by Uk,m = log(Rk,m) [40], and the utility
of Cm is

Um(Cm) =
∑

k∈Cm

log(Rk,m) ∀m ∈ M. (31)

Then, the coalition game can be expressed by {C,U ,M,K},
where C indicates the coalition set and U represents the set
of utilities U for all devices. Cmax and Cmin represent the
coalitions with the largest and smallest values of coalition
utility, respectively. We introduce U� to quantify whether the
clustering is balanced. The association needs to be adjusted
when the maximum difference between the utility of coalitions
is greater than U�, i.e.,

U(Cmax)− U(Cmin) ≥ U�. (32)

The details of association optimization are presented in
Algorithm 1, where � indicates the empty set. The devices
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Algorithm 1 Heuristic Association Optimization Algorithm
Input: tolerance of utility gap U� and rate reduction R�.
1: Initialize coalitions Cm = Sm,∀m;
2: Calculating device utilities {Uk,m,∀k ∈ Cm} for all m;
3: Calculating coalition utilities {Um(Cm),∀m};
4: Select the heavy-loaded coalition Cmax with max{Um,∀m}

and light-loaded coalition Cmin with min{Um,∀m};
5: Set set W = � to store transferred devices;
6: while U(Cmax) > U(Cmin)+ U� do
7: Set j to the index of coalition Cmin;
8: Set i to the index of coalition Ci,∀i 	= j;
9: Update the set Tr by removing transferred devices in

set W to avoid duplicate transfers;
10: Select the device k with the maximum transfer utility

max{Uk,j,∀k ∈ Ci} from the set Tr;
11: Update the set Tr by removing the device k;
12: Update the set W by adding the device k;
13: Update Ci and Cj by transferring device k from

Ci to Cj;
14: Calculate coalition utilities U(Ci) and U(Cj);
15: Select the coalitions Cmax with max{U(Cm),∀m} and

Cmin with min U(Cm),∀m;
16: end while
Output: Sm = Cm,∀m ∈ M.

TABLE I
ACHIEVED NETWORK UTILITY UNDER

DIFFERENT WAYS OF ASSOCIATION

satisfying (30) are concentrated in the set of transferable
devices Tr. In each iteration, we select and transfer the device
k with the maximum transfer utility, i.e., max{Uk,j∀k}, from
the set Tr to the minimal coalition Cmin. Then, coalitions are
updated after transferring. C′

i and C′
j represent the coalitions

after transferring the device k. An example of the comparison
between the initial clustering and final association is given
in Fig. 4, and the corresponding values of the network utility
are given in Table I. The AIRS deployment position is the
geometric center of its corresponding cluster, i.e., qm[t] =
sm ∀t, where sm is the geometric center of the cluster m. It is
observed in Fig. 4 that the AIRS load is well balanced after
the association optimization while the total network utility is
almost unchanged. The convergence of Algorithm 1 has been
analyzed in Theorem 1. The proposed algorithm can also be
extended to situations where the movement of the quasi-static
device has been known, which is explained in Remark 2. This
facilitates the adaptation of dynamic networks.

Theorem 1: The coalition game built in this article can
reach a stable coalition structure.

Proof: The number of game participants, i.e., K, are finite
in this coalition game model, which indicates that the possible
transfer options are limited. Based on the settled transfer rule,
each transfer can guarantee that the maximum utility gap is

(a) (b)

Fig. 4. Comparison between the initial clustering and the association
adjustment results. Sk is the set of devices associated with the kth AIRS.
(a) K-means clustering results. (b) Association adjustment.

reduced. Thus, this coalition game can converge to a coalition
equilibrium structure [41].

Remark 2: Consider that the locations of the devices may
change, the UAVs can calculate the device utility Uk,m[t]
at regular intervals and readjust the association with devices
according to Algorithm 1. The time scale of algorithm
optimization is determined according to the dynamic change
characteristics of the network environment [42].

C. Optimization of Scheduling and Resource Allocation

Given the optimal IRS phase shift design and the association
results, the original problem P1 is simplified as

P3 : min{xk,m[t],
pk,m[t],fm[t]}

T∑

t=1

M∑

m=1

Km∑

k=1

(
w1Ak,m[t]

KT
+

w2xk,m[t](
Dkpk,m[t]

Rk,m[t]
+ ξDkCkf 2

m[t])

)

(33)

s. t. (1), (8), (13), (14).

Problem P3 is mixed-integer and nonconvex due to the
existence of binary variables and nonconvex constraint (14)
caused by variable coupling. Fortunately, Problem P3 can be
decomposed into M parallel subproblems since there are no
coupling constraints between AIRSs. Furthermore, considering
the long system runtime, optimizing each parallel subproblem
would entail a large number of variables. In sight of this issue,
by analyzing the relation between AoI values in adjacent time
slots, each subproblem can be solved sequentially by time slot
to further reduce the computational complexity.

The objective for minimizing the average value of the sum
of AoI among T time slots can be achieved by maximizing the
AoI reduction within each time slot [23], [25]. Specifically,
the device with the maximum AoI value should be sched-
uled at each time slot within each cluster to minimize the
sum of the AoI among all devices. For the optimization of
the mth subproblem within the time slot t, if a device is
scheduled and its computing task is offloaded and computed
before the deadline, its AoI reduction is

∑Km
k=1(Ak,m[t] −

zk[t] − 1)xk,m[t]. Therefore, the mth parallel subproblem is
further decomposed into T subproblems by the time slot,
and the optimization problem within the time slot t is
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Algorithm 2 Task Offloading Algorithm for Problem P4.1

Input: w1 = 1, i = 0, ε > 0.
1: Binary variable relaxation xk,m[t] ∈ [0, 1],∀k ∈ Sm;
2: Initialize the feasible f̄m[t], {p̄k,m[t],∀k ∈ Sm};
3: repeat
4: Set i = i + 1;
5: Obtain {x(i)k,m[t],∀k ∈ Sm} and the objective value A(i)d

by solving Problem P4.1;

6: until
|A(i)d −A(i−1)

d |
A(i−1)

d

≤ ε;

Output: Ad and {xk,m[t],∀k ∈ Sm}.

written as

P4 : min{xk,m[t],
pk,m[t],fm[t]}

Km∑

k=1

xk,m[t]

(

w2(
Dkpk,m[t]

Rk,m[t]
+ ξDkCkf 2

m[t])−

w1(Ak,m[t] − zk[t] − 1)

Km

)

(34)

s. t. (1), (8), (13), (14).

Problem P4 is also mixed-integer and nonconvex, and it cannot
be solved by a general-purpose solver through interior point
methods. To make Problem P4 solvable, we turn to alternately
optimizing task offloading and resource allocations based on
the block coordinate descent (BCD) technique [43].

1) Offloading Optimization: For given feasible resource
allocation, i.e., {p̄k,m[t], f̄m[t]}, the difficulty of solving
Problem P4 lies in the existence of binary variables. To address
the difficulty, we relax xk,m[t] into a continuous variable, i.e.,

xk,m[t] ∈ [0, 1],
Km∑

k=1

xk,m[t] ≤ 1 ∀k,m, t. (35)

Consequently, Problem P4 is transformed into

P4.1 : max
xk,m[t]

w1

Km

Km∑

k=1

xk,m[t](Ak,m[t] − zk[t] − 1)

s. t. (14), (35). (36)

The optimization of device offloading is achieved by solving
Problem P4.1, which is linear programming and can be solved
by the existing convex solvers. The details for solving Problem
P4.1 are outlined in Algorithm 2, where A(i)d indicates the
objective value in iteration i. Subsequently, xk,m[t] is recovered
to binary according to the maximum principle in [44].

2) Resource Allocations: Based on the obtained offloading
decision {xk,m[t]}, resources are optimized by solving

P4.2 : min{pk,m[t],
fm[t]}

Km∑

k=1

w2x̄k,m[t](
Dkpk,m[t]

Rk,m[t]
+ ξDkCkf 2

m[t])

s. t. (8), (13), (14). (37)

Problem P4.2 is nonconvex due to the variable coupling. To
solve the difficulty, we commence by handling the nonconvex
constraint (14). We introduce a slack variable toff

k,m[t], where

toff
k,m[t] ≥ Dk

Rk,m[t]
∀k ∈ Sm. (38)

Algorithm 3 Resource Allocation Algorithm for Problem P4.2

Input: w2 = 1, i = 0, ε > 0.
1: Initialize the feasible {x̄k,m[t],∀k ∈ Sm};
2: repeat
3: Set i = i + 1;
4: Obtain {to ff (i)

k,m [t], e(i)k,m[t], f (i)m [t],∀k} and the objective

value E(i)total by solving Problem P4.2a;

5: Calculate p(i)k,m[t] = e(i)k,m[t]

to ff (i)
k,m [t]

,∀k ∈ Sm;

6: until
|E(i)total−E(i−1)

total |
E(i−1)

total

≤ ε;

Output: Etotal, {fm[t],∀m ∈ M}, and {pk,m[t],∀k ∈ Sm}.

Then, (14) is converted into a convex constraint by taking
toff
k,m[t] into it. To avoid introducing additional variables to

increase the computational complexity, we introduce the aux-
iliary variable ek,m[t] = toff

k,m[t]pk,m[t], which can substitute
variable pk,m[t] equivalently in Problem P4.2.

By taking ek,m[t] into the introduced (38), we convert (38)
into a equivalent but more tractable form, i.e.,

toff
k,m[t]B log2(1 + ek,m[t]|Hk[t]|2

toff
k,m[t]σ 2

) ≥ Dk (39)

where Hk[t] = hD
k [t] + hR

k [t] ∀k ∈ Sm. Constraint (39) is
a convex constraint since the function f (x, y) = y log(1 +
[x/y]), y > 0 is a perspective function of log(1 + x) which is
concave.

Problem P4.2 is solved by solving the equivalent Problem
P4.2a, which is formulated as

P4.2a : min
{toff

k,m[t],
ek,m[t],fm[t]}

Km∑

k=1

w2x̄k,m[t]
(

ek,m[t] + ξDkCkf 2
m[t]

)
(40a)

s. t. (8), (13), (39)

x̄k,m[t]

(

toff
k,m[t] + DkCk

fm[t]

)

≤ δ. (40b)

Problem P4.2 is convex and can be solved directly by the off-
the-shelf convex solvers, e.g., CVX [45]. The details of solving
Problem P4.2 is stated in Algorithm 3. The equivalence proof
is presented in Theorem 2.

Theorem 2: Problem P4.2 is equivalent to Problem P4.2a.
Proof: Please see Appendix A.

To sum up, Problem P3 is decomposed into M parallel
subproblems, each of which is solved sequentially by time
slot. This enables parallel computation over multicore CPUs
and reduces the complexity of optimizing subproblems, thus
the algorithm complexity and run-time are reduced.

D. Overall Algorithm

The above analysis focuses on developing efficient algo-
rithms for task offloading and computing, the overall algorithm
for solving Problem P1 is summarized in Algorithm 4.

1) Algorithm Convergence: The convergence of
Algorithm 1 for association optimization is guaranteed by
Theorem 1. Simulation results prove that both Algorithms 2
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Algorithm 4 Overall Algorithm for Solving Problem P1

Input: weights {w1,w2}, iteration index i = 0, precision ε > 0.
1: Initialize the association {xk,m, ∀k,m} between IoT devices and

AIRSs based on K-means clustering method;
2: Calculate the optimal IRS phase shift {θm,f [t], ∀m, f , t} according

to Lemma 1;
3: Adjust the association {xk,m, ∀k,m} and update {Sm, ∀m}

according to Algorithm 1;
4: Initialize the feasible resource {p(0)k,m[t], f (0)m [t],∀k,m, t};
5: Set the initial objective value Obj(0) = Inf ;
6: for m = 1, · · · ,M do
7: for t = 1, · · · , T do
8: repeat
9: Set i = i + 1;

10: Given p̄k,m[t], f̄m[t], update {x(i)k,m[t],∀k} and AO(i) by
solving Problem P4.1 via Algorithm 2;

11: Update x̄k,m[t] = x(i)k,m[t],∀k;

12: Given {x̄k,m[t],∀k}, update {to ff (i)
k,m [t], e(i)k,m[t],

f (i)m [t],∀k} and E(i)total by solving Problem P4.2a
via Algorithm 3;

13: Calculate p(i)k,m[t] = e(i)k,m[t]

to ff (i)
k,m [t]

,∀k;

14: Update p̄k,m[t] = p(i)k,m[t], f̄m[t] = f (i)m [t],∀k;

15: Update Obj(i) = w1 AO(i)+w2E(i)total;

16: until | Obj(i) − Obj(i−1) |
Obj(i−1) ≤ ε

17: Binary variable recovery xk,m[t] ∈ {0, 1},∀k ∈ Sm;
18: Update Ak,m[t] and {pk,m[t], fm[t]} for all k,m based on

Eq. (23) and Algorithm 3, respectively;
19: end for
20: end for
Output: AO, Etotal, and {xk,m[t], pk,m[t], fm[t], to ff

k,m[t],∀k,m, t}.

and 3 can converge within a few iterations under a given
precision. The overall algorithm convergence is shown in
Theorem 3 according to the execution process of Algorithm 4.

Theorem 3: The proposed overall Algorithm 4 is conver-
gent.

Proof: Please refer to Appendix A.
2) Complexity Analysis: According to the proposed

problem-solving framework illustrated in Fig. 3, the compu-
tational complexity of Algorithm 4 is primarily constructed
by that of Algorithms 1–3. For Algorithm 1, within each
iteration of the while-loop, the computational complexity
is mainly determined by the calculation of device utility
and coalition utility, the selection of coalition utility and
the transfer devices, along with the update of coalition and
device set [43]. The complexities of these operations are KM,
K2 + M2, and K, respectively. Therefore, Algorithm 1 has a
complexity of O(I1(KM + K2 + M2)), denoted by O1, where
I1 is the number of while-loop iterations. For Algorithms 2
and 3, the computational complexity is polynomial, which is
determined by the number of iterations and the optimization
variables for solving convex subproblems in each iteration.
The computational complexity of Algorithm 2 in each
iteration is O(K3) since there are at most K variables
optimized within each iteration. Thus, the total computational
complexity is O(I2K3), denoted by O2, where I2 indicates
the number of iterations for achieving convergence. Likewise,

TABLE II
SIMULATION PARAMETERS

the computational complexity of Algorithm 3 is O(I3(K +
M)3), denoted by O3. Consequently, the total computational
complexity for solving Problem P1 is O1 + MTIo(O2 + O3),
where I0 is the number of iterations required for convergence
in Step 16 of Algorithm 4.

Remark 3: The proposed problem-solving framework in
this article significantly reduces computational complexity
and algorithm runtime. Without the proposed framework,
solving Problem P1 by converting it into an approximate
convex problem has a computational complexity of at least
O(I(MTF + 2KMT + MT)3), where I indicates the iteration
number for achieving convergence.

VI. SIMULATION RESULTS

In this section, we present simulation results to evaluate
the performance of the proposed solution. We consider a
rectangular area with 2 km × 3 km, wherein 3 AIRSs assist
15 randomly distributed IoT devices in offloading tasks to the
HAP at the position (0, 0, 20) as a simulation example. We
consider the general case where the system has no particular
preference for information freshness and energy consump-
tion. Unless stated otherwise, parameter settings are shown
in Table II. Additionally, we verify the performance of the
proposed solution by comparing it with several benchmarks,
which are explained as follows.

1) Random Offloading: Each AIRS adopts a random
offloading scheme to serve its associated devices. The
association and resource allocation are optimized by
referring to Algorithms 1 and 3, respectively.

2) R-Robin Offloading: Each AIRS adopts a Round Robin
offloading scheme to serve its associated devices to
ensure the fairness of offloading. The association
and resource allocation are optimized by referring to
Algorithms 1 and 3, respectively.

3) Without AIRSs: We consider the direct task offload-
ing without the AIRSs assistance. The association
optimization, offloading design, and resource allocation
are optimized by referring to Algorithm 4.

4) Fixed IRS-Phase: We consider the fixed AIRS phase
shift when assisting any device in task offloading. The
association adjustment, offloading design, and resource
allocation are optimized via Algorithm 4.
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Fig. 5. Convergence behaviors of the algorithm for Problem P1.

Fig. 6. Impact of the AIRS deployment on the objective.

5) Fixed Res-Allocation: We consider the fixed resource
allocation, including the device power control and the
HAP computing resource allocation. The association
and offloading design are optimized by referring to
Algorithms 1 and 2, respectively.

A. Algorithm Convergence Behavior

The convergence behavior of the proposed algorithm is
presented in Fig. 5. It is observed that the objective function
value gradually decreases as the number of iterations increases
until it tends to a stable value. Even for the test under different
parameter settings, e.g., Dk and F, the proposed algorithm can
achieve rapid convergence within a few iterations.

B. Impact of AIRS Deployment

In this section, we reveal the impact of AIRS deployment
on system performance. We take the devices in Cluster 2
as an example to analyze the impact of AIRS deployment
on the AoI and energy consumption in Fig. 6. The AIRS is
deployed on a straight line between the HAP and the geometric
center of the cluster, where the X-axis indicates the horizontal
distance between the AIRS and the HAP. It is observed in
Fig. 6 that the objective function value increases with the
horizontal distance between the AIRS and the HAP, but the
increment is limited. The height of the blue rectangle indicates
the total energy consumption of the system. We observe that
the AoI value remains the same while the energy consumption
increases when the deployment position changes. This is

Fig. 7. Impact of the packet arrival rate ζ on the objective.

because the AIRS deployment affects the offloading time by
the channel quality, thus affecting the energy consumption.
The changes in offloading time are not enough to change the
proportion of offloading time and computing time, and it does
not affect the task offloading, so there is no impact on AoI.

Furthermore, the increase in energy consumption due to the
changes in the AIRS deployment position is not significant
since the channel quality in this system is dominated by the
UPA gains provided by the AIRS, in which case the impact
of position on energy consumption is minimal. However, in
scenarios that are very sensitive to energy consumption, it is
best to deploy AIRS near the HAP for energy saving, which
is consistent with the principle of terrestrial IRS deployment.

C. Impact of Task Arrival Rate and Task Size

We present and analyze the impact of the arrival rate ζ and
data size Dk of the computing task on the objective function in
this section. The impact of ζ on the information freshness and
energy consumption is shown in Fig. 7. With the increase of
arrival rate ζ , the average AoI AO, total energy consumption
Etotal, and the objective function increase significantly and
eventually reach stable values. A high-arrival rate ζ means that
there are more computing tasks to be scheduled, which leads
to an increase in the number of offloaded tasks and inevitably
increases the AoI and energy consumption.

The impact of Dk on the AoI and energy consumption is
presented in Fig. 8. It is observed that Dk has little impact on
the AoI since it basically does not affect the task offloading
when (14) is satisfied within a time slot. However, the
increase in task volume will affect the time of offloading
and computing, thereby increasing energy consumption. The
growth trend of the objective function and energy consumption
is thus almost the same. Since the task size from different
applications is different, it suggests weighing the volume
of computing tasks when providing the communication and
computing capabilities to save energy.

D. AoI Evolution

In this section, we take three devices in Cluster 3 as an
example to show the evolution of AoI over time, which is
illustrated in Fig. 9. Although the task arrival rate ζ for the
three devices is the same, the AoI evolution for the three

Authorized licensed use limited to: University of Waterloo. Downloaded on August 08,2024 at 19:24:25 UTC from IEEE Xplore.  Restrictions apply. 



JIANG et al.: AERIAL-IRSs-ASSISTED ENERGY-EFFICIENT TASK OFFLOADING AND COMPUTING 20189

Fig. 8. Impact of the computing task size Dk on the objective.

Fig. 9. Example of the AoI evolution over time.

devices is different since the arrival of tasks is random. Similar
to the analysis process presented in Fig. 2, when the device’s
task is scheduled at the beginning of a time slot, and offloaded
and computed within the current time slot, AoI drops from a
peak to the AoI of the scheduled task in the device.

E. Impact of Channel Quality

We present the impact of the number of AIRS reflective
elements F and the bandwidth B on system performance and
the time tradeoff between the offloading and computing in this
section. The impact of communication quality determined by F
and B on the AoI and energy consumption is shown in Fig. 10.
Increasing the values of F or B can help improve information
freshness and reduce energy consumption for a fixed-size
computing task. This is because increasing F or B can increase
the offloading rate, which is directly beneficial for reducing the
offloading time. Under the limits of the processing deadline
constraint (14), the computing time is thus sufficient, which
is conducive to completing the offloading and computing
in a timely and resource-conserving manner to improve the
information freshness and reduce the energy consumption. The
impact of Dk on the AoI and energy consumption has been
indicated in Fig. 8.

F. Relation Between Device Offloading Power and HAP
Computing Capability

We present and analyze the impact of the number of
AIRS element F, HAP computing capability f̄ , and maximum
offloading power of device Pmax on the energy consumption in
Fig. 11, which reveals the relation between the communication
and computing resources. We observe that increasing F greatly

(a)

(b)

Fig. 10. Impact of the number of AIRS element F and bandwidth B under
different values of the computing task size Dk on the objective. (a) Impact
of F and B on the average AoI. (b) Impact of F and B on the total energy
consumption.

Fig. 11. Impact of parameters F, f̄ , and Pmax on the tradeoff of
communication energy and computation energy.

reduces the average offloading energy Eoff and thus the total
energy consumption Etotal, but the impact of F on the average
computing energy Ecop is not significant. When we keep F
constant and decrease f̄ by 10 times, Ecop drops dramatically
while Etotal and Eoff increase. When we decrease Pmax by 10
times, Etotal and Eoff increases while Ecop decreases slightly.

To further explore the relation between communication and
computing resources and dig for more insights, we present the
average values of energy, time, offloading power, and comput-
ing resources corresponding to communication and computing
in Table III. p and f represent the average offloading power
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TABLE III
AVERAGE VALUES OF ENERGY CONSUMPTION, TIME PROPORTION, AND RESOURCE VARIABLES UNDER DIFFERENT VALUES OF F, f̄ , AND Pmax

of the device and the average computing resources allocated
by the HAP, respectively. We observe that when fixing f̄ and
increasing F, the proportion of the average computing time
Tcop and average offloading time Toff is almost unchanged, the
device tends to reduce p to save energy expenditure due to the
enhancement of channel quality. However, when fixing F and
reducing f̄ , the ratio of Tcop and Toff changes significantly. The
proportion of Tcop increases due to the reduction in f , thereby
Etotal increases. Under the limitation of processing deadline,
an increase in Tcop means a decrease in Toff, which is bound to
increase the cost of p. Similarly, when fixing F and reducing
Pmax, the reduction of p leads to an increase in offloading
energy, thus f is increased to compensate for the energy loss
caused by insufficient communication resources.

To sum up, communication and computing resources are
mutually compensated. Increasing the communication or com-
puting capabilities can help save energy, but the impact
on the proportion of Toff and Tcop to δ is different. For
communication, energy consumption is determined by F, p,
and Toff. Enhancing the channel quality by increasing F can
decrease p for saving energy but almost not affect Toff, thus
has no impact on the allocation of f . However, the reduction in
offloading capability, i.e., Pmax, will cause an increase in Toff.
To ensure that the offloading and computing are completed
within a given time, the HAP needs to increase f to save Tcop.
For computing, energy consumption is determined by Tcop and
f . Tcop is directly affected by the computing capability f̄ . The
weakening of f̄ increases Tcop, which forces the device to
increase p to reduce Toff for satisfying (14).

G. Comparisons With Benchmarks

After understanding the influence mechanism of different
parameters on the information freshness and energy consump-
tion, we compare the proposed solution with five benchmarks
in this section to evaluate the performance of the proposed
solution. It is observed in Fig. 12 that both the average AoI
AO and total energy consumption Etotal increase with the
number of devices K. This is because increasing K means
that the time waiting for offloading becomes longer, the task
volume increases, so the energy consumption increases. It is
worth emphasizing that our proposed solution outperforms
benchmarks in information freshness and energy consumption.

In terms of information freshness, as shown in Fig. 12(a), it
is observed that Random Offloading has the worst information
freshness performance. Even R-Robin Offloading performs

Fig. 12. Comparisons between the proposed solution and benchmarks under
different values of the number of devices K. (a) Comparisons of AO values.
(b) Comparisons of Etotal values.

better than Random Offloading but worse than other bench-
marks. This indicates that the offloading scheme plays a
dominant role in influencing AoI. The fixed AIRS phase
shift, i.e., Fixed IRS-Phase, is closest to the performance of
our proposed solution. Meanwhile, the optimization algorithm
without the assistance of AIRSs, i.e., Without AIRSs, and
the optimization algorithm of fixed resource allocation, i.e.,
Fixed Res-Allocation, are worse than Fixed IRS-Phase. In
terms of energy consumption, it is observed in Fig. 12(b)
that Fixed Res-Allocation has the worst performance, followed
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by Without AIRSs. This is because unreasonable resource
allocation and poor channel conditions inevitably waste com-
munication and computing resources. Moreover, R-Robin
Offloading, Fixed IRS-Phase, and Random Offloading all
perform worse than the proposed solution. The above results
indicate that the assistance of AIRSs, design of offloading,
optimization of resource allocation, and design of IRS phase
shift have different degrees of impact on the objective function
and are essential for information freshness improvement and
energy conservation in MEC networks.

VII. CONCLUSION

In this article, we have investigated the timely and reli-
able task offloading and computing assisted by multiple
AIRSs for supporting energy-efficient and time-critical appli-
cations in MEC networks with poor links between devices
and the edge server. We have proposed a low-complexity
and efficient problem-solving framework to cope with the
intractable formulated optimization problem that is mixed-
integer and nonconvex. The proposed solution reveals the
potential of the AIRS in improving information freshness
and reducing energy consumption, explains the compensation
relation between communication and computing resources,
and provides design insights for task offloading and resource
management. For future work, we will study the number
of required AIRSs under specific requirements and explore
the real-time offloading decision in AIRS-assisted MEC
networks.

APPENDIX A
PROOF OF THEOREM 2

This theorem is proved by contradiction. First,
we denote the optimal solution to Problem P4.2a by
{toff

k,m
∗
[t], e∗

k,m[t], f ∗
m[t] ∀k,m}. Without loss of optimality to

Problem P4.2a, we can readily derive that the constraints in
(40b) for all AIRSs and devices should be active, i.e.,

x̄k,m[t]

(

toff
k,m

∗
[t] + DkCk

f ∗
m[t]

)

= δ ∀k,m. (41)

Otherwise, the objective function value can always be fur-
ther decreased by decreasing f ∗

m[t] until the equality of
(40b) holds, which also indicates the invariance of toff

k,m
∗
[t].

Then, for the constraints in (39), in the optimal solution to
Problem P4.2a, we assume that there exists a set of variables
{toff

k,m
∗
[t], e∗

k,m[t]∀k,m} such that

toff
k,m

∗
[t]B log2

(

1 + e∗
k,m[t]|Hk[t]|2
toff
k,m

∗
[t]σ 2

)

> Dk. (42)

Thus, we can always find another set of variables
{toff

k,m
�
[t], e�k,m[t]∀k,m} which satisfy

toff
k,m

�
[t]B log2

(

1 + e�k,m[t]|Hk[t]|2
toff
k,m

�
[t]σ 2

)

= Dk. (43)

For the set of variables {toff
k,m

�
[t], e�k,m[t]∀k,m}, the constraints

in (39) are active while the constraints in (40b) are inactive,
thereby the objective function value of Problem P4.2a can be

further decreased. This contradicts the assumption. To sum
up, in the optimal solution {toff

k,m
∗
[t], e∗

k,m[t], f ∗
m[t] ∀k,m} to

Problem P4.2a, both the constraints in (40b) and (39) are
active. Likewise, we can apply the same contradiction method
to prove that in the optimal solution to Problem P4.2, the
constraints in (14) are active for all devices and AIRSs. As a
result, the optimal solution to Problem P4.2 can be obtained
by solving the equivalent Problem P4.2a, leading to the desired
result.

APPENDIX B
CONVERGENCE ANALYSIS OF ALGORITHM 4

First, given p(i)k,m[t] and f (i)m [t] in step 10 of Algorithm 4,
the optimal solution of Problem P4.1 is obtained according to
Algorithm 2. Thus, we have

A(i)d

(
p(i)k,m[t], f (i)m [t], x(i)k,m[t]

)

≤ A(i+1)
d

(
p(i)k,m[t], f (i)m [t], x(i+1)

k,m [t]
)

(44)

which can guarantee that AO(i) [t] ≥ AO(i+1) [t].
Second, for given x(i)k,m[t] in step 12 of Algorithm 4, the total

energy consumption Etotal follows that:

E(i)total

(
x(i)k,m[t], p(i)k,m[t], f (i)m [t]

)

≥ E(i+1)
total

(
x(i)k,m[t], p(i+1)

k,m [t], f (i+1)
m [t]

)
(45)

which holds since Problem P4.2 is solved optimally. The
optimal phase shift can always be obtained via Lemma 1.

Based on the above analysis, we have

Obj(i)
(

x(i)k,m[t], p(i)k,m[t], f (i)m [t]
)

≥ Obj(i+1)
(

x(i+1)
k,m [t], p(i+1)

k,m [t], f (i+1)
m [t]

)
(46)

where Obj = AO +Etotal indicates the objective function
value of Problem P1, which means that Problem P1 is
monotonically nonincreasing as the iteration number increases.
Furthermore, Obj is lower bounded by zero, the proposed
algorithm can be guaranteed to converge to a stationary
point.
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