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Abstract— Integrated sensing and communication (ISAC)
provides an emerging paradigm for enabling a variety of
next-generation wireless services and applications. Due to the
limited computation resources on ISAC devices and the latency
as well as the reliability requirements, we propose a paradigm
of mobile edge computing (MEC) aided ISAC with short-packet
transmissions, where multiple ISAC devices adopt short-packet
transmissions to offload their sensed radar data to an edge-server
for analysis. We adopt the mutual information to measure the
performance of radar sensing and quantify the reliability and
latency performances for analyzing the radar-data via edge
computing. We formulate an energy minimization problem that
jointly optimizes the size of each short packet, the duration of
each short packet, the computing-capacity allocations of edge-
server, the beamforming of the radar sensing and the offloading
transmission, while providing guaranteed performances for the
radar sensing, the latency for radar-data analysis, and the
reliability of offloading transmission. We identify the hierar-
chical structure of the formulated problem and divide the
problem into three subproblems. For both the bottom-layer
problem optimizing the computing-capacity allocations of the
edge-server and the middle-layer problem optimizing the size
of each short packet and the duration of each short packet,
we derive their solutions analytically. Finally, for the top-layer
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problem optimizing the beamforming of the radar sensing and
the offloading transmission, we transform it into a difference of
convex (DC) problem which can be efficiently solved. We show the
performance advantages of our proposed scheme. The simulation
results show that our proposed algorithm can outperform the
benchmark algorithms.

Index Terms— Mobile edge computing, integrated sensing and
communication, short-packet transmissions.

I. INTRODUCTION

INTEGRATED sensing and communication (ISAC), which
enables the joint radar sensing and data communications,

has been regarded as one of the key paradigms for supporting
various emerging wireless services in future 6G networks [1],
[2], [3]. Thanks to enabling the dual-functionality of radar
sensing and data communications simultaneously, ISAC has
been expected to effectively reduce the usage of radio
resources (e.g., the frequency channels and time-slots), com-
pared to conventional systems that require separated radio
resources to perform radar sensing and data communications.
Thus, many researches have been devoted to ISAC with its
applications. Despite the potential advantage, the integration
of radar sensing and data communications leads to mutual
interference between them, which may adversely degrade
their respective performances. To address this issue, several
studies have focused on optimizing the ISAC performance,
e.g., via waveform design [4], [5], [6], [7], [8] and interference
mitigation [9], [10].

ISAC devices generate a large volume of sensing data,
which can be used for many intelligent applications such as
target recognition. Many advanced machine learning and deep
learning techniques have been used to improve the analysis
accuracy of radar sensing signal, which requires a large
amount of computation resources [11], [12]. Due to the limited
computation resources on the ISAC devices, locally analyzing
the radar-sensing data on the ISAC devices will suffer from
a long latency. Mobile edge computing (MEC) [13], [14],
[15], [16], [17], [18], [19] provides a promising solution to
address this issue. In this work, we consider MEC aided
ISAC, in which the ISAC devices offload their sensed radar
data to an edge-server for efficient analysis while accounting
for the consequent performances, including the radar sensing
performance, the latency for the radar-data analysis, and the
reliability of offloading transmission.

Although MEC can potentially reduce the latency for
analyzing the radar-sensing data, the offloading transmission
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of radar-sensing data over wireless links may suffer from
the interference from both the radar sensing as well as
other ISAC devices’ offloading transmissions, which degrades
the reliability of the offloading transmission. Such an issue
is critical to many fault-sensitive applications and services,
in which the radar-sensing data should be delivered to the
edge-server in a reliable manner. The short-packet mechanism
provides an efficient approach for enabling reliable and low-
latency communications [20], [21], [22], [23], [24], [25],
[26], in which packets of the short block-length are used
for delivering data. In this paper, we investigate the MEC
aided ISAC with adaptive short-packet mechanism to reduce
the latency and satisfy the reliability requirement. Although
many existing studies investigate short-packet transmissions in
different networks, little attention has been paid to ISAC which
invokes the new performance metric for the radar sensing.
Moreover, the existing studies on short-packet transmission
usually do not consider the optimization of the sizes of
different short packets [20], [21], [22], [23], [24], [25], [26].
Different from the aforementioned works, we consider the
paradigm of MEC aided ISAC, where the radar-sensing data
is delivered to the edge-server via multiple short packets with
optimized packet sizes and transmission duration. Our main
contributions are summarized as follows.

• We characterize the mutual influence between the per-
formance of radar sensing and the performance of the
sensing-data offloading transmission via short packets.
We characterize the decoding error probability of each
ISAC device’s short packets for its offloading trans-
mission, by accounting for both the interference from
all devices’ radar sensing as well as other devices’
offloading transmissions. We quantify the mutual inter-
ference between the radar sensing and the offloading
transmission, and future quantify the mutual informa-
tion from the radar echo as the sensing performance
metric.

• We formulate an optimization problem to minimize
the system energy consumption and guarantee i) the
requirement on the radar-sensing performance, ii) the
requirement on the decoding error probability of the ISAC
devices’ short-packet transmissions (i.e., the reliability
requirement), and iii) the requirement on the latency in
processing the ISAC devices’ sensing-data via MEC (i.e.,
the latency requirement). To achieve this objective, our
problem jointly optimizes the size of each short packet,
the duration of each short packet, the computing-capacity
allocations of the edge-server, the beamforming for radar
sensing, and the beamforming for offloading transmis-
sion.

• Despite the non-convexity of the joint optimization prob-
lem, we propose an efficient algorithm to compute the
solutions. We identify the hierarchical structure of the
formulated problem and decompose it into three subprob-
lems, including i) a bottom-layer problem optimizing the
computing-capacity allocations of the edge-server, ii) a
middle-layer problem optimizing the size of each packet
and the duration of each short packet, and iii) a top-layer
problem optimizing the beamforming for radar sensing
and the beamforming for offloading transmission. For
the bottom-layer problem and the middle-layer problem,

we derive their optimal solutions analytically. For the top-
layer problem, we transform it into a difference of convex
(DC) problem which can thus be efficiently solved.

• Extensive numerical results are provided to validate
the performance advantage of our proposed scheme
and the effectiveness of the proposed algorithm. We show
the performance advantage of our proposed algorithm
in comparison with two different benchmark algorithms.
The simulation results show that our proposed algorithm
can outperform the benchmark algorithms.

The remainder of this paper is organized as follows.
We review the related studies in Section II. We formulate a
joint optimization problem in Section III and further propose
an efficient algorithm for solving the problem in Section V.
Numerical results are presented in Section VI. We finally
conclude this work in Section VII and discuss the future
directions.

II. RELATED STUDIES

There exists a coupling effect between the radar sensing and
data communications due to sharing the same radio resources
in ISAC. The integration of two functionalities incurs mutual
interference which degrades both the performances of radar
sensing and communication. Several studies have been devoted
to addressing the mutual interference via waveform design.
Liu et al. in [4] utilized the Cramér-Rao bound to measure
the radar sensing performance and minimized the Cramér-Rao
bound meanwhile satisfying the signal noise ratio constraint
of the communication devices. The authors in [5] proposed
a single-tratget-multi-beams radar beam alignment scheme
to allocate multiple radar beams to the target, which can
obtain more accurate information on estimated ranges and
velocities. Ni et al. in [6] studied the optimal waveform
design in communication-centric ISAC system, under the
constraint of multi-metrics including the signal to interfer-
ence plus noise ratio (SINR), the mutual information and
the Cramér-Rao bound. Yuan et al. in [7] investigated the
orthogonal time frequency space modulation for ISAC in
vehicular networks. Different interference mitigation schemes
have also been proposed for ISAC. Chen et al. in [9] studied
the full-duplex self-interference cancellation in dual-functional
radar-communication system, aiming to maximize the radar
SINR meanwhile satisfying the requirement of communication
throughput. Zhang et al. in [10] utilized intelligent reflecting
surface to suppress the interference between the radar sensing
and communication for ISAC in cloud radio access network.

Different from the above mentioned works, we consider
that the ISAC devices have limited computation-resources and
cannot perform a timely local processing (i.e., analysis) of
the radar-sensing data. Thus, we propose a paradigm of MEC
aided ISAC. MEC has been regarded as a promising paradigm
for enabling the computation-intensive yet latency-sensitive
services in wireless networks. Thanks to its potentials, many
studies have investigated the performance optimizations for
different MEC aided paradigms, e.g., unmanned aerial vehicle
(UAV) assisted network [15], [16], vehicular networks [17],
space-air-ground integrated networks [18]. Recently, there
have been several studies leveraging ISAC for MEC. Liu et al.
in [27] investigated the sensing data offloading in the UAV
assisted networks and proposed an energy-efficient strategy
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for computation offloading. However, the radar-sensing per-
formance has not been accounted for in [27]. The authors
in [28] utilized IRS to improve both the radar sensing and
data offloading performances in ISAC assisted MEC network,
in which the radar-sensing data is not related to the offload-
ing transmission. Different from [28], we consider that the
radar-sensing data generated by the ISAC devices is offloaded
to the edge-server for analysis.

There have been several studies investigating the short-
packet transmission. Li et al. in [21] investigated the physical
layer security aided secure short-packet transmissions for
the ultra-reliable and low-latency communication. Pan et al.
in [22] jointly optimized the block-length of the short packet
and the UAV’s allocation in UAV networks. Cai et al.
in [23] investigated the resource allocation in a two-way
UAV relaying communication with the short-packet mech-
anism, with the objective of maximizing the transmission
throughput under both the latency and reliability requirements.
Zhou et al. in [24] investigated the short packet transmissions
in the mobile edge computing assisted radio access network.
Ren et al. in [25] investigated multiple input multiple output
(MIMO) enhanced short-packet transmissions in industrial
Internet of Things and maximized the achievable data rate
by optimizing the pilot and payload transmission power.
The authors in [26] analyzed the control and non-payload
communication link in UAV networks for the ultra-reliable
and low-latency communication. Different from the existing
works, we consider the MEC aided ISAC with short-packet
transmissions, where the radar-sensing data is reliably deliv-
ered to the edge-server via multiple short packets, with the
guaranteed performances of radar sensing, offloading latency
and the decoding error probability of the packets.

III. SYSTEM MODEL AND PROBLEM FORMULATION

As shown in Figure 1, we consider the MEC aided ISAC,
which includes a group of K = {1, 2, . . . ,K} ISAC devices
and one wireless access point (AP). The wireless AP is
equipped with one antenna and is connected to an edge-
server. Each ISAC device is equipped with M antennas.
We consider a general spectrum sharing approach, i.e., all
ISAC devices conduct the radar sensing and data transmissions
simultaneously over the same frequency channel. Although the
spectrum sharing can reduce the usage of bandwidth, it incurs
complicated co-channel interference which will be modeled in
Section III-B and Section III-C.

As illustrated before, each ISAC device offloads its
radar-sensing data to the edge-server for analysis with the
short-packet transmission. To model the offloading transmis-
sion, we consider that the time-horizon is divided into N
time-slots with the length of each time-slot denoted by τ . Each
time-slot is used for sending one short packet (containing the
radar-sensing data) to the edge-server from the ISAC devices.
Thus, τ also denotes the duration of each short packet. In our
problem formulation, we will treat τ as a decision variable,
which is equivalent to optimize the latency of the offloading
transmission. In this work, we consider that the channel
power gains vary across different time-slots. To adapt to the
time-varying channels for different ISAC devices, we optimize
their packet sizes at different time-slots during the offloading
transmissions.

A. Offloading Transmissions via Short Packets

According to the practical radar detection [29], the total
number of bits of the radar-sensing data generated by the k-th
ISAC device can be modeled as

Dk=ρδkξθςkιk, (1)

where ρ is a parameter depending on the sampling config-
uration. Parameter δk denotes the switching speed of the
radar beam. ξθ is the quantization coefficient for the angles,
and ςk is the number of quantization bits for each sample.
In addition, parameter ιk ≥ 1 is a constant determined by the
data redundancy.

Recall that the time-horizon is divided into a sequence of
N = {1, 2, . . . , N} time-slots. A time-slot is used to send
each ISAC device’s one short packet to the edge-server, and
Dk denotes the size of the total radar-sensing data of ISAC
device k. We use dkn to denote the size of the n-th short
packet at the n-th time-slot sent by ISAC device k. Thus,
to complete sending device k’s total data Dk, the following
equation should hold1:∑

n∈N
dkn=Dk, ∀k ∈ K. (2)

To quantify the reliability of the offloading transmission,
we use εkn to denote the decoding error probability for
device k’s n-th short packet (i.e., at the n-th time-slot). It is
noticed that conventional Shannon channel capacity cannot
be directly used for modeling the short-packet transmission.
Accounting for the feature of the finite block-length, the
maximum achievable throughput from ISAC device k to the
edge-sever at the n-th time-slot can be expressed as [30]

Rkn=B
(
log2(1+γoff

kn)−
√

Vkn

Bτ
Q−1(εkn)

)
, (3)

where B denotes the channel bandwidth. Variable γoff
kn denotes

the SINR for the k-th ISAC device’s offloading transmission
at the n-th time-slot, which will be quantified in Section III-
B. As mentioned before, τ is the transmission duration of
each packet. Q−1( · ) is the inverse of Q-function, i.e.,
Q(x)= 1√

2π

∫∞
x

e−
y2

2 dy. In eq. (3), Vkn denotes the channel
dispersion which can be expressed as

Vkn=
1

(ln 2)2
(
1− 1

(1+γoff
kn)2

)
. (4)

When sending a short packet of dkn bits with duration τ ,
the following equation should hold:

Rknτ=dkn. (5)

By substituting eq. (3) into eq. (5), we can obtain ISAC
device k’s decoding error probability at time-slot n as

εkn=Q
(√Bτ

Vkn
log2(1+γoff

kn)− dkn√
BτVkn

)
. (6)

1In this paper, similar to the paradigm of partial computation offloading
in MEC [15], we assume that the volume of the radar-sensing data can be
divided into multiple pieces.
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Fig. 1. MEC aided ISAC with short-packet transmissions: a group of K ISAC devices perform the radar sensing and offloading transmissions simultaneously
over the same channel.

Based on eq. (6), we can express the overall decoding error
probability for ISAC device k, which is denoted by εk, as

εk=
N∑

n=1

εkn

( n−1∏
j=1

(1−εkj)
)
. (7)

Since the values of {ϵkn} are usually very small (e.g.,
1 × 10−5) for reaching the requirement of ultra-reliable
transmission, similar to the approximation in [31], we can
approximate ϵk by neglecting the series of production terms
such as ϵk1ϵk2ϵk3 in eq. (7), which leads to

εk ≈
N∑

n=1

εkn. (8)

To ensure the reliability of ISAC device k’s offloading trans-
mission, we impose the following constraint:

εk ≤ εmax
k , ∀k ∈ K, (9)

where εmax
k denotes the maximum of the decoding error

probability of ISAC device k.

B. SINR Analysis for the Offloading Transmission
In eq. (6), we need to provide γoff

kn to evaluate the decoding
error probability. We thus quantify γoff

kn in this subsection
by accounting for the mutual interference between the radar
sensing and the devices’ offloading transmissions. The details
are as follows. To increasing the degrees of freedom of MIMO
radar waveform, we utilize both the precoded individual
communication and radar waveforms [32]. As a result, the
transmitted signal is the sum of the precoded communication
and radar waveforms. For the k-th ISAC device at the n-th
time-slot, we use srad

kn ∈ CM×1 to denote the vector of M
radar waveforms and use Wrad

kn ∈ CM×M to denote the
precoding matrix (i.e., beamforming) for the corresponding
radar waveforms. We use soff

kn ∈ CM×1 to denote the vector
of M parallel communication symbols which are offloaded
to the edge-server, and we use Woff

kn ∈ CM×M to denote
the precoding matrix for the offloading transmission. The

transmitted signal of the k-th ISAC device at the n-th time-slot
can be expressed as

xkn=Wrad
kn srad

kn +Woff
knsoff

kn, (10)

The received signal of the AP at the n-th time-slot can be
expressed as

yn=
∑
k∈K

(hkn)Hxkn+υn, (11)

where hkn ∈ CM×1 denotes the communication chan-
nel matrix from the k-th ISAC device to the edge-server,
and υn denotes the additive white Gaussian noise with
covariance σ2.

By substituting the expression of xkn (i.e., eq. (10)) into
eq. (11), the received signal of the k-th ISAC device at the
n-th time-slot can be expressed as

yoff
kn = (hkn)HWoff

knsoff
kn︸ ︷︷ ︸

desired offloading
signal

+
∑

j ̸=k,j∈K

(hjn)HWoff
jnsoff

jn︸ ︷︷ ︸
interference from other
devices’ offloading signal

+
∑
k∈K

(hkn)HWrad
kn srad

kn︸ ︷︷ ︸
interference from all
devices’ radar signal

+υn. (12)

With eq. (12), the SINR γoff
kn for the k-th device’s offload-

ing transmission at the n-th time-slot can be expressed
as

γoff
kn=

||(hkn)HWoff
kn||

2∑
k∈K

||(hkn)HWrad
kn ||

2+
∑

j ̸=k,j∈K
||(hjn)HWoff

jn ||
2+σ2

.

(13)

C. Modeling of Radar Sensing
We quantify the mutual information to measure the radar

sensing performance, which provides an effective measure for
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the amount of the information of the target captured by the
radar echo signal [33], [34], [35]. The received radar signal
of the k-th ISAC device at the n-th time-slot can be written
as

yrad
kn =Aknxkn+

∑
j ̸=k,j∈K

H̄kjnxjn+vkn, (14)

where Akn ∈ CM×M is the target response matrix between
the k-th ISAC device and its target at the n-th time-slot. Akn

can be modeled as Akn=β̄knarec
kn (atran

kn )H , where β̄kn denotes
the complex path loss. atran

kn and arec
kn denote the array steering

vectors of the transmitter and receiver, respectively. H̄kjn ∈
CM×M denotes the interference channel matrix from the k-
th device to the j-th device at the n-th time-slot. vkn is the
receiver noise of the k-th device at the n-th time-slot with
variance σ2.

By substituting the expression of xkn (i.e., eq. (10))
into eq. (14), the received radar signal can be written
as

yrad
kn = AknWrad

kn srad
kn︸ ︷︷ ︸

desired radar
signal

+
∑

j ̸=k,j∈K

H̄jknWrad
jn srad

jn︸ ︷︷ ︸
interference from other
devices’ radar signal

+AknWoff
knsoff

kn+
∑

j ̸=k,j∈K

H̄jknWoff
jnsoff

jn︸ ︷︷ ︸
interference from all devices’

offloading signal

+vkn.

(15)

We use Rx
kn to denote the covariance of the transmitted

waveform, i.e.,

Rx
kn = E(xknxH

kn)=Wrad
kn (Wrad

kn )H+Woff
kn(Woff

kn)H

= Rrad
kn + Roff

kn, (16)

where Rrad
kn denotes the covariance of its radar waveform,

i.e.,

Rrad
kn =Wrad

kn (Wrad
kn )H

, (17)

and Roff
kn denotes the covariance of its communication wave-

form, i.e.,

Roff
kn=Woff

kn(Woff
kn)H

. (18)

Based on the expression of the received radar signal in
eq. (15), the mutual information for radar sensing between
the k-th ISAC device and its target at the n-th time-slot can
be expressed as

Irad
kn =B log det

(
IM+AknRrad

kn AH
knΦ−1

kn

)
, (19)

where det ( · ) denotes the determinant of a matrix, and
IM denotes an identity matrix with the dimension M × M .
In eq. (19), Φkn is given by

Φkn =
∑

j ̸=k,j∈K

H̄jknRrad
jn (H̄jkn)H+

∑
j∈K

CjknRoff
jn(Cjkn)H

+ σ2IM , (20)

where

Cjkn=

{
Akn, j=k,

H̄jkn, j ̸= k.

D. Latency for Radar-Sensing Data Analysis

To quantify the latency for analyzing each ISAC device’s
radar-sensing data via MEC, we account for both the latency
of each device’s offloading transmission and the latency of
performing the analysis at the edge-server for each device.
The details are as follows.
• For each ISAC device, its offloading transmission dura-

tion can be expressed Nτ , where N is the fixed parameter
denoting the number of the time-slots and τ denotes the
length of each time-slot (notice that we will optimize
τ in our following problem formulation). As shown in
Figure 1, for the sake of clear modeling, we assume that
all ISAC devices use the same offloading transmission
duration, i.e., Nτ . The reason can be explained as fol-
lows. If we allow different ISAC devices to use different
offloading transmission durations, then the interference
items in eq. (12) and eq. (15) will become very com-
plicated. Specifically, the interference items depend on
which subset of the ISAC devices are performing offload-
ing transmissions simultaneously. As a result, it becomes
very complicated to model γoff

kn and Irad
kn unless we know

the ordering of the ISAC devices when they complete
their offloading transmissions. Due to the above reason,
we assume that all ISAC devices use the same offloading
transmission duration, i.e., Nτ .

• After the edge-server receives the radar-sensing data
from the ISAC devices, the edge-server processes and
analyzes the data by using the correspondingly allocated
computing-capacities to different devices. We use fk to
denote the computing-capacity allocated to ISAC device
k. The latency for the edge-server to complete processing
all ISAC devices’ radar-sensing data can be given by

tserver= max
k∈K

{ζDk

fk
}, (21)

where ζ is a coefficient representing the number of CPU
cycles to process one bit data.

Based on the above analysis, the overall system-latency can
be expressed as2

T ove=Nτ+tserver = Nτ+ max
k∈K

{ζDk

fk
}. (22)

E. Modeling of the Energy Consumption

The overall energy consumption includes two parts, i.e.,
the energy consumption of all ISAC devices and the energy
consumption of the edge-server. We quantify these two parts
as follows.
• Each ISAC device’s energy consumption includes two

parts, i.e., the energy consumption for radar sensing and
the energy consumption for its offloading transmission.

2In this work, for the sake of clear modeling, we assume that the sensed
radar data is sent to the edge-server immediately when it is obtained, i.e.,
there is no processing latency at the ISAC devices.
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Thus, from all ISAC devices’ perspective, the total energy
consumption can be expressed as∑
k∈K

Edevice
k

=
∑
n∈N

∑
k∈K

τTr
(
Wrad

kn (Wrad
kn )H+Woff

kn(Woff
kn)H)

. (23)

In eq. (23), with different beamformings Woff
kn and Wrad

kn ,
ISAC device k’s transmit-power at time-slot n varies.
Thus, optimizing beamformings Woff

kn and Wrad
kn can

adjust ISAC device k’s transmit-powers for radar sensing
and offloading transmission, respectively.

• The edge-server consumes energy to process the
radar-sensing data from the ISAC devices. The cor-
responding power consumption per second can be
expressed as κf3

k [36], where κ represents the
energy-efficiency coefficient depending on the architec-
ture of the CPU. Since processing Dk bits requires
a latency of ζDk

fk
, the energy consumption to process

Dk bits data from the k-th ISAC device is ζDkκf2
k .

Thus, the energy consumption of the edge-server to
process all ISAC devices’ sensing data can be expressed
as

Eserver =
∑
k∈K

κζDkf2
k . (24)

Based on the above analysis, the overall system energy
consumption can be expressed as

Eove=ϖ1

∑
k∈K

Edevice
k +ϖ2E

server, (25)

where ϖ1 and ϖ2 are the weights for the ISAC devices and
the edge-server, respectively.

In addition, from each individual ISAC device’s perspective,
its transmit-power for both radar-sensing and offloading trans-
mission should be no greater than its transmit-power capacity.
i.e.,

Tr
(
Wrad

kn (Wrad
kn )H+Woff

kn(Woff
kn)H) ≤ Pmax

k ,∀k ∈ K,

∀n ∈ N , (26)

where Pmax
k is the maximum transmit-power of the k-th

ISAC device. In eq. (26), Tr( · ) denotes the trace of a
matrix.

F. Problem Formulation

We formulate the following overall energy consump-
tion minimization problem (OEM) (here, ‘OEM’ stands
for the ‘overall energy consumption minimization’). Con-
straint (27) ensures that the overall latency cannot exceed
the system latency limit which is denoted as Tmax. Con-
straint (28) ensures that the mutual information of radar sens-
ing should satisfy the mutual information requirement Imin

kn .
Constraint (29) ensures that the total computing-capacities
allocated to all ISAC devices cannot exceed the edge-server’s
computing-capacity which is denoted as F total. Constraint (9)
ensures that the decoding error probability for each ISAC
device εk cannot exceed the decoding error probability limit

εmax
k . Constraint (26) is the transmit-power constraint for each

ISAC device.

(OEM): min Eove

subject to: T ove ≤ Tmax, (27)

Irad
kn ≥ Imin

kn , ∀k ∈ K, ∀n ∈ N , (28)∑
k∈K

fk ≤ F total, (29)

constraints: (2), (9), (26),

variables: {Woff
kn}, {Wrad

kn }, {fk},
τ, {dkn}.

In Problem (OEM), we aim to efficiently exploit the sens-
ing, communication and computation resources to enhance
the cooperation and balance the trade-off among the radar
sensing, short-packet transmission and MEC. Problem (OEM)
is a complicated non-convex optimization problem, which is
challenging to solve efficiently. In the next section, we propose
a layered algorithm for solving Problem (OEM).

IV. HIERARCHICAL STRUCTURE OF PROBLEM (OEM)
AND PROPOSED ALGORITHM

A. Hierarchical Structure of Problem (OEM)

We exploit the hierarchical structure of Problem (OEM) for
efficiently solving it. The details are as follows.

Bottom-layer problem to optimize {fk} under given
{Woff

kn}, {Wrad
kn }, τ and {dkn}. We firstly consider that the

beamforming for radar sensing {Wrad
kn }, the beamforming for

offloading transmission {Woff
kn}, the duration of each short

packet τ and the size of each short packet {dkn} are given.
Then, we optimize the computing-capacity allocations {fk}
of the edge-server. This leads to the bottom-layer Problem
(OEM-BOT) as follows.

(OEM-BOT): EBOT
(
{Woff

kn}, {Wrad
kn },τ , {dkn}

)
= min Eove

subject to: constraints: (27), (29),
variables: {fk}.

Middle-layer problem to optimize τ and {dkn} under
given {Woff

kn} and {Wrad
kn }. With the optimal value

of EBOT({Woff
kn}, {Wrad

kn },τ , {dkn}) by solving Problem
(OEM-BOT), we then continue to optimize the duration of
each short packet τ , and the sizes of different devices’
short packets at different time-slots {dkn}. This leads to the
middle-layer Problem (OEM-MID) as follows.

(OEM-MID): EMID
(
{Woff

kn}, {Wrad
kn }

)
= min EBOT

(
{Woff

kn}, {Wrad
kn },τ , {dkn}

)
subject to: constraints: (9), (30),
variables: τ, {dkn}.

We will illustrate soon that constraint (30) comes from some
manipulations of constraint (29).

Top-layer problem to optimize {Woff
kn} and {Wrad

kn }.
After obtaining EMID({Woff

kn}, {Wrad
kn }) by solving Problem

(OEM-MID), we continue to optimize the beamforming for
radar sensing {Wrad

kn } and the beamforming for offloading
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transmission {Woff
kn}. This leads to the top-layer Problem

(OEM-TOP) as follows.

(OEM-TOP): min EMID
(
{Woff

kn}, {Wrad
kn }

)
subject to: constraints: (26), (28), (30),

variables: {Woff
kn}, {Wrad

kn }.

Figure 2 shows the above discussed hierarchical structure
of Problem (OEM). The reason for using the above hier-
archical structure to solve Problem (OEM) can be justified
as follows. Exploiting the feature of Problem (OEM-BOT),
we can derive its analytical solution (i.e., Proposition 1). Based
on the optimal solution of Problem (OEM-BOT), we can
derive the analytical solution of Problem (OEM-MID) (i.e.,
Proposition 2 and Proposition 3), followed by the objective
function of Problem (OEM-TOP). Problem (OEM-TOP) can
then be transformed into a DC problem for computing its
solution.

B. Analytical Solution for Problem (OEM-BOT)
Proposition 1: Problem (OEM-BOT) is feasible, if the

given value of τ satisfies

τ ≤ Tmax

N
− ζ

NF total

∑
k∈K

Dk. (30)

Moreover, with the given value of τ satisfying eq. (30), the
optimal solutions of {fk} for Problem (OEM-BOT) can be
expressed as

f∗k =
ζDk

Tmax−Nτ
,∀k ∈ K. (31)

Proof: Please refer to Appendix A.
As illustrated in the proof of Proposition 1, constraint (30)

comes from constraint (29) after some mathematical manip-
ulations. Constraint (30) is used in Problem (OME-MID) to
guarantee that the given value of τ can ensure Problem (OEM-
BOT) to be feasible.

C. Analytical Solution for Problem (OEM-MID)
By substituting the optimal solution of {fk} for Problem

(OEM-BOT) (i.e., eq. (31) in Proposition 1) into the objec-
tive function of Problem (OEM-MID), we can transform the
objective function of Problem (OEM-MID) into

ϖ1τ û+ϖ2κζ3
∑
k∈K

D3
k

(Tmax−Nτ)2
, (32)

where û can be given by

û=
∑
n∈N

∑
k∈K

Tr
(
Wrad

kn (Wrad
kn )H+Woff

kn(Woff
kn)H)

. (33)

For the sake of clear presentation, we use “ˆ” to denote the
variables whose values are given under the given values of
Wrad

kn and Woff
kn.

The most difficult part in Problem (OEM-MID) comes from
constraint (9) (i.e., εk=

∑
n∈N

εkn ≤ εmax
k ). We firstly identify

its monotonic property in Lemma 1 below.
Lemma 1: In constraint (9), εkn is monotonically decreas-

ing with τ , which means that εk is monotonically decreasing
with τ .

Proof: Please refer to Appendix B.
We introduce a series of variables {τ̂k} as follows:

εk

(
τ̂k, {dkn}

)
=
∑
n∈N

εkn(τ̂k,dkn) = εmax
k , ∀k ∈ K, (34)

where εk and εkn are the functions of τ̂k and {dkn} as shown
in eq. (8) and eq. (6), respectively. Then, the optimal solution
of τ is given by Proposition 2 below.

Proposition 2: Problem (OEM-MID) is feasible, if the
given values of {Woff

kn} and {Wrad
kn } satisfy

τ̂k ≤
Tmax

N
− ζ

NF total

∑
k∈K

Dk, ∀k ∈ K, (35)

where τ̂k is the function of {Woff
kn} and {Wrad

kn } as illustrated
later in eq. (39) (Both {Woff

kn} and {Wrad
kn } are contained in

γoff
kn in eq. (39)).
Under the given values of {Woff

kn} and {Wrad
kn } satisfying

eq. (35), the optimal solution of τ for Problem (OEM-MID)
can be expressed as

τ∗= max
k∈K

{τ̂k}, (36)

where the expressions of {τ̂k} are derived later in
Proposition 3.

Proof: Please refer to Appendix C.
As illustrated later, constraint (35) is used as a con-

straint of Problem (OEM-TOP). Since the values of {Woff
kn}

and {Wrad
kn } in Problem (OEM-TOP) always satisfy con-

straint (35), the given values of {Woff
kn} and {Wrad

kn } in
Problem (OEM-MID) can ensure Problem (OEM-MID) to be
feasible.

The key of Proposition 2 is to determine the values of {τ̂k},
with each τ̂k coupled with {dkn}N according to eq. (34).
We firstly give the condition for the optimal solutions of {dkn}
in Lemma 2 below.

Lemma 2: For each ISAC device k, its optimal solutions of
{dkn}n∈N satisfy the following condition:

εk1(τ̂k,d∗k1)=εk2(τ̂k,d∗k2)=. . .=εkN (τ̂k,d∗kN ) =
εmax

k

N
,

∀k ∈ K. (37)

Proof: Please refer to Appendix D.
With Lemma 2, we can derive the optimal solutions of

{dkn} and the values of {τ̂k} in Proposition 3.
Proposition 3: For each ISAC device k, its optimal packet

sizes at different time-slots can be expressed as

d∗kn=Bτ̂klog2(1+γoff
kn)−

√
Bτ̂kVknQ−1(

εmax
k

N
),

∀k ∈ K, ∀n ∈ N . (38)

In eq. (38), the values of {τ̂k} can be expressed as eq. (39),
shown at the bottom of the next page, where αk=Q−1( εmax

k

N )
and β̂kn=log2(1+γoff

kn).
Proof: Please refer to Appendix E.

D. Proposed DC Based Algorithm for Solving Problem
(OEM-TOP)

After obtaining the optimal solution of τ∗ for Problem
(OEM-MID), we introduce a variable θ as

θ=
√

τ∗=
√

max
k∈K

{τ̂k}, (40)
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Fig. 2. Hierarchical structure to solve Problem (OEM).

and further substitute θ2 into Problem (OEM-TOP). As illus-
trated later in eq. (54), using θ2 can generate the convex
item (θ

√
Bαk+

∑
n∈N

zkn)2 which helps us transform Problem

(OEM-TOP) into a DC problem.
By substituting eq. (17), eq. (18), eq. (33) and eq. (40) into

the objective function of Problem (OEM-TOP) (i.e., eq. (32)),
we can rewrite the objective function of Problem (OEM-TOP)
as

ϖ1θ
2
∑
n∈N

∑
k∈K

Tr(Rrad
kn +Roff

kn)+

∑
k∈K

ϖ2κζ3D3
k

(Tmax−Nθ2)2
. (41)

Recall that constraint (35) comes from constraint (29),
and it guarantees the feasibility of Problem (OEM-MID).
By substituting eq. (40) into constraint (35), we can rewrite
constraint (35) as

θ2 ≤ Tmax

N
− ζ

NF total

∑
k∈K

Dk. (42)

In eq. (40), γoff
kn is contained in the expression of τ̂k. The

expression of γoff
kn contains several items which are norm

functions ∥·∥2. We next transform it into an equivalent form
which contains the items of trace function Tr( · ), since the
trace function is linear and easy to address. By denoting
H̃kn=hkn(hkn)H , we can transform eq. (13) into

γoff
kn=

Tr(Roff
knH̃kn)∑

k∈K
Tr(Rrad

kn H̃kn)+
∑

j ̸=k,j∈K
Tr(Roff

jnH̃jn)+σ2
. (43)

By substituting eq. (17) and eq. (18) into constraint (26),
we can rewrite constraint (26) into

Tr(Rrad
kn +Roff

kn) ≤ Pmax
k , ∀k ∈ K, ∀n ∈ N . (44)

Based on the above operations, we can equivalently trans-
form Problem (OEM-TOP) into Problem (TOP-E) as follows,

in which constraint (46) and constraint (47) come from
eq. (16).

(TOP-E): min ϖ1θ
2
∑
n∈N

∑
k∈K

Tr(Rrad
kn +Roff

kn)

+

∑
k∈K

ϖ2κζ3D3
k

(Tmax−Nθ2)2

subject to: θ2 ≥ τ̂k,∀k ∈ K, (45)
Rx

kn ⪰ 0,∀k ∈ K,∀n ∈ N , (46)

Rx
kn=(Rx

kn)H
, ∀k ∈ K,∀n ∈ N , (47)

constraints: (28), (42), (43), (44),

variables: {Roff
kn}, {Rrad

kn }, θ, {γoff
kn}.

However, Problem (TOP-E) is still a non-convex optimiza-
tion problem. We next transform Problem (TOP-E) into a DC
problem. We firstly equivalently transform constraint (45) into
two constraints (i.e., (49) and (50)), both of which can be trans-
formed into the DC forms. Moreover, we illustrate that other
non-convex constraints and the objective function in Problem
(TOP-E) can all be transformed into the corresponding DC
forms. The detailed procedure is as follows.

1) Equivalently transforming constraint (45) into two
constraints (i.e., (49) and (50))

In constraint (45), the expression of τ̂k is given by
eq. (39), which is a complicated function of γoff

kn . Mean-
while, the expression of γoff

kn is given by eq. (13), which
is a very complicated function of {Woff

kn} and {Wrad
kn }.

If we substitute eq. (13) (i.e., the expression of γoff
kn)

into eq. (39) (i.e., the expression of τ̂k) and further sub-
stitute eq. (39) into constraint (45), we will obtain a
very complicated expression which is extremely difficult
to deal with. To address this difficulty, we aim at trans-
forming constraint (45) into two constraints, which can

τ̂k =

(√Bαk

∑
n∈N

√
Vkn +

√
Bα2

k

( ∑
n∈N

√
Vkn

)2 + 4BDk

∑
n∈N

β̂kn

2B
∑

n∈N
β̂kn

)2

,∀k ∈ K, (39)
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further be transformed into the DC forms as illustrated
later.

In constraint (45) (i.e., θ2 ≥ τ̂k, ∀k ∈ K), τ̂k is the
function of γoff

kn , which is given by eq. (39). We use τ̂k =
f̂({γoff

kn}) to denote the function of γoff
kn given by eq. (39).

Then, we introduce a series of variables {zkn} satisfying

θ2 ≥ f̂({ 1√
1−z2

kn

−1}) ≥ f̂({γoff
kn}), ∀k ∈ K. (48)

Remark: Although we can introduce a series of variables
{xkn} satisfying θ2 ≥ f̂({xkn}) ≥ f̂({γoff

kn})=τ̂k to trans-
form constraint (45) into two constraints, it is still difficult for
the subsequent transformations. Thus, we introduce variables
{zkn} satisfying eq. (48), which can transform the expression
of Vkn in eq. (39) into a simple form.

Lemma 3: The function f̂({γoff
kn}) is monotonically

increasing with respect to γoff
kn .

Proof: Please refer to Appendix F.
With Lemma 3 and constraint (48), we can equivalently

transform constraint (45) into two constraints as

θ2 ≥ f̂
(
{ 1√

1−z2
kn

−1}
)
, ∀k ∈ K. (49)

1√
1−z2

kn

−1 ≥ γoff
kn , ∀k ∈ K, ∀n ∈ N . (50)

Eq. (49) is the first part of constraint (48) (i.e., θ2 ≥
f̂({ 1√

1−z2
kn

−1})), and eq. (50) stems from the transformation

of the second part of constraint (48) (i.e., f̂({ 1√
1−z2

kn

−1}) ≥

f̂({γoff
kn})) based on the monotonic property in Lemma 3.

We next transform constraint (49) and constraint (50) into their
respective DC forms.

2) Transforming constraint (49) into a DC form
In constraint (49), the expression of function f̂ is given by

eq. (39). By substituting the expression of Vkn (i.e., eq. (4))
into eq. (39), and then substituting eq. (39) into constraint (49),
we can rewrite constraint (49) as√

Bα2
k(
∑
n∈N

zkn)2+2BDk

∑
n∈N

log2

1
1−z2

kn

≤ θB
∑
n∈N

log2

1
1−z2

kn

−
√

Bαk

∑
n∈N

zkn. (51)

By taking square operations on both the left and the right
sides of eq. (51) and performing some mathematical manipu-
lations, we can equivalently transform eq. (51) into

−θ2B
∑
n∈N

log2

1
1−z2

kn

+2θ
√

Bαk

∑
n∈N

zkn+2Dk ≤ 0. (52)

In constraint (52), both item −θ2B
∑

n∈N
log2

1
1−z2

kn
and item

2θ
√

Bαk

∑
n∈N

zkn are non-convex. We next transform them

into the DC forms as follows. By utilizing the property that
xy= 1

2 (x+y)2− 1
2 (x2+y2), item −θ2B

∑
n∈N

log2
1

1−z2
kn

can be

equivalently transformed into a DC form as follows (the
detailed proof that the right side of eq. (53) is DC can be

referred to Appendix G).

−θ2B
∑
n∈N

log2

1
1−z2

kn

=
B

2

(
θ4+

( ∑
n∈N

log2

1
1− z2

kn

)2)
− B

2

(
θ2+

∑
n∈N

log2

1
1−z2

kn

)2

.

(53)

Item 2θ
√

Bαk

∑
n∈N

zkn can be transformed into a DC form as

follows:

2θ
√

Bαk

∑
n∈N

zkn =
√

B(θ2αk+
∑
n∈N

zkn)2

− θ2
√

Bα2
k−
√

B(
∑
n∈N

zkn)2. (54)

By substituting eq. (53) and eq. (54) into constraint (52),
we can equivalently transform constraint (52) into the corre-
sponding DC form as

− B

2

(
θ2+

∑
n∈N

log2

1
1−z2

kn

)2

−θ2
√

Bα2
k−
√

B
( ∑

n∈N
zkn

)2
+

B

2

(
θ4+(

∑
n∈N

log2

1
1−z2

kn

)2)+√B
(
θαk+

∑
n∈N

zkn

)2

+2Dk ≤ 0, ∀k ∈ K. (55)

3) Transforming constraint (50) into a DC form
We next transform constraint (50) into a DC form.

By rewriting eq. (50) as γoff
kn+1 ≥ 1√

1−z2
kn

, ∀k ∈ K, ∀n ∈ N ,

and then substituting the expression of γoff
kn (i.e., eq. (43)) into

it, we obtain
1√

1−z2
kn

(∑
k∈K

Tr(Rrad
kn H̃kn)+

∑
j ̸=k,j∈K

Tr(Roff
jnH̃jn)

)
+
( 1√

1−z2
kn

− 1
)
σ2−

∑
k∈K

Tr(Rrad
kn H̃kn)

−
∑
k∈K

Tr(Roff
knH̃kn) ≤ 0,∀k ∈ K, ∀n ∈ N . (56)

In eq. (56), all items are convex except item
1√

1−z2
kn

(
∑

k∈K
Tr(Rrad

kn H̃kn)+
∑

j ̸=k,j∈K
Tr(Roff

jnH̃jn)), which

is the product of i) a convex item 1√
1−z2

kn

and ii) a linear item

(
∑

k∈K
Tr(Rrad

kn H̃kn)+
∑

j ̸=k,j∈K
Tr(Roff

jnH̃jn)). In particular,

item 1√
1−z2

kn

(
∑

k∈K
Tr(Rrad

kn H̃kn)+
∑

j ̸=k,j∈K
Tr(Roff

jnH̃jn))

can be transformed into a DC form as follows (the detailed
proof that the right side of eq. (57) is DC can be referred to
Appendix H).

1√
1−z2

kn

(∑
k∈K

Tr(Rrad
kn H̃kn)+

∑
j ̸=k,j∈K

Tr(Roff
jnH̃jn)

)
=

1
2

( 1√
1−z2

kn

+
∑
k∈K

Tr(Rrad
kn H̃kn) +

∑
j ̸=k,j∈K

Tr(Roff
jnH̃jn)

)2

− 1
2

( 1
1−z2

kn

+
(∑

k∈K

Tr(Rrad
kn H̃kn)+

∑
j ̸=k,j∈K

Tr(Roff
jnH̃jn)

)2)
. (57)
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By substituting eq. (57) into constraint (56), we can trans-
form constraint (56) into a DC form as follows:

1
2

( 1√
1−z2

kn

+
∑
k∈K

Tr(Rrad
kn H̃kn)+

∑
j ̸=k,j∈K

Tr(Roff
jnH̃jn)

)2

− 1
2

( 1
1−z2

kn

+
(∑

k∈K

Tr(Rrad
kn H̃kn)

+
∑

j ̸=k,j∈K

Tr(Roff
jnH̃jn)

)2)
+(

1√
1−z2

kn

− 1)σ2

−
∑
k∈K

Tr(Rrad
kn H̃kn)−

∑
k∈K

Tr(Roff
knH̃kn)

≤ 0, ∀k ∈ K, ∀n ∈ N . (58)

4) Transforming constraint (28) into a DC form
We next transform constraint (28) (i.e., Irad

kn ≥ Imin
kn ) into a

DC form. By utilizing the property that det (X−1Y)=det (Y)
det (X) ,

we can rewrite Irad
kn as

Irad
kn =B log det (Φkn+AknRrad

kn AH
kn)−B log det (Φkn).

(59)

By substituting eq. (59) into constraint (28), we can trans-
form constraint (28) into a DC form as follows:

−B log det (Φkn+AknRrad
kn AH

kn)+B log det (Φkn)+Imin
kn

≤ 0, ∀k ∈ K, ∀n ∈ N , (60)

where the expression of Φkn is given by eq. (20) before. The
reason for concluding that the left side of (60) is the differ-
ence of convexity is that the logarithm-determinant function
log det ( · ) is concave [37].

5) Transforming Problem (TOP-E) into a DC problem

In the objective function of Problem (TOP-E),

∑
k∈K

ϖ2κζ3D3
k

(Tmax−Nθ2)2

is convex according to the operation rules of pre-
serving convexity for composition function. However,
ϖ1θ

2
∑

n∈N

∑
k∈K

Tr(Rrad
kn +Roff

kn) is non-convex, which is the

product of i) a convex function ϖ1θ
2 and ii) a linear

function
∑

n∈N
Tr(Rrad

kn +Roff
kn). By again utilizing the prop-

erty that xy= 1
2 (x+y)2− 1

2 (x2+y2), we can further transform
ϖ1θ

2
∑

n∈N

∑
k∈K

Tr(Rrad
kn +Roff

kn) into a DC form as follows:

ϖ1θ
2
∑
n∈N

∑
k∈K

Tr(Rrad
kn +Roff

kn)

=
1
2

(
ϖ1θ

2+
∑
n∈N

∑
k∈K

Tr(Rrad
kn +Roff

kn)
)2

−1
2
(ϖ1θ

2)2

−1
2

( ∑
n∈N

∑
k∈K

Tr(Rrad
kn +Roff

kn)
)2

. (61)

By substituting eq. (61) into the objective function of
Problem (TOP-E), and also considering the previous trans-
formations in eqs. (55), (58) and (60), we can equivalently
transform Problem (TOP-E) into a DC problem (TOP-DC) as
follows.

(TOP-DC): min
1
2

(
ϖ1θ

2+
∑
n∈N

∑
k∈K

Tr(Rrad
kn +Roff

kn)
)2

Algorithm 1 Proposed Algorithm to Solve Problem (OEM)
1: Compute the optimal solutions of {Woff

kn} and {Wrad
kn }

by solving Problem (TOP-DC) with the DC algorithm.
2: Compute the optimal solutions of {dkn} according to

eq. (38) in Proposition 3.
3: Compute the optimal solution of τ according to eq. (36)

in Proposition 2.
4: Compute the optimal solutions of {fk} according to

eq. (31) in Proposition 1.
5: output: the optimal solutions of {Woff

kn} and {Wrad
kn },

{dkn}, τ and {fk}.

−1
2

( ∑
n∈N

∑
k∈K

Tr(Rrad
kn +Roff

kn)
)2

+

∑
k∈K

ϖ2κζ3D3
k

(Tmax−Nθ2)2
−1

2
(ϖ1θ

2)2

subject to: constraints: (42), (44), (46), (47), (55), (58), (60),

variables: {Roff
kn}, {Rrad

kn }, θ, {zkn}.

As a DC optimization problem, Problem (TOP-DC)
can be solved by several existing methods, e.g., the DC
algorithm [38]. After obtaining the optimal solutions of {Roff

kn}
and {Rrad

kn }, we can utilize the singular value decomposi-
tion [39] to recover the optimal solutions of {Woff

kn} and
{Wrad

kn }.

E. Proposed Overall Algorithm for Solving Problem (OEM)

As a summary of the optimal solutions of our top-layer,
middle-layer, and bottom-layer problems, we present the
overall algorithm for solving Problem (OEM) as Algorithm
1 below. A key advantage is that our Algorithm 1 does
not require any alternative iteration among the bottom-layer,
middle-layer, and top-layer problems. Specifically, we can
use the DC algorithm to solve Problem (OEM-TOP), which
provides the optimal solutions for the beamformings for radar
sensing and offloading transmission. With the above optimal
beamformings, we can compute the remaining parts of the
optimal solutions of Problem (OEM) by using the analytical
solutions characterized in Propositions 1, 2, and 3. The DC
algorithm is used in Step 1. In spite of its guaranteed con-
vergence, the DC algorithm may converge to a local optimal
solution for Problem (TOP-DC). Nevertheless, it is technically
challenging to provide a quantitative analysis on the potential
gap between the solution of the DC algorithm and the globally
optimal one, which is still an open question even in the areas
of optimization research.

Since Propositions 1, 2, and 3 provide the analytical
solutions for the respective variables, the complexity of
Algorithm 1 is dominated by solving Problem (TOP-DC) via
the DC algorithm and the subsequent singular value decom-
position. The DC algorithm requires to iteratively solve a
semi-definite program problem, whose computing complexity
is O(M2KN) by utilizing the path-following method in [40]
(Recall that M denotes the number of antennas on the ISAC
devices). The computing complexity for the singular value
decomposition is O(M3) [22]. Thus, the overall computing
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Fig. 3. Comparison with the non-offloading scheme.

complexity of our proposed algorithm solving Problem (OEM)
is O(M2KN + M3).

V. NUMERICAL RESULTS

We show the numerical results to validate the performances
of our MEC aided ISAC with short-packet transmissions and
our proposed algorithm. The AP, which is co-located with
the edge-server, is located at (0m, 0m). The ISAC devices are
randomly located in a circular region, and its center is located
at the AP and its radius is 50m. The channel gain is modeled
as hk=

√
PLkgk. PLk is the large scale path loss which is

modeled with the unit dB as PLk=PL0−10αlog10
Lk

L0
, where

PL0 represents the path loss at the reference distance L0, Lk

is the distance between the ISAC device k and the AP, and α
is the path loss exponent. gk is the small scale fading whose
value follows the zero mean complex Gaussian distribution.
Similar to [15] and [22], we set the parameters as follows.
Dk ∈ [1,2] × 103 bits, F total=2 × 1010 HZ, κ=1 × 10−26,
B=5×106 HZ, σ2=1×10−14, PL0=30 dB, L0=1 m, α=2,
εmax

k ∈ [1,2]× 10−5, Tmax=0.2 s, ζ=1× 103 cycles/bit.

A. Evaluation of the Proposed Scheme
Figure 3 shows the performance of the proposed scheme

in comparison with the non-offloading scheme where the
radar-sensing data is analyzed locally on the ISAC devices.
In Figure 3, f loc

k denotes the computing-capacity of ISAC
device k, and we set the same value of f loc

k for all ISAC
devices. We set the same value of Dk for all ISAC devices.
It can be seen that our proposed MEC aided ISAC scheme
can achieve a lower latency compared with the non-offloading
scheme. Our scheme can leverage the sufficient computing
resources at the edge-server to reduce the latency for sensing
data analysis.

Figure 4 shows the performance of the proposed scheme in
comparison with the scheme of fixed edge-server’s computing
capacity allocation. It can be seen that the proposed scheme
can achieve lower energy consumption due to the optimized
edge-server’s computing capacity allocation. In addition, the
system energy consumption is decreasing with respect to
the maximum decoding error probability. The reason is
that increasing the maximum decoding error probability can
increase the feasible region restrained by constraint (9) (i.e.,
the decoding error probability constraint).

Figure 5 shows the performance of the proposed scheme
in comparison with the equal packet size allocation

Fig. 4. Comparison with the scheme of fixed edge-server’s computing
capacity allocation.

Fig. 5. Comparison with the EQPS scheme.

(EQPS) scheme. Specifically, in EQPS scheme, we set
dk1=dk2=. . .=dkN , ∀k ∈ K. We set the same value of Dk

for all ISAC devices. It can be seen from Figure 5 that our
proposed scheme with the optimized packet sizes can achieve
a better performance than the EQPS scheme. To adapt to the
time-varying channel, using different packet sizes in different
time-slots can yield a smaller energy consumption than using
a fixed packet size. It can also be observed from Figure 5 that
the energy consumption is increasing with the data size of the
radar-sensing data, which is consistent with our intuition.

Figure 6 shows the performance of the proposed scheme
in comparison with the random packet size allocation (RNPS)
scheme. Specifically, in RNPS scheme, we randomly allocate
the overall datasize into each packet. It can be seen that
our proposed scheme can achieve a smaller energy consump-
tion in comparison with the RNPS scheme. It can also be
observed from Figure 6 that using a larger value of the
maximum decoding error probability can reduce the energy
consumption.

Figure 7 and Figure 8 show the performance of the proposed
scheme in comparison with the FixedDuration scheme under
K = 3 and K = 5, respectively. Here, FixedDuration
represents “fixed duration of each short packet”. Figure 7
and Figure 8 show the benefit of optimizing the duration
of each short packet in our proposed scheme. Optimizing
the duration of each short packet enables the ISAC devices
to efficiently adjust their transmit-power and the offloading
latency to achieve a smaller energy consumption. Moreover,
it can be seen from Figure 7 and Figure 8 that the energy
consumption is increasing with the number of ISAC devices.
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Fig. 6. Comparison with the RNPS scheme.

Fig. 7. Comparison with the fixed short packet duration scheme: K = 3.

Fig. 8. Comparison with the fixed short packet duration scheme: K = 5.

B. Evaluation of Our Proposed Algorithm

We evaluate the performance of the proposed algorithm by
comparing it with two benchmarks as follows.
• BCD-SO-AS algorithm. We utilize the block coordinate

descent (BCD) method to divide Problem (OEM) into
three subproblems as follows. i) The first subproblem is
to optimize {fk}K, which is solved by the active-set (AS)
algorithm [41]. ii) The second subproblem is to optimize
{dkn} and τ , which is solved by the AS algorithm as
well. iii) The third subproblem is to optimize {Wrad

kn } and
{Woff

kn}, which is solved by the surrogate optimization
(SO) algorithm [42].

• BCD-PS-SQP algorithm. We utilize the BCD method to
divide Problem (OEM) into three subproblems as follows.
i) The first subproblem is to optimize {fk}K, which
is solved by the sequential quadratic programing (SQP)
algorithm [43]. ii) The second subproblem is to optimize
{dkn} and τ , which is solved by the SQP algorithm as

Fig. 9. Comparison under different values of the channel bandwidth.

Fig. 10. Comparison under different values of the maximum allowed latency.

well. iii) The third subproblem is to optimize {Wrad
kn }

and {Woff
kn}, which is solved by the pattern search (PS)

optimization algorithm [44].
Figure 9 shows the comparison between our proposed

algorithm and two benchmark schemes versus different chan-
nel bandwidths. It can be seen that the system energy
consumption is decreasing with respect to the bandwidth.
Figure 9 shows that our proposed algorithm can outperform
both BCD-SO-AS algorithm and BCD-PS-SQP algorithm.
We identify the special features of our formulated problem
(e.g., Proposition 1, Proposition 2 and Proposition 3) to
compute the optimal solutions efficiently, which thus yields
a better performance than the benchmark algorithms.

Figure 10 shows the comparison between our proposed
algorithm and two benchmark schemes versus different maxi-
mum latency allowed. It can be seen from Figure 10 that the
system energy consumption is decreasing with respect to the
maximum allowed latency. Figure 10 shows that our proposed
algorithm can outperform both BCD-SO-AS algorithm and
BCD-PS-SQP algorithm.

VI. CONCLUSION

In this paper, we have proposed a paradigm of MEC aided
ISAC with short-packet transmissions, where the ISAC devices
reliably offload their radar-sensing data to an edge-server for
analysis via short-packet transmissions. An energy minimiza-
tion problem is formulated, in which we have jointly optimized
the beamforming for offloading transmission, the beamforming
for radar sensing, the computing-capacity allocations of the
edge-server, the duration of each short packet, and the size of
each short packet. We have exploited the hierarchical structure
of our problem and have proposed an efficient algorithm to
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compute the solutions. The simulation results show the advan-
tage of our proposed scheme and our proposed algorithm.
In the future work, we will study the scenario of multiple
edge-servers providing the task processing services, in which
each ISAC device can flexibly select different edge-servers to
offload its radar-sensing data for analysis.

APPENDIX A
PROOF OF PROPOSITION 1

By substituting eq. (21) into eq. (22), and then substituting
eq. (22) into constraint (27), we can equivalently transform
constraint (27) into

Nτ+
ζDk

fk
≤ Tmax,∀k ∈ K. (62)

From eq. (62), we obtain

fk ≥
ζDk

Tmax−Nτ
,∀k ∈ K. (63)

Constraint (63) gives the lower boundary of the feasible
region for {fk}. Meanwhile, constraint (29) gives the upper
boundary of the feasible region for {fk}. To guarantee the
feasibility of Problem (OEM-BOT), the upper boundary given
by constraint (29) must be larger than the lower boundary
given by constraint (63). By substituting the lower boundary
given by constraint (63) into eq. (29), we obtain∑

k∈K

ζDk

Tmax−Nτ
≤ F total. (64)

From eq. (64), we can obtain eq. (30) in Proposition 1.
In the objective function of Problem (OEM-BOT), all items

are fixed except item ϖ2

∑
k∈K

κζDkf2
k . Thus, to minimize the

objective of Problem (OEM-BOT) is equivalent to minimize∑
k∈K

κζDkf2
k . To minimize

∑
k∈K

κζDkf2
k , we should decrease

each value of fk for each device until it reaches its lower
boundary of its feasible region. Constraint (63) gives the lower
boundary of the feasible region for fk. Thus, the optimal
values of {fk} for Problem (OEM-BOT) are given by eq. (31)
in Proposition 1.

APPENDIX B
PROOF OF LEMMA 1

We introduce a variable as x̄=
√

Bτ , and denote

ȳkn=
√

1
Vkn

log2(1+γoff
kn)x̄− dkn√

Vknx̄
. (65)

Then, the expression of εkn can be expressed as εkn=Q(ȳkn).
In particular, the first order derivative of ȳkn can be

expressed as

d ȳkn

d x̄
=
√

1
Vkn

log2(1+γoff
kn)+

dkn√
Vknx̄2

>0, (66)

which means that ȳkn is monotonically increasing with x̄.
Since the Q-function is monotonically decreasing [25], [30],
εkn is monotonically decreasing with ȳkn. ȳkn is monotoni-
cally increasing with x̄ and x̄ is monotonically increasing with
τ . Thus, we can conclude that εkn is monotonically decreasing
with τ . From the expression of εk in eq. (7), we can conclude
that εk is monotonically decreasing with τ .

Fig. 11. The value of τ̂k under different values of {dkn}n∈N .

APPENDIX C
PROOF OF PROPOSITION 2

Since εk is monotonically decreasing with τ , constraint (9)
(i.e., εk ≤ εmax

k ) can be transformed into

τ ≥ τ̂k, ∀k ∈ K. (67)

Constraint (67) gives the lower boundary of the feasible
region for τ . Meanwhile, constraint (30) gives the upper
boundary of the feasible region for τ . To guarantee the
feasibility of Problem (OEM-MID), the upper boundary given
by constraint (30) should be larger than the lower boundary
given by constraint (67). By substituting the lower boundary
given by constraint (67) into eq. (30), we obtain eq. (35) in
Proposition 2.

As illustrated before, the objective function of Problem
(OEM-BOT) is transformed into eq. (32). We use g(τ) to
denote the objective function of Problem (OEM-MID), i.e.,

g(τ)=ϖ1τ û+
ϖ2κζ3 ∑

k∈K
D3

k

(Tmax−Nτ)2
. (68)

The first order of g(τ) can be expressed as

g′(τ)=ϖ1û+
2Nϖ2κζ3 ∑

k∈K
D3

k

(Tmax−Nτ)3
> 0, (69)

which means that g(τ) is monotonically increasing with τ .
Thus, to minimize g(τ), we need to decrease τ until it reaches
its lower boundary of its feasible region. Eq. (67) gives the
lower boundary for τ . Thus, the optimal solution of τ can be
expressed as eq. (36) in Proposition 2.

APPENDIX D
PROOF OF LEMMA 2

As shown in the proof of Proposition 2, the objective value
of Problem (OEM-MID) is monotonically increasing with
τ . To decrease the objective value of Problem (OEM-MID),
we should decrease the value of τ . From eq. (36) in Propo-
sition 2, to decrease τ , we should decrease each value of τ̂k.
τ̂k is coupled with {dkn}n∈N in eq. (34). We conduct the
analysis of τ̂k and {dkn}n∈N in eq. (34) as follows.

As shown in Figure 11, different values of {dkn}n∈N gen-
erate different curves, which correspond to different functions
of εk with respected to τ . {τ̂k}K are the cross points of
these curves and the line εk=εmax

k . For instance, {dA
kn}n∈N

corresponds to τ̂A
k , {dB

kn}n∈N corresponds to τ̂B
k , {dC

kn}n∈N
corresponds to τ̂C

k . As illustrated before, to decrease the
objective value of Problem (OEM-MID), we need to decrease
the value of τ . To decrease the value of τ̂k, we should adjust
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the values of {dkn}n∈N to move down the curve of εk which
represents the function of εk with respected to τ . In other other
words, we should adjust the values of {dkn}n∈N to decrease
εk.

By utilizing the arithmetic-geometric mean inequality,
we can conclude that

εk=
∑
n∈N

εkn(τ̂k, dkn) ≥ N
N
√∏

n∈N
εkn(τ̂k, dkn). (70)

In eq. (70), when

εk1(τ̂k,dk1)=εk2(τ̂k,dk2)=. . .=εkN (τ̂k,dkN ), (71)

εk achieves its minimum value, and the following equality
holds:

εk=
∑
n∈N

εkn(τ̂k, dkn) = N
N
√∏

n∈N
εkn(τ̂k, dkn). (72)

Since we should decrease εk to move down the curve of εk,
and εk achieves its minimum value when eq. (71) is satisfied,
we can conclude that the optimal solutions of {dkn} should
satisfy eq. (37) in Lemma 2. On the other hand, Lemma 2 can
be also validated by showing the contradiction. Specifically,
if the optimal solutions of {dkn} do not satisfy eq. (37), we can
always adjust the values of {dkn} such that an even smaller
value of τ̂k can be achieved, which leads to an even smaller
objective value of Problem (OEM-MID).

APPENDIX E
PROOF OF PROPOSITION 3

Eq. (37) in Lemma 2 can be rewritten as

εkn(τ̂k,dkn)=
εmax

k

N
,∀n ∈ N ,∀k ∈ K. (73)

By substituting eq. (6) into eq. (73), we can obtain eq. (38)
in Proposition 3. By substituting eq. (38) into eq. (2) (i.e.,∑
n∈N

dkn=Dk), we obtain

Bτ̂k

∑
n∈N

log2(1+γoff
kn)−

√
Bτ̂kQ−1(

εmax
k

N
)
∑
n∈N

√
Vkn=Dk.

(74)

We denote

âk = B
∑
n∈N

log2(1+γoff
kn), (75)

b̂k =
√

BQ−1(
εmax

k

N
)
∑
n∈N

√
Vkn, (76)

Then, eq. (74) can be written as

âk(
√

τ̂k)2−b̂k

√
τ̂k−Dk=0. (77)

The left side of eq. (77) is the quadratic function of
√

τ̂k.
By ignoring the negative root (which is infeasible) of eq. (77),
we can obtain the solution of τ̂k as

τ̂k=
( b̂k +

√
b̂2
k+4âkDk

2âk

)2

. (78)

By substituting eq. (75) and eq. (76) into eq. (78), we obtain
eq. (39) in Proposition 3.

APPENDIX F
PROOF OF LEMMA 3

By substituting the expression of Vkn (i.e., eq. (4)) into
f̂({γoff

kn}) (i.e., eq. (39)), and by denoting xkn= 1
(1+γoff

kn)2
,

we can transform function f̂({γoff
kn}) into

f̂(xkn) =

√
α2

k(
∑

n∈N
(1−xkn))2−2( ln 2)4Dk

∑
n∈N

log2xkn

−
√

B( ln 2)2
∑

n∈N
log2xkn

+
αk

∑
n∈N

(1−xkn)

−
√

B( ln 2)2
∑

n∈N
log2xkn

. (79)

The first order derivative of f̂(xkn) can be expressed as

∂f̂

∂xkn

=

(αk+
α2

k

∑
n∈N

(1−xkn)+( ln 2)3BDk
1

x
kn√

α2
k(

∑
n∈N

(1−xkn))2−2( ln 2)4Dk

∑
n∈N

log2xkn

)

√
B(ln 2)2

∑
n∈N

log2xkn

+

√
α2

k

(ln 2)4
(
∑

n∈N
(1−xkn))2−2Dk

∑
n∈N

log2xkn

xkn

√
B(ln 2)(

∑
n∈N

log2xkn)2

+
αk

∑
n∈N

(1−xkn)

xkn

√
B(ln 2)3(

∑
n∈N

log2xkn)2
(80)

Since 0 < xkn < 1, from the above equation, we can
conclude that

∂f̂

∂xkn

> 0, ∀k ∈ K, ∀n ∈ N . (81)

From eq. (81), we can obtain the result in Lemma 3.

APPENDIX G
PROOF OF THE DC PROPERTY OF EQ. (53)

Since
∑

n∈N
log2

1
(1−z2

kn)
=−

∑
n∈N

log2(1−z2
kn), according to

the operation rules of preserving convexity for composition
function [37], we can conclude that

∑
n∈N

log2
1

(1−z2
kn)

is con-

vex. Also according to the operation rules of preserving
convexity for composition function, we can conclude that both
item

(
θ2+

∑
n∈N

log2
1

(1−z2
kn)

)2
and item

( ∑
n∈N

log2
1

(1−z2
kn)

)2
are convex. Thus, the right side of eq. (53) is DC.

APPENDIX H
PROOF OF THE DC PROPERTY OF EQ. (57)

According to the operation rules of preserving
convexity for composition function, we can conclude
that 1√

1−z2
kn

and 1
1−z2

kn
are convex. Also according

to the operation rules of preserving convexity
for composition function, we can conclude that
1
2

(
1√

1−z2
kn

+Tr(Rrad
kn H̃kn)+

∑
j ̸=k,j∈K

Tr(Roff
jnH̃jn)

)2

and

1
2

(
1

1−z2
kn

+
(
Tr(Rrad

kn H̃kn)+
∑

j ̸=k,j∈K
Tr(Roff

jnH̃jn)
)2)

are

convex. Thus, the right side of eq. (57) is DC.
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