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Abstract—Unmanned aerial vehicle (UAV)-enabled mobile edge
computing (MEC) systems can use different multiple access
schemes to coordinate multi-user task offloading. However, it
is still unknown which scheme is the most energy-efficient,
especially when the offloading blocklength is finite. To answer
this question, this paper minimizes and compares the MEC-
related energy consumption of non-orthogonal multiple access
(NOMA), frequency division multiple access (FDMA), and time
division multiple access (TDMA)-based offloading schemes within
UAV-enabled MEC systems, considering both infinite and finite
blocklength scenarios. Through theoretically analysis of the
minimum energy consumption required by these three schemes,
two novel findings are presented. First, TDMA consistently
achieves lower energy consumption than FDMA in both infinite
and finite blocklength cases, due to the degrees of freedom
afforded by sequential task offloading. Second, NOMA does
not necessarily achieve lower energy consumption than FDMA
when the offloading blocklength is finite, especially when the
channel conditions and the offloaded task data sizes of two
user equipments (UEs) are relatively symmetric. Furthermore,
an alternating optimization algorithm that jointly optimizes the
portions of task offloaded, the offloading times of all UEs, and
the UAV location is proposed to solve the formulated energy
consumption minimization problems. Simulation results verify
the correctness of our analytical findings and demonstrate that
the proposed algorithm effectively reduces MEC-related energy
consumption compared to benchmark schemes that do not
optimize task offloading portions and/or offloading times.
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I. INTRODUCTION
A. Background and Motivation

Mobile edge computing (MEC) is regarded as a promising
solution to resolving the conflict between resource-constrained
user equipment (UE) and resource-hungry mobile applications
by offloading computation tasks of UE to nearby computing
servers at the network edge [1]. In a conventional terres-
trial MEC system, the task offloading performance is mainly
limited by the poor wireless channels that typically suffer
from various impairments such as shadowing and fading in
addition to path loss. Moreover, in scenarios of limited or
no communication infrastructure, such as disaster relief and
emergency response [2], a fixed terrestrial MEC server may
not be able to sustain computation offloading for all UEs
in a large area. Due to the advantages of unmanned aerial
vehicles (UAVs) in terms of high mobility, easy deployment,
line-of-sight (LoS) connections, and wide coverage [3], [4],
UAV-enabled MEC has been proposed as a potential technique
to tackle the above challenges. Compared with its terrestrial
counterpart, a UAV-carried MEC server can further enhance
the flexibility and resilience of MEC and improve the UEs’
experience [5].

The energy efficiency is a key design aspect of a UAV-
enabled MEC system, since both the UAV and the UEs are
powered by batteries of a limited capacity [6]. The MEC-
related energy consumption includes the offloading energy
consumption (i.e., communication energy consumption) of the
UEs and the computation energy consumption of the UEs
and the UAV [7]. In a multi-UE UAV-enabled MEC system,
both the communication and computation energy consumption
will be affected by the multiple-access offloading scheduling
and resource allocation [8]. However, the energy efficiency
of different multiple access offloading schemes has not been
sufficiently studied for a UAV-enabled MEC system.

In addition, the fifth generation (5G) and beyond 5G (B5G)
networks are expected to support enhanced mobile broad-
band (eMBB) and ultra-reliable low latency communication
(URLLC) services [9]. For eMBB services, the tasks offloaded
by the UEs are packetized into long packets, e.g., thousands of
bytes per packet, where the transmission blocklength can be
assumed to be infinite and the decoding error can be assumed
to be zero [10]. In this case, the Shannon capacity theorem



TABLE I
COMPARISON OF THIS PAPER WITH RELATED LITERATURE.

Multiple access scheme Blocklength .
Reference | UAV OMA | FDMA | TDMA | Tnfinite | Finite Key findings

NOMA achieves lower energy consumption than FDMA for tasks charac-

[24] v v v . . . -
terized by large data sizes and stringent delay requirements.

[25] v v v Hybrid NOMA is more energy-efficient than TDMA for time-demanding
tasks, but this performance advantage diminishes for delay-tolerant tasks.

[26] v v v NOMA achieves substantial energy consumption performance gains over
TDMA-based offloading in multi-antenna MEC systems.

(27] v v v v When minimizing a linear combination of completion time and energy
consumption, NOMA outperforms both TDMA and FDMA.

[28] v v v v In terms of total mobile energy consumption, NOMA offloading is prefer-
able to TDMA, unless the computation delay requirements are stringent.
NOMA requires lower energy consumption than FDMA, and this advan-

[29] v v v .
tage becomes more pronounced as the number of users increases.
Due to the flexible IRS beamforming, TDMA can achieve a computation

[33] v v v rate comparable to or even exceeding that of NOMA in an IRS-aided
wireless-powered MEC system.

30] v v IRS-aided NOMA transmissions have been designed considering the prac-
tical implications of the finite-blocklength regime in MEC networks.
TDMA achieves lower energy consumption than FDMA. Furthermore,

. NOMA does not necessarily outperform FDMA when the offloading block-

This paper v v’ v v v’ v’ length is finite, particularly when the channel conditions and offloaded task

data sizes of the UEs are relatively symmetric.

is applicable to characterize the offloading rate. In contrast,
for URLLC services, the size of a data packet is quite small,
e.g., 20 or 32 bytes per packet, and the decoding errors in
offloading transmission cannot be ignored due to the finite
blocklength [11]. Thus, the Shannon capacity cannot well
characterize the offloading rate in the finite blocklength case
[12]. Since the finite-blocklength transmission suffers from a
lower data rate and a higher decoding error probability than
the infinite-blocklength transmission, the multiple access and
resource allocation schemes should be designed for these two
transmission modes separately in a UAV-enabled MEC system,
which remains a gap in the current literature. In particular, for
non-orthogonal multiple access (NOMA), different from the
infinite-blocklength transmission, the successive interference
cancellation (SIC) failure probability should be considered
in the finite-blocklength transmission [13], [14], where the
decoding performance of one UE’s signal will be affected by
the decoding error of the other UEs’ signals that have been
decoded earlier during SIC.

Motivated by the above, and to determine which multiple
access offloading scheme achieves the highest energy effi-
ciency in UAV-enabled MEC, this work aims to minimize
and compare the MEC-related energy consumption. This is
achieved by investigating various multiple access offloading
schemes for both infinite and finite blocklength transmissions
in a UAV-enabled MEC system.

B. Related Works

Conventional orthogonal multiple access (OMA) schemes,
such as frequency division multiple access (FDMA) and time
division multiple access (TDMA), are commonly used in MEC
systems to support multi-UE task offloading [2], [15]-[20].
The average weighted energy consumption of the UEs and
the UAV in a UAV-enabled MEC system was minimized in
[2], where all UEs were allocated the same bandwidth in
FDMA-based task offloading. The computation efficiency of

a multi-UAV-enabled MEC system was maximized in [15],
where each UAV serves its associated UEs with FDMA. In
[16], for a UAV-enabled MEC system with finite-blocklength
FDMA offloading, the computation latency was minimized by
jointly optimizing the computing times and central processing
unit (CPU) frequencies of the UEs and the UAV, the offloading
bandwidths of the UEs, and the three-dimensional location
of the UAV. In the wireless-powered multi-UE MEC system
proposed in [17], the UEs offloaded their tasks based on
TDMA. The resource allocation strategies for both TDMA
and orthogonal frequency-division multiple access (OFDMA)
multi-UE MEC systems were studied in [18] to maximize the
computation capacity while reducing energy consumption and
latency. In [19], the authors proposed a new solution that UAV's
offload computation-intensive tasks to multiple edge servers
with an effective multi-leader multi-follower Stackelberg game
strategy. In [20], the UAV-aided MEC system allows the UAV
to connect to only one UE at a time. In these OMA-based
MEC systems, only a single UE is permitted to perform
task offloading within each designated time/frequency resource
block.

Due to the superposition coding at the transmitter and the
SIC at the receiver, NOMA can achieve high spectral effi-
ciency and massive connectivity for MEC [21]. The resource
allocation for latency minimization in NOMA-based MEC
networks was investigated in [22] and [23]. In [22], the hybrid
NOMA-MEC policy allows two UEs to offload their tasks in
a shared time slot, wherein only one UE completes its task
offloading while the other UE will offload its remaining task
in the next time slot solely occupied by itself. While [23]
considered a pure NOMA offloading scheme, where multiple
UEs can offload their tasks to the MEC server simultaneously
in the same frequency band. The NOMA-based offloading was
applied in [24] and [25] to minimize the energy consumption.
Specifically, both the task uploading and result downloading
in [24] benefited from the advantages of NOMA, achiev-



ing energy-efficient MEC. In [25], the energy consumption
of three MEC offloading strategies, including TDMA, pure
NOMA, and hybrid NOMA, was investigated for a general
and arbitrary network status. The multi-antenna NOMA tech-
nique was integrated into multi-UE computation offloading
in [26], which jointly optimized the resource allocation and
the decoding order for SIC to minimize the weighted sum
energy consumption of all UEs. In [27], a linear combination
of the computation time and total energy consumption was
minimized for a user-group NOMA-MEC system. In [28], the
total energy consumption of the UEs in a frequency-division-
duplex UAV-enabled MEC system was minimized for both
the TDMA and NOMA offloading schemes. To extend the
MEC coverage and improve the system flexibility, NOMA was
also considered in the multi-UAV-enabled MEC system [29].
The aforementioned studies demonstrated the performance
advantages of NOMA over OMA in MEC systems. However,
these investigations typically assumed an infinite offloading
blocklength and perfect SIC for NOMA. Although [30] studied
the energy efficiency of NOMA-based MEC in the finite
blocklength regime, SIC was still assumed to be error free.

However, we note that NOMA does not always achieve per-
formance advantages over OMA. For example, the throughput
regions of OMA and NOMA are identical in the symmetric
channel case [31]. In the intelligent reflecting surface (IRS)-
assisted downlink communication network [32], TDMA is
more energy-efficient than NOMA when two nearby users
are paired and their rates are symmetric, since the IRS phase
shift vector can be set differently for the two users in dif-
ferent time slots of TDMA. Furtherly, an IRS-aided wireless-
powered MEC system was studied in [33], and the authors
unveiled that the TDMA offloading scheme can achieve a
better computation rate than that of NOMA when the IRS
beamforming is flexibly adapted for uplink offloading. Ta-
ble I provides a comparative summary of system models and
contributions, contrasting our work with existing state-of-the-
art multiple-access MEC literature. From this comparison, it
is evident that comprehensive studies on UAV-enabled MEC
systems employing finite-blocklength NOMA offloading are
still missing. On the other hand, it remains unknown yet
whether NOMA can outperform OMA or not (e.g., in terms
of energy consumption) in a UAV-enabled MEC system when
the transmission blocklength is finite.

C. Contributions

In this paper, we investigate the MEC-related energy con-
sumption minimization problem for a two-UE UAV-enabled
MEC system while considering three different multiple access
offloading schemes, i.e., NOMA, FDMA, and TDMA, for
both the infinite and finite blocklength cases. Specifically, the
MEC-related energy consumption is defined as the sum of the
energy consumption caused by the local computing at the UEs,
remote computing at the UAV, and the UEs’ transmission for
task offloading, and it is minimized by jointly optimizing the
portions of task offloaded, the offloading times of all UEs, and
the UAV location for each multiple access scheme. Our main
contributions are summarized as follows:

o For each considered offloading scheme, the expression
of the minimum required transmit power of each UE
that can satisfy the information-causality constraint for
computation offloading is derived, and the energy mini-
mization problem that subjects to the computation latency
constraint, maximum CPU frequency constraint, and
maximum transmit power constraint is formulated. No-
tably, in the finite-blocklength NOMA offloading scheme,
since the perfect SIC cannot be guaranteed, both SIC
success and failure cases are considered, and a closed-
form expression for the average minimum transmit power
of these two cases is obtained.

o The relationships of minimum MEC-related energy con-
sumption required by the considered multiple access of-
floading schemes are analyzed, and the analytical results
show that TDMA can always achieve a lower energy
consumption than FDMA due to the freedom of remote-
computing time brought by the sequential task offloading
of the UEs. In addition, NOMA can achieve a lower en-
ergy consumption than FDMA in the infinite blocklength
case, but the same conclusion cannot be reached in the
finite blocklength case since the SIC failure should be
considered, especially when the channel conditions and
the offloaded task data sizes of the two UEs are relatively
symmetric.

o Since the formulated MEC-related energy consumption
minimization problem is non-convex, it is solved by
devising an alternating optimization algorithm, where the
original problem is decomposed into three subproblems
that optimize the portion of task offloaded by each UE,
the offloading time of each UE, and the UAV location, re-
spectively, based on the block coordinate descent (BCD)
method. Furthermore, in the subproblems, the expressions
of the minimum transmit power are transformed into a
form containing the difference of two convex functions,
which are handled by the successive convex approxima-
tion (SCA) technique.

o Simulation results verify the analytical results and show
that the proposed algorithm can effectively reduce the
MEC-related energy consumption, as compared with the
benchmark schemes without optimizing the portions of
task offloaded or the offloading times. The results show
that the advantage of joint optimization is more mark-
able when the computational burden is heavier or the
computation latency requirement is more stringent for
each UE. The results also show that the decoding error
probability has a significant impact on NOMA offloading
with finite-blocklength, due to nonnegligible SIC failures
in this case.

The rest of this paper is organized as follows. Section II
presents the system models and problem formulations of all
the considered multiple access offloading schemes in both
infinite blocklength and finite blocklength cases. Section III
provides the theoretical performance comparison of difference
offloading schemes. Section IV proposes the alternating opti-
mization algorithm. Section V shows the simulation results to
evaluate the effectiveness of the proposed algorithm. Section



& — Task offloading
- —» Result downloading

=
UE 1 (d,0) UE2 *
(0,0) (D, 0)

Fig. 1. A two-UE UAV-enabled MEC system.

VI concludes the paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION

As shown in Fig. 1, we consider a two-UE UAV-enabled
MEC system, where the two UEs on the ground can offload
parts of their computation tasks to a rotary-wing UAV that
carries an MEC server for remote computing, and the UAV and
UEs are each equipped with a single antenna. UE k € {1,2}
is required to compute an L-bit task in a given time length
Tmax- To minimize the sum transmission distance of the
two offloading links, the UAV hovers above the horizontal
line between the two UEs. Accordingly, the locations of the
UAV and UEs are contained within a vertical two-dimensional
Cartesian coordinate system. Without loss of generality, we
consider that UE 1 is located at the origin (0,0), and the
locations of the UAV and UE 2 are (d,H) and (D,0),
respectively, where d, D, and H denote the horizontal distance
between the UAV and UE 1, the distance between the two UEs,
and the fixed altitude of the UAYV, respectively.

It is worth pointing out that the considered two-UE system
can be extended to scenarios of more than two UEs, where the
UEs can be grouped into pairs and our proposed system can be
applied for each pair. And if different UE pairs are allocated
with different orthogonal time/frequency resources, they can
offload their task to the UAV without multi-pair interference.
Furthermore, by designing a two-timescale framework, we can
also extend the considered system to a mobility scenario where
the UAV provides computation offloading services for a wide
region through cruising flight. Specifically, the UAV’s trajec-
tory is optimized in the large timescale, while the computation
offloading and resource allocation are optimized in the small
timescale.

Since UAV typically has a high probability of establishing
an LoS air-to-ground communication link [3], the free space
channel model can be adopted. Thus, the channel power gains
from UEs 1 and 2 to the UAV can be represented as

Bo Bo
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(1)

respectively, where [y is the channel power gain at a reference
distance of dy = 1 m. To design the communication and
computation coordination between the UAV and UEs, a central
controller can be deployed in the MEC network to collect

the global channel state information (CSI) and computation-
related information. Assuming a quasi-static channel environ-
ment for the duration of low-latency task offloading, perfect
CSI is assumed to be known for the remainder of this
paper to facilitate tractable analysis and derive fundamental
performance benchmarks.!

The partial computation offloading mode is considered in
the MEC. Denoting the portion of task offloaded by UE &
by 0 < pr < 1, the data sizes of local-computing and
remote-computing can be expressed as (1 — py )Ly and pg Ly,
respectively. We consider scenarios such as factory automation
and wireless federated learning, where the computation results
are usually some control commands or model parameters
whose data size is typically negligible compared to that of
the offloaded task [14], [34]. For example, event-triggered
control based on binary neural networks for image recognition
outputs a binary parameter to indicate the presence of a target
object [35], and the sparse gradient triggering mechanism
in federated learning uploads a 1-bit signal to indicate the
need for global model update [36]. Thus, we do not consider
the latency and energy consumption caused by the result
downloading process from the UAV to UEs. Thus, if UE
k’s task offloading time is tj, the available execution times
of its local and remote computing are T,,,x and Tiax — tk,
respectively.

By applying the dynamic voltage and frequency scaling
(DVES) technique, the UEs and UAV can control the energy
consumption for local and remote computing by adjusting
their CPU frequencies for each cycle, respectively [37]. To
minimize the computation-related energy consumption, based
on [17], the CPU frequencies for UE k’s local and remote
computing during their available execution times should be
adjusted as

rem __ kakLk

o _ (L= pe)enlh  prem __proule
Pk Tmax_tk’

k =
Tm ax

)

respectively, where c; denotes the number of CPU cycles
required to compute 1 bit of UE k’s task. Then, the energy
consumption of UE k’s local computing and remote computing
at the UAV can be characterized as

Ellcoc = ’ikTmax( llcoc)gv

B = ko (Towa = ) ()’

(3a)
(3b)

respectively, where x and Ky denote the effective capacitance
coefficients of and UE k and the UAYV, respectively.

The energy consumption of each UE includes local-
computing energy consumption and task-offloading energy
consumption, and that of UAV mainly includes remote-
computing energy consumption and its propulsion energy
consumption. According to [38], the propulsion energy con-
sumption of the UAV is determined by physical parameters
like aircraft weight, air density, rotor disc area, and so on
and cannot be optimized by communication and computation

ITo improve the robustness and account for CSI error, a bounded error
model can be considered to minimize the worst-case MEC-related energy
consumption.
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Fig. 2. Tllustrations of the time-frequency transmit power allocations and the
remote computing CPU frequency allocations in different offloading schemes.

resource allocation, so we only consider the communication-
related and computation-related energy consumption and de-
fine the MEC-related energy consumption of UE k as

E}C\/IEC _ Ellcoc + E]x;cm + E;zf'f7 (4)

where E;;H = Pty is the energy consumption of offloading,
and P is UE k’s transmit power.

It can be observed in (4) that the MEC-related energy
consumption of the UEs is determined by the portions of
task offloaded, transmit powers, and offloading times of the
UEs, which are related to the multiple access schemes in
the task offloading. We consider three main multiple access
schemes, namely NOMA, FDMA, and TDMA. These three
multiple access offloading schemes will be sequentially mod-
eled and analyzed below in both the infinite blocklength and
finite blocklength cases, which correspond to the computation-
intensive tasks in eMBB services and the mission-critical
tasks in URLLC services, respectively. Additionally, the UAV
location directly impacts the quality of the offloading channels,
making it a crucial factor in designing a computation of-
floading strategy that balances communication-related energy
consumption and computation-related energy consumption.

A. NOMA Offloading

By using NOMA, the UEs can offload tasks to the UAV
simultaneously over the same time-frequency resource block
as shown in Fig. 2(a).”> As such, the offloading bandwidths
and times of two UEs can be expressed as B; = By = B and
t1 = to = t, respectively, where B is the total bandwidth and
t is the offloading time. By letting x;, € C denote the UE £’s
task-bearing signal with unit power for uplink offloading, i.e.,
E [|zx|?] = 1, the received signal y € C at the UAV is then
expressed as

ynoma =/ Pihizi + / Pahoxa + 2n0MA, (5)

where znoma ~ CN(0,0%0pa) denotes the additive white
Gaussian noise (AWGN) at the UAV with 0%oya = BNo
and Ny being the noise power and the noise power spectrum
density, respectively. The UAV performs SIC to decode two

2Power-domain NOMA is considered in this paper, where the UAV exploits
differences in UEs’ received power levels to distinguish between different UEs
based on SIC.

UEs’ signals in descending order of their channel power
gains. Note that since UEs 1 and 2’s channel power gains
hy and ho depend on the UAV location, we may have 2! = 2
permutations for the decoding order, i.e., (i) the UAV first
decodes UE 1’s signal and then decodes UE 2’s signal, and
(i1) the UAV first decodes UE 2’s signal and then decodes UE
I’s signal. In the following, we choose order (i) to analyze,
and the other order can be analyzed similarly.

1) Infinite Blocklength Case: In this case, the transmission
blocklength of two UEs is assumed to be infinite, i.e., N — oo.
Based on Shannon’s channel coding theorem, the decoding
error probability can be made arbitrarily small if the channel
codes are infinitely long. Thus, the decoding error probability
is negligible during the SIC process in the infinite-blocklength
NOMA offloading scheme [39], [40]. Specifically, the UAV
first decodes the signal from the stronger UE (i.e., UE 1),
treating the signal from the weaker UE (i.e., UE 2) as
interference. Once UE 1’s signal is successfully decoded, it
is reconstructed and canceled from the composite signal. The
UAV then proceeds to decode UE 2’s signal without suffering
from any interference. Thus, the signal-to-interference-plus-
noise ratio (SINR) of UE I’s signal and the signal-to-noise
ratio (SNR) of UE 2’s signal at UAV are expressed as

NOMA _

Poh
7y NoMaA _ Z 272 (6)

Poha + BN,” 2 T BN,

respectively.?

For remote computing at the UAV, the information-causality
constraint should be satisfied, i.e., the offloaded task data can
only be computed at the UAV if it has already been previously
received from the UEs. The information-causality constraint
for UE k’s computation offloading can be expressed as

Btlog, (1 + M) > piLy, VE, (7

where the left-hand side (LHS) of (7) represents the effective
offloading throughput from UE £ to the UAV, in which the
offloading data rate is measured by the Shannon capacity
formula, while the right-hand side (RHS) denotes the data size
of UE k’s remote-computing task.

To ensure that UEs’ offloaded tasks can be efficiently
received by the UAV for remote computing in the quantity
required, according to (7), the minimum transmit powers of
UEs 1 and 2 are respectively obtained as

T t)(T t)+1
PNOMA _ 1(p1,)( 52(027 )+ )’ (8a)
1
T t
pipna - T2leel) (8b)
2

where TL(pr,t) £ exp (%—’;L’“) — 1 is the minimum

SINR/SNR, and hj, = th@o denotes the normalized channel
power gain from UE £ to the UAV. Note that we do not
constrain any power allocation order between the two UEs,
since the power allocation in NOMA may not necessarily
follow the reverse order of the UEs’ channel gains [43].

3 Accounting for the imperfection in SIC resulting from practical factors
such as channel estimation errors, 'yINzO MA ghould be remodeled to include

a residual interference parameter similar to [41] and [42].



As shown in (8), the transmit power of the UE depends on
various factors including the UAV location, offloading time,
and offloading task data sizes.

Thus, according to (2)—(4) and (8), the MEC-related energy
consumption of NOMA offloading in the infinite blocklength
case is expressed as

2 3
NOMA( Z MEC Z (prerLy)
]C 1 max
1-— L
JrIik(( ;k)cf k)? L POMA >7 ©)

and the problem that jointly optimizes the UAV location d,
the portion of task offloaded by each UE p £ {pi,p2},
and the offloading time ¢ to minimize ENMA(p ¢, d) can
be formulated as*

(NOMA-D) - min  ENOMA(p, , d) (102)
pit,

s.t. Tem =+ frem < fU ,max (10b)

f;i"c < frmaxs VE, (10¢)

PYOMA < Pimax, VB, (10d)

0 <t < Thnax, (10f)

1
d< §D, (10g)

where fu max and fi max are the maximum available CPU
frequencies of the UAV and UE k, respectively, and Py max
is the maximum transmit power of UE k. (10b) ensures that
the sum of remote-computing CPU frequencies allocated to the
UEs does not exceed the maximum available CPU frequencies
of the UAV. (10c) and (10d) mean that UE k’s CPU frequency
fi°¢ and transmit power P\OMA are upper bounded by fi, max
and Py max, respectively. (10e) and (10f) are the value ranges
of {pr} and t, respectively, ensure the tasks required to be
computed will be completed within the given time. (10g) exists
to satisfy the assumptions that hy > ho and the UAV first
decodes UE 1’s signal during SIC as we analyzed above.

2) Finite Blocklength Case: In this case, the offloading
transmission blocklength of two UEs is finite and can be given
by N; = Ny = N = Bt [11]. Since the blocklength is
short and the decoding error probability cannot be ignored,
the offloading data rate should be characterized by the data
rate expression derived in [12]. For a given decoding error
probability €, the information-causality constraint for com-
putation offloading can be expressed as

Ve Q' (ex)
N In2

finite-blocklength offloading data rate

(1—€x)N |logy(1 +AROMA) — > prLy, Vk,

(1)

where the LHS of (11) represents the effective offloading
throughput from UE £ to the UAV, V}, is the channel dispersion

4Note that since the altitude of the UAV H is assumed to be fixed, the
location of the UAV can be expressed by its horizontal distance d only.

that can be approximated as 1 for convenience [2], and Q71 (+)
is the inverse function of Q(z) £ [ \/% e~ 7 dt.

Note that the perfect SIC cannot be guaranteed if the
blocklength is finite [13], so both SIC success and failure
should be considered. The UAV first decodes UE 1’s signal
while the interference caused by UE 2 is treated as noise, so

the SINR of UE 1°s signal at the UAV is expressed as
Noma _ _ Pila
TF,1 = :
Pyhy + BNy

If SIC succeeds, UE 1’s signal is correctly decoded and
completely canceled, the probability of which is 1 — €;, and
the SNR of UE 2’s signal is expressed as

.NoMA _ T2ho
’YF.,Q - BNO .

Otherwise, if SIC fails, UE 1’s signal is not decoded correctly,
the probability of which is €, it cannot be successfully
canceled, and thus the SINR of UE 2’s signal is expressed

as Ph,
~ Pihi+ BNy’
By letting v $M* = 4F9MA and combining (11), (12), and

(13), the minimum transmit powers of UEs 1 and 2 if the SIC
succeeds can be obtained as

Tf(ﬂlaN)(Tg(PmN)‘i‘l)

12)

13)

< NOMA _

VF,2 (14)

hy
PNOMA Tg(l_’% N) (15b)
ho ’
respectively, where YT (pi, N) £ exp (}é’?fkf:) ICRCY

1 is the minimum SINR/SNR. If the SIC fails, bg_lettmg
YROMA = AROMA and combining (11), (12), and (14), the
minimum transmit powers of UEs 1 and 2 can be respectively
derived as

1 TF (o1, N)(YE (p2, N) + 1)
PNOMA 16
- TE T ()

SNOMA _ 1 TQ(an )( l(pla ) )
— . 16b
N A N

By combining the two cases, the average minimum transmit
power of UE k can be characterized as

PROMA = (1 — &) PEMA 4 ¢ PRMA. (17)

Thus, according to (2)—(4) and (17), the MEC-related energy

consumption of NOMA offloading in the finite blocklength

case is expressed as

NOMA : (prcrLy)®
Ep =M (p,t,d) = kz:: (RU (T — 12
+ﬂk% + PQSMAt) . (18)
and the joint optimization problem that minimizing
ENOMA(p ¢, d) can be formulated as
(NOMA-F)  min ENOMA(p ¢ d) (192)

L)

st. PEOMA < Pynax, Y, (19b)



T]]:?(plv N)Tg(p% N) < 17
(10b), (10c), (10e) — (10g),

where (19¢) ensures that PROMA > 0, VE.

(19¢)
(19d)

B. FDMA Offloading

By using FDMA, two UEs offload their tasks to the UAV
simultaneously over two different frequency-domain resource
blocks as shown in Fig. 2(b). Thus, they have the same
offloading time, ie., {7 = t2 = ¢, and the bandwidths
allocated to UEs 1 and 2 can be written as B; = nB and
By = (1 — n)B, respectively, where 0 < 1 < 1 denotes the
bandwidth allocation coefficient. The signal transmitted from
UE £k and received by the UAV is given by

Yr,rDMA = V Prhizr + 2 ppMaA, VE,

where zx ppma ~ CN (0,07 ppya) With 07 ppya = 7BNo
and ag)FDMA = (1 — n)BNy. Accordingly, the SNRs of UEs
1 and 2’s signals received by the UAV are expressed as

(20)

PR Pyh
WM = — PV = 2D
nBNo (1 =n)BNo
respectively.

1) Infinite Blocklength Case: In this case, the information-
causality constraint for computation offloading can be ex-
pressed as

BkﬂogQ (1 + VFDMA) > pkLk7 Vka
FDMA

(22)

where ' = yFPMA " According to (22), the minimum
transmit powers of UEs 1 and 2 are respectively obtained as

PFDMA 1 f-rll (pl’ nt)v

(23a)

1—
PEPM™ = =1} (0o, (1 = m)t).
» h2
Thus, according to (2)—(4) and (23), the MEC-related energy
consumption of FDMA offloading in the infinite blocklength
case is expressed as

(23b)

2

EIFDMA(p,t, d) = Z <"5U ((PkaLk)B‘

_ )2
e Tmax t)

1
1— Li)?
A pr)erle)’ Tp’“)cf k) +PE,?MAt>, (24)

and the joint optimization problem that minimizing
EFPMA(p ¢ d) can be formulated as
(FDMA-I)  min EFPMA (5t d) (25a)
pit,
st. PEPMA < Pyax, VE, (25b)
(10b), (10c), (10e), (101). (25¢)

2) Finite Blocklength Case: In this case, the blocklength
of UEs 1 and 2 can be written as Ny = Bjt = nN and
Ny = Bot = (1—n)N, respectively. And for a given decoding
error probability €, the information-causality constraint for
computation offloading can be expressed as

)) .

EQ_I(EIC

1— 1 1 FDMA
(1 = ex)Ni (og2< AR -\ R

pkLka Vka
FDMA _
F.k -

(26)

where ”y}jDMA. According to (26), the minimum
transmit powers of UEs 1 and 2 are respectively obtained as

PEDMA — Tlf(pl, nN), (27a)

PEDMA —

o, (1= nN). @Th)
2

Thus, according to (2)—(4) and (27), the MEC-related energy
consumption of FDMA offloading in the finite blocklength
case is expressed as

- (prewLn)®
EDMA kCr Lo
EEMA 1. d) = ) (s A
k=1 de
((1 = px)enLy)®
T-ﬁ-PgDMAt , (28)
and the joint optimization problem that minimizing
EEPMA (5 ¢ d) can be formulated as
(FDMA-F) mi% EEPMA (p ¢, d) (29a)
)t
st PERMA < Pyax, VE, (29b)

(10b), (10c), (10e), (10f). (29¢)

C. TDMA Offloading

By using TDMA, as shown in Fig. 2(c), two UEs offload
their tasks to the UAV over two successive time-domain
resource blocks, sharing the same bandwidth. Thus, the band-
widths of UEs 1 and 2 can be written as B; = By = B,
and their offloading times can be written as t; = &t and
to = (1 — 0)t, respectively, where 0 < 6 < 1 denotes the
time allocation coefficient. The signal transmitted from UE &
and received by the UAV is given by

Yk, TDMA = V Prhizi + zrpma, VE, (30)
where zrpma ~ CN(O, U%DMA) with U’%DMA = BNj.
Accordingly, the SNR of UE k’s signal received by the UAV
is

Pih
TDMA Ktk
= Vk. 31
/Yk BNO ) ( )

Note that it may have 2! = 2 permutations for the offloading
order, i.e., (i) UE 1 offloads its task before UE 2 and (ii) UE 2
offloads its task before UE 1. In the following, we choose order
(1) to analyze, and the other order can be analyzed similarly.
Different from the NOMA and FDMA offloadings, where the
UAV computes two UEs’ offloaded tasks simultaneously, the
UAV can compute UE 1’s offloaded task during UE 2 offloads
its task in TDMA offloading. Thus, UEs 1 and 2’s remote-
computing times can be written as Tyax — 0t and T —
t, respectively, and the CPU frequencies allocated for their
remote computing by the UAV can be expressed as

prcila p2acalao
Tmax - 6t7 Tmax —t '
1) Infinite Blocklength Case: In this case, the information-

causality constraint for computation offloading can be ex-
pressed as

rem .
TDMA,1 —

rem

TDMA,2 = (32)

Btilog, (1 -+ M) > py. Ly, VE, (33)



where A[PMA = 4 TPMA - According to (33), the minimum

transmit powers of UEs 1 and 2 are respectively obtained as

—T(p1, 6t
hl l(pla )7

1
=_—7! 1
h2 2(p2’(

Thus, according to (3), (4), (32), and (34), the MEC-
related energy consumption of TDMA offloading in the infinite
blocklength case is expressed as

PIPMA = (34a)

prPMA —0)t). (34b)

Ly)® (pacala)®
ETDMA (o oy (pre1Ly
I (p7 ’ ) 19) (Tmax — 5t) + Ku (Tmax _ t)2
- 5PI TPMAL + (1= 0)PITPMA
((1— L
+Z Pk Ck k)? 7 (35)
and the joint optimization problem that minimizing
EFPMA(p ¢ d) can be formulated as
(TDMA-I)  min EfPMA(p t, d) (36a)
st frdma + fToma2 < fUmax, (36b)
P < Prnax, Yk, (36¢)
(10c), (10e), (10f). (36d)

2) Finite Blocklength Case: In this case, the blocklength
of UEs 1 and 2 can be written as Ny = Bt; = N and
Ny = Bty = (1—0)N, respectively. And for a given decoding
error probability €, the information-causality constraint for
computation offloading can be expressed as

Vi QM) o
N 1n2 -

(37)

(1 — €r)Ni <10g2(1 HEa ) -

prLy, VK,

where yFPMA = 4 PMA “According to (37), the minimum

transmit powers of UEs 1 and 2 are respectively obtained as

PTDMA _TF (pl, 6N)

h1
_QTg(an (1

Thus, according to (3), (4), (32), and (38), the MEC-
related energy consumption of TDMA offloading in the finite
blocklength case is expressed as

(38a)

PTDMA

— 5)N). (38b)

Ly)? (pacalo)?

ETIDMA () 4 oy (pre1ln

F (p,t,d) U (Tonee — 00)2 + Ku (Toee — 12
+ 5PTDMAt+ (1 5)PTDMA

((1— L
+Zn —p’“ ali) (39)
and the joint optimization problem that minimizing
EIPMA(p t d) can be formulated as
(TDMA-F)  min EFPMA(p t, d) (40a)
st PERMA < Prmax, VE, (40b)
(10c), (10e), (10f), (36b). (40c)

III. PERFORMANCE COMPARISON

To explore which multiple access offloading schemes is
more capable of reducing the MEC-related energy con-
sumption of the considered UAV-enabled MEC system and
whether the differences in performance benefit among different
schemes are the same in both infinite blocklength and finite
blocklength cases, we compare the minimum MEC-related
energy consumption obtained by NOMA, FDMA, and TDMA
offloadings, respectively, in both infinite blocklength and finite
blocklength cases. The analysis results of this section remain
applicable in a multi-UE system, where UEs are grouped
into pairs, and each UE pair is allocated with orthogo-
nal time/frequency communication resources and independent
CPU frequency for remote computing.

A. Comparison between FDMA and TDMA Offloadings

First, we compare the MEC-related energy consumption
of FDMA and TDMA offloadings with finite blocklength.
For the special case that n = ¢, let {p},t5, di} denote the
optimal solution to problem (FDMA-F) in (29), the energy gap
between FDMA and TDMA, i.e., the difference between (28)
and (39), is given by

EEPMA (¢, d) -

(a)
>EpPMA (pr, t, di) —

. (praciln)®
v (Tmax - t;)2

EgPMA(p,t,d)

EFPM (. b, d)

Li)? \ »

Pk 1c1L1) Vo,
(Tmax - 5ti§‘)2 o

(41)

where the equality in (a) holds if {pf,t5,df} is also the
optimal solution to problem (TDMA-F), and the equality in (b)
holds if § = 1. Similarly, a non-negative energy gap between
FDMA and TDMA offloadings with infinite blocklength can
be also obtained. For the equality relation in (41), we find
that FDMA and TDMA offloadings have the same task-
offloading energy consumption { E{™} with any given {p, t,d}
and 1 = §. Furthermore, for the inequality relationship in (41),
we find that TDMA can achieve a lower MEC-related energy
consumption than FDMA due to the freedom of remote-
computing time brought by the sequential task offloading of
the UEs.

B. Comparison between NOMA and FDMA Offloadings with
Infinite Blocklength

Next, we compare the MEC-related energy consumption of
NOMA and FDMA offloadings with infinite blocklength. For
a special case that h1 > h2 (the UAV first decodes UE 1’s
signal) and n = 2 et {pp, 15, d;} denote the optimal solution
to the problem (FDMA-I) in (25), and {h k} denotes the
corresponding normalized channel power gains, the energy gap
between NOMA and FDMA, i.c., the difference between (9)
and (24), can be expressed as

ENOMA(pa tv d) - EIFDMA(pa tv d)

<ENOMA( thF7dF)
1 2 ~k 7%\ A ~k T 1 1

= ~—TI1(PF,17tF)T12(PF,2atF) + <~ - ~—>

* * *
hF,l hF,Q hF,l

EfPMA (bt d)




F,1 k=1
I 2 APl (=% iy -~
® 1< - T3 (Pkw3) |
<A TPk 1, ) T (P 2, ) Z 5 -
k=1 hi 1
[ i A Th )
= 115 1s 5 ) Y2 (Pk2s =) Z
2 2/ & 2
5 ©
X ~*F <0, (42)
F,1

where T (pk, t) £ T} (pk, t) +1 = exp(M25:EE) In (42), the
mequahty (b) holds due to h} ;> hf 5 and 5L (5 5, 1) <

TI(NI’SQ, tQF) where the latter can be proved by the
fact that f(z) = ze ™™ is a decreasing function when

x > 1, and then B(tFTI(pF2, 5 — TI(pF 2,%)) =
< 0 since % > 1
can be satisfied. The inequality (c) holds due to the in-
equality /ry < ”H'y In addition, the equality in (a) holds
if {pF,tF,d*} is also the optimal solution to the problem
(NOMA-F); the equality in (b) holds if h 1= hF 55 the equal-

ity in (c) holds if Y} 1(0F 15 7) Tl 2(PF 25 2 ) Note that the
similar result can be also proved if hy < ho. We can find that
NOMA and FDMA offloadings have the same computation-
related energy consumption, i.e., { E£1°°} and { EX*™}, with any
given {p, t}, so the inequality relationship in (42) implies that
NOMA can achieve a lower MEC-related energy consumption
than FDMA with infinite blocklength due to the spectrum
resource sharing and the perfect SIC.

- ~ s Bif
eln2pp 2 L2 Btl*;e_BtF — —BgF e~

C. Comparison between NOMA and FDMA Offloadings with
Finite Blocklength

Then, we compare the MEC-related energy consumption
of NOMA and FDMA offloadings with finite blocklength.
For a special case that n = %, let {pPX, 1%, dx } denote the
optimal solution to problem (NOMA-F), and {hy; ;. } and Ny
denote the corresponding normalized channel power gains and
blocklength, respectively, the energy gap between NOMA and
FDMA, i.e., the difference between (18) and (28), can be
expressed as

EFNOMA (pa tv d) - EIEDMA(pv ta d)

(a)
> BNOMA (g3, 8, diy) — EEPMA(

PN, N dy)

o [ X7k MO (R M)+ TR N0 | Ny
Pia P B
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where T{ (e, N) £ T{(pe, N) + 1 = exp(gaies +

%). In (43), the equality in (a) holds if {p%, ¢k, d%}
is also the optimal solution to problem (FDMA-F), and the
inequality (b) holds because PNOMA > PNOMA Vk. Since
Y¥(pk, N) is complex and the value of (43) depends on the
relatlve magnitude between py ; and py , and that between
hN 1 and hN 5, it is hard to determine whether AY is positive
or negative dlrectly

In order to facilitate the analysis of the value of Ag
within its feasible domain for a given N, we first define
A(p17p2aN)_1 TF(pla gTF(p% )and B(plap%N)é
T (p1, N)Y5 (p2, N) — 1575 YE(pk, &), and show their
isolines over mesh (p;L1,p2Lls) for N = 300 in Fig. 3.
In Fig. 3(a), we can observe that A(p1,pa2, N) decreases
with the increase of p1Li + paLlo and A(p1,p2, N) > 0
should be satisfied to ensure PNOMA > 0,Vk, since for
the given SNR A QMA and blocklength N, the decoding
error probability € increases as the data rate £ L jncreases
[13], the sum data size of two UEs’ offloaded tasks, i.e.,
p1L1 + paLle, cannot exceed a certain value that satisfies
A(p1,p2, N) = 0 to ensure the decoding error probabilities
of two UEs’ offloaded tasks do not exceed €. In Fig. 3(b),
we can find that B(p1, p2, ) decreases with the increase of
|p1L1 — paLs|. Since AN = hfv B(pl’gl,pl’(le*) when
hl’(I 1= hN 5, and PNOMA in (17) increases as pj increases,
NOMA ofﬂoadlng should keeps an offloaded task gap between
two UEs, i.e., |p1L1 — p2L2| to leverage the advantages of
spectrum efficiency due to the power domain multiplexing.

Thus, if (p&L1,p%oL2) is at the overlap area of
A(p1,p2, N) > 0 in Fig. 3(a) and B(p1, p2, N) > 0 in Fig.
3(b), AF > 0 when hi ; = hy ,. For the most special case
that i_zltm = Bl’(m, pl’imLi = 91*\1,2[/29 and €7 = e, we have

100 200 300 400 500 600 700 800
mly

(@) A(p1, p2, N)

Fig. 3. Isolines of A(p1, p2,
for N = 300.

NNA

B AR

(43)

N _ N.
Ay = N (rl,i(pa_k,zvfe) T (ke N))
I B , 2
=0, k=1or2. (44)

Note that because (43) is a strict inequality, and the inequality
(b) in (43) makes Ag only measures the difference between
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Fig. 5. MEC-related energy consumption required by different multiple access offloading schemes versus the UAV location d for different cases of p when
n=0=0.5 D=100m, B=0.5MHz, t =0.3 ms, Ly = Ly = 1.2 kbit, and €; = €5 = 107°.

the MEC-related energy consumption required by SIC suc-
cess case of NOMA offloading and that required by FDMA
offloading, so the above result is conservative.

The correctness of the above theoretical conclusion can be
verified through the numerical result shown in Fig. 4, which
presents the calculation results of the MEC-related energy
consumption required by different multiple access offloading
schemes in both the infinite and finite blocklength cases versus
the portion of task offloaded by UE 2 py for p; = 0.5.
As the comparison result in (41), TDMA achieves a lower
energy consumption than FDMA in all cases in Fig. 4. As
the comparison result in (42), if the blocklength is assumed
to be infinite, NOMA requires less energy consumption than
FDMA, and the performance advantage of NOMA when
d = %D is more obvious than that when d = %D due to
the quality difference of the offloading links caused by the
UAV location. For the finite-blocklength offloading, NOMA
can still achieve a lower energy consumption than FDMA
when d = %D as shown in Fig. 4(a), while the performance
advantage of NOMA over FDMA cannot be obtained when
04 < py <058 and d = 1D, ie., hy = hs, in Fig. 4(b),
which is consistent with the analysis results in Section III-C.

To investigate the impact of UAV location on the perfor-
mance gap between NOMA and FDMA, we present the MEC-
related energy consumption versus UAV location d in Fig. 5.
For the symmetric task offloading case (i.e., p1 = p2 = 0.5,
where the computation-related energy consumption of two
UEs is identical), as d decreases from % = 50 m to 0 m,
the energy consumption gap between NOMA and FDMA
increases, as shown in both Fig. 5(a) and Fig. 5(b). This
is because the performance benefits of NOMA over FDMA
become more pronounced when the channel conditions of the
users differ significantly [31]. When the offloading channels
of two UEs tend to be symmetric (i.e., d = % = 50 m), the
performance gap becomes zero if the blocklength is infinite.
However, in the finite blocklength case, NOMA requires more
energy consumption than FDMA due to the consideration
of decoding error probabilities and SIC failure. In contrast,
for the asymmetric task offloading case (i.e., py = 0.5
and p» = 0.3), NOMA consistently achieves lower energy
consumption compared to FDMA with both infinite and finite
blocklength, thanks to the efficiency provided by the power
domain multiplexing.

To sum up, TDMA can achieve a lower MEC-related energy



consumption than FDMA in both infinite blocklength and
finite blocklength cases due to the sequential task offloading
of the UEs, and NOMA consumes less energy compared
to FDMA in infinite blocklength case. However, the same
conclusion cannot be obtained if the blocklength is finite,
especially when the channel power gains and the offloaded task
data sizes of two UEs are relatively symmetrical, the energy
consumption of NOMA will be larger than that of FDMA.

IV. PROPOSED ALGORITHM FOR PROBLEM (NOMA-F)

Note that the six MEC-related energy consumption mini-
mization problems of different offloading schemes formulated
in Section II are all non-convex due to the non-convexity
of their objective functions and constraints, as well as the
coupling of the optimization variables, especially in the ex-
pressions of transmit power, which make these problems dif-
ficult to be solved directly. We can find that the mathematical
forms of these six problems are similar except for the specific
expressions of the transmit power. To avoid redundancy, we
only present the solution to problem (NOMA-F) in the fol-
lowing, which is the most complex and challenging, and the
other five problems can be solved similarly. To overcome the
above difficulties, we decouple variables p, t, and d in prob-
lem (NOMA-F) by the BCD technique, which decomposes
problem (NOMA-F) into three subproblems: 1) Subproblem 1
optimizes the portions of task offloaded p for given ¢ and d; 2)
Subproblem 2 optimizes the offloading time ¢ for given p and
d; 3) Subproblem 3 optimizes the UAV location d for given
p and d. These three subproblems are solved in an alternating
manner until the objective value EgOMA(p,t, d) converges.
The solutions to the three subproblems are presented as
follows.

A. Optimizing the Portions of Task Offloaded

For given d and t, problem (NOMA-F) reduces to
2

> G + &1 — pi)® + PRYMA (45a)
k=1
s.t.  (10b), (10c), (10e), (19b), (19c¢), (45b)
_ rulenly)® _ Kk(CkLk)S ;
where (; = (e and & . The expressions

of transmit power in (15) and (16) can be simplified as

Pé\{(leA }_Li ( w1p1twzpztvitve ewzpz-i-vg) ., (46a)
PFNSMA }% ( wapatva _ ) ’ (46b)
PRMMp) = hil (1 vy 1> , (460)
Peg™(p) %(1_ewlpl gy —1>, (46d)
where w, = Nlélf_L:k) and v, = LJ(\;’“) To handle the

complex forms of {T:’ﬁ?I OMA(p)}, we introduce slack variables
A2 {5\1,5\2}, and 1 £ {fi1, iz}, and problem (45) can be
equivalently transformed into

2

> Gpi + & (1= pi)® + Prlp, fir)t
k=1

(47a)
P [

11

st fix < 1— e, VE, (47b)
0>\ > )\k(p)a vk, (47¢)
Pr(p; i) < P max, VE, (47d)
(10b), (10c), (10e), (47e)

where Py(p,jie) = (1 — ) PEMA(p) + £ (L~ 1),
M(p) = In(e2r2(e” —emw1r1)), and  No(p) =
In (e¥1P1 (e’ — e~2P2)). Note that A\, < 0 in (47c) is
equivalent to (19¢c) to guarante that Pg{gMA(p) > 0,Vk.
Problem (47) is still non-convex due to the non-convexity of
I:’gloMA(p) in (47a) and {\;(p)} in (47c), which all contain
a difference of two convex functions. This form can be
effectively handled by the SCA technique [44] that replaces
the non-convex objective function (47a) and constraint (47c)
with suitable convex approximations, e.g., approximating
ev2p2tvz jn PNOMA(p) and e “r#* in Ay(p) in the ith
iteration with their first-order Taylor expansion at the given
local point p,(ffl) that denotes the solution of p; obtained
in the (¢ — 1)th iteration, and solves problem (47) iteratively
until its objective value converges.

B. Optimizing the Offloading Time
For given p and d, problem (NOMA-F) reduces to

cr L)
Z“U Pk k k +P§OMA

max

s.t. (10b),(10f),(19b),(19c).

(48a)

(48b)

The expressions of transmit power in (15) and (16) can be
simplified as

PgOMA(t) _ Bi (621%22—’_31\%572 - 82T2+%) ’ (49a)
1
SNOMA Loy
PR () = — (e R 1) , (49b)
2
PNOMA(t) = _i \1 —1 (49¢)
F,1 hl 1_62T2+b_\/2?+ezgzzl )
. 1 1
PYOMA (1) = — —— —1), (49
F,2 () hg 1_e%+ﬁ+621222 ( )
where zp = % and sp = Lg"). Similarly, to handle

the complex forms of {PESMA(t)}, by introducing slack

variables p = {p1,p2}, ¢ = {1, &%), and & = {&1, 65},

problem (48) can be equivalently transformed into
: (prexli)® | 50

f)gpv ; max_t) + €k (50a)

s.t. Py > Gr(t,<k), Yk, (50Db)

S < ak(t), Vk (50c)

0<g¢r <1, Vk, (50d)

er > pit, Yk, (50e)

Di < Promax, Yk, (501)

(10b), (101), (50g)



Ja(t) 2

where Gi(t, ) 2 (1— ) PEPMA() + 7+ (£ — 1)

hi \ Sk
1— ezf2+f} +e ", and () 21 —eZTlJFS_J12 +e™ 72, and
note that (50d) is equivalent to (19c). Problem (50) is non-
convex due to the non-convexities of constraints (50b) and
(50c¢) as well as the bilinear constraints in (50e). To overcome
this difficulty, we will approximate problem (50) as a convex
one and solve it in an iterative manner.

In the ith iteration, pit in (50e) can be first rewritten as

N 2
a difference of two convex functions, i.e., pxt = (p—’“;r t) -

) 2
(ka4) Then, by applying the first-order Taylor expansion

on (ﬁ";t) with the given local point {pk D - D}, where
]5,(;71) and t(—1) respectively denote the solutions of {5, and
t obtained in the (i — 1)th iteration, constraint (50e) can be
approximated by

1 - i
(e + 07 + 30 = 10702

— ST =) 1),
Finally, the non-convexities of PNOMA( ) in (50b) and {sx ()}
in (50c) that caused by their forms of the difference of two
convex functions can be effectively handled by SCA techmque
i.e., approximating problem (50) by replacing e* “+% in
PNOMA(L‘), e in i (t), and e 7~ in ¢(t) with their
first-order Taylor expansion at the given local points t(*~1),

S1Y)

C. Optimizing the UAV Location
For given p and ¢, problem (NOMA-F) reduces to

(52a)
(52b)

min PQ?MAJFPQSMA
s.t.  (10g), (19b).

The objective function in (52a) is convex with respect to d,
and the solution of problem (52) can be derived as

d
W N max
* — |: (p17p2? ) D , (53)
q)(p17p27N)+\Ij(p17p27N) dmin
where[z]¢ £ min{a, max{b,z}}, ®(p1,p2, N) £ (1 — €1) x

Y (p1,N)(Y5 (p2,N)+1
N)(X5(p2, N) + 1)) tea 11(§%(93$N2)7(fp§2(p2),;))’ and

2 (1—e)YE(p2, N) + €1 Y5 (p2,N)(X7 (p1,N)+1)

=YY (p1,N)YE(p2,N) ~
In addition, dyin = D — \/ rescs — H? and dypa =
Py maxBo

min{$D, \/BN0<I> W) — H?} are obtained from (10g)
and (19b).

(Tll:(plu
\I}(Plap%N)

D. Overall Algorithm

We summarize the overall algorithm for solving prob-
lem (NOMA-F) in Algorithm 1, where three subprob-
lems will be solved alternatively and iteratively. Since
the SCA-based algorithm is guaranteed to converge based
on its global convergence and stability [44], in the
ith iteration, we have ENOMA(p() (=1 gG=1)) <
ENOMA(pli=1) 4(i=1) "qli= 1)) after solvmg problem 47),
and EgOMA(p(z)’t(z)vd(zfl)) < ENOMA(p(z)’ (z 1)7d(z 1))
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Algorithm 1 Proposed Algorithm for Problem (NOMA-F).
t(o), d(o)’ ac-

1: Initialization: Set initial values for p(®),

curacy o, the iteration number ¢ = 0, and calculate
ENOMA (p(0) 40 q(0) according to (18).
2: repeat

33 Seti=1i+1.

4 Given pt=b (=1 ‘and d~1), obtain p(*) by solving
problem (47) with the SCA-based algorithm.

5. Given p®, t0=D and dU~Y and calculate p(Z 1
according to (17), obtaln t() by solving problem (50)
with the SCA-based algorithm.

6:  Given p™ and t*, obtain d¥) according to (53).

7. Calculate EROMA(p(®) () q()) according to (18).
8 until EII;IOMA(p(?'),t(l),d(l))fEII;IOI\/I‘A(p(%il),t(q'il),d(lil))
: ENOMA (p(i—1) ¢~ 1) q(i-1))
.
9: Output: p* = p@, t* =t d* = d¥, and ENOMAx
EQOMA(p(i), @ @),

after solving problem (50). And since d* in (53) is
the optimal solution to problem (52), we furtherly have
ENOMA (p(0) 1) g@) < ENOMA(p(i=1) 4(i=1) gl-1)),
Thus, Algorithm 1 is guaranteed to converge since the optimal
value is non-increasing and must have a lower bound during
each iteration.

The computational complexity of the proposed algorithm
mainly depends on the application of CVX solver for solving
subproblems that optimize the portions of task offloaded and
the offloading time, i.e., problems (47) and (50), in an iterative
manner. These two subproblems can be solved by a primal-
dual interior point method with complexity O(n3-log(1/0)),
where n and o denote the number of optimization variables
and the given convergence accuracy, respectively [45], [46].
Since there are n; = 6 and no = 5 optimization variables in
problems (47) and (50), respectively, and the computational
complexity for calculating the UAV location according to (53)
can be ignored here, the total computational complexity of
Algorithm 1 can be calculated as O(I(n$® +n3-)log(1/0)),
where I is the required number of iterations for convergence.’

V. SIMULATION RESULTS

In this section, we provide some simulation results to
compare the performances of different multiple access of-
floading schemes and demonstrate the effectiveness of the
proposed algorithm. The system parameters are set as follows:
Ny = —169 dBm/Hz, 5y = —60 dB, D = 100 m, H = 50 m,
fumax = 9 GHz, sy = 10728, p = § = 0.5, and for
both £ € {1,2}, fimax = 1 GHz, Pymax = 0.1 W,
¢ = 1000 cycles/b, k3, = 10728, and €;, = ¢, where € denotes
a specific decoding error probability that may take different
values in the simulations. The proposed algorithm will be
compared with the following three benchmark algorithms for
problem (NOMA-F):

>To mitigate the potential conflict between the computational burden of the
optimization algorithm and the strict task computation latency constraints, the
optimal computation offloading strategies for various predicted UE locations
and task data size ratios can be pre-calculated offline and stored in a database
on the network controller.
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Iteration

Fig. 6. Convergence behavior of the proposed algorithm for problem (NOMA-
F) for B = 2,3,4 MHz.

o Without Optimizing the Portions of Task Offloaded: It
fixes the portions of task offloaded as 0.5, ie., pp =
0.5, Vk, and optimizes the offloading time and the UAV
location by solving problems (50) and (52), respectively.
The MEC-related energy consumption obtained by this
scheme is denoted by Eg)lo\IBP{[A.

o Without Optimizing the Offloading Time: It fixes the
offloading time as 0.57},,,x, and optimizes the portions of
task offloaded and the UAV location by solving problems
(47) and (52), respectively. The MEC-related energy con-
sumption obtained by this scheme is denoted by Eg%l\T/IA.
e Exhaustive Search Method: 1t minimizes ENOMA (p, ¢, d)

by searching for the portions of task offloaded and
the offloading time in the feasible domain of problem
(NOMA-F) and calculating the UAV location according
to (53). The MEC-related energy consumption obtained
by this scheme is denoted by Eg%gm, which serves as
the globally optimal value of problem (NOMA-F).

First, in Fig. 6, for Ly = Lo = 1.2 kbit, T},,x = 1 ms,
and € = 1072, we illustrate the convergence behavior of the
proposed algorithm (Algorithm 1). It is observed that EXOMA
with different B decreases over iterations and converges after
three iterations. This indicates that the proposed AO algorithm
can converge quickly and demonstrates its effectiveness. Ad-
ditionally, ENOMA decreases with the increase of B since a
larger blocklength N = Bt leads to a higher offloading data
rate for each UE. The convergence behaviors of the proposed
algorithms for other five offloading schemes are similar, and
we do not present them here due to space limitations.

In Fig. 7, by letting Ly = Ly = L, we show the
MEC-related energy consumption of different multiple access
offloading schemes and three benchmark schemes versus data
size of UEs’ computation tasks L. As expected, the MEC-
related energy consumption of all considered schemes in-
creases as the data size of UEs’ computation tasks increases.

ENOMA s substantially lower compared with ENQMA and
ENQMA, and always approaches ENQMA, which demonstrates

the effectiveness of the proposed joint optimization algorithm.
The performance improvement achieved by the proposed al-
gorithm over the first two benchmark schemes increases as L
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MEC-related energy consumption

0.8 0.9 1 1.1 1.2 1.3 1.4 1.5 1.6
Data size of UEs’ computation tasks, L (kbit)

Fig. 7. MEC-related energy consumption of different schemes versus data
size of UEs’ computation tasks L for B = 3 MHz, Tinax = 1 ms, and
e=1075.
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Fig. 8. MEC-related energy consumption of different schemes versus maxi-
mum computation latency Tmax for L1 = Lo = 1.2 kbit, B = 3 MHz, and
e=10"5.

increases, which indicates that the joint optimization of the
portions of task offloaded and the offloading time is more
important when the computational burden of UEs is heavier.

Fig. 8 shows the MEC-related energy consumption of dif-
ferent schemes versus maximum computation latency Ty ax.
It is observed that the MEC-related energy consumption of
all schemes decreases with the increase of Ty,.x. This is
because as the available time for both local computing and
remote computing increases, the UEs and UAV can adjust
their CPU frequencies to a smaller state according to the
principle of the DVES technique so that the computation-
related energy consumption can be effectively reduced. We

can also observe that ENOMA ig lower than EFRQMA and
EFN70N¥A regardless of Ti,ax. And the gap between Egﬁ%l\}/)m

and EFNOMA becomes smaller with the increase of Ty .x,
while EFN%\%A always maintains a larger performance gap with
ENOMA This indicates that when the latency requirement is
relatively severe, i.e., Tiax 1s small, the joint optimization
of the portion of task offloaded and the offloading time is
extremely important to reduce energy consumption. Whereas
when the latency requirement is relatively loose, i.e., Tiax
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Fig. 9. MEC-related energy consumption of different schemes with finite
blocklength versus decoding error probability € for L1 = Lo = 1.2 kbit,
B = 4 MHz, and Tmax = 1 ms.

is large, the performance gap caused by the lack of the
optimization of the portions of task offloaded can be mitigated
by the optimization of offloading time and the moderation
effect of the DVFS technique. And the optimization of the
offloading time is always important since it should cautiously
balance the energy consumption caused by task offloading and
remote computing.

In addition, in both Fig. 7 and Fig. 8, EEOMA is larger than
EEDMA and Eg DMA regardless of L and Ty,.x. It indicates
that the task offloading capability of NOMA is weaker than
that of FDMA and TDMA when the blocklength is finite
since the SIC failure should be considered additionally for
NOMA in this case. Whether in infinite blocklength case
or finite blocklength case, TDMA always achieves a lower
MEC-related energy consumption compared to FDMA, i.e.,
EIPMA o pFDMA and pIPMA o pEDMA " thanks to the
freedom of remote-computing time brought by sequential task
offloading of the UEs. Moreover, ENOMA s always lower
than EIF DMA due to the spectrum efficiency brought by time-
frequency resource sharing and the perfect SIC. The above
simulation results verify the correctness of the theoretical
analysis conclusions obtained in Section III. We can also
observe that the MEC-related energy consumption required by
the finite blocklength case is always larger than that required
by the infinite blocklength case for each considered multiple
access offloading scheme because the Shannon capacity ser-
vices as an upper bound for the finite-blocklength transmission
data rate derived in [12].

Fig. 9 shows the MEC-related energy consumption required
by different multiple access offloading schemes with finite
blocklength versus decoding error probability €. For any value
of ¢, it can also be observed that EFNOMA is larger than
EEPMA “and EEPMA s larger than EFPMA. In Fig. 9(a),
it is observed that ENOMA decreases with the increase of ¢
when € < 107°, and increases with the increase of ¢ when
€ > 1075, This is because € will affect both the achievable data
rate and the SIC failure probability in NOMA offloading as we
consider in Section II-A-2. When the reliability requirement
is strict, i.e., € takes an extremely small value, the SIC failure
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probability is low and the average transmit power derived in
(17) is dominated by the transmit power required for SIC
success case, increasing e enables the achievable data rate of
the offloading link to reach a larger value, which provides
a larger computation offloading capacity for UEs to obtain
a more flexible task computing strategy and promotes the
reduction of the MEC-related energy consumption. However,
when the reliability requirement is slack, i.e., € takes a
large value, although increasing € can still result in a larger
achievable data rate, the SIC failure probability is already so
large in this case that the transmit power required for SIC
failure already occupies a significant portion of the average
transmit power, and increasing e will instead result in a lower
effective offloading throughput and a larger communication-
related energy consumption due to PESMA > PQSMA, vk.
In Fig. 9(b) and Fig. 9(c), as € increases, both EEDMA and
EEDMA decrease slightly when ¢ < 1072 and increase when
€ > 1072, Since the UEs offload their tasks to the UAV over
orthogonal communication resources in FDMA and TDMA
offloadings, the UAV does not need to perform SIC to decode
the received UEs’ signal, so € mainly affects the achievable
data rate during task offloading transmission, and increasing ¢
will decrease the energy consumption. However, when ¢ is too
large, i.e., when € > 1072, the impact of € on the effective
offloading throughput defined in the LHS of (26) and (37)
is significant, increasing e instead will increase the energy
consumption. Based on the above discussion, we can find that
the decoding error probability has a more significant impact
on NOMA than FDMA and TDMA since both SIC success
and failure need to be considered simultaneously when the
blocklength is finite.

In Fig. 10, we show the optimal portions of task offloaded,
offloading times, UAV locations, and transmit power of dif-
ferent schemes versus the data size of UE 2’s computation
task Lo for L; = 1.2 kbit. In Fig. 10(a) and Fig. 10(b),
we can observe that the finite-blocklength NOMA offloading
scheme obtains the lowest portion of task offloaded and
the largest offloading time, which decreases and increases
as Lo increases, respectively. This indicates that the finite-
blocklength NOMA offloading needs to restrict the offloading
throughput and allocate sufficient offloading time to ensure the
reliability of offloading transmission can be satisfied even in
the SIC failure case as we analyzed in Section III-C. Different
from NOMA and FDMA in which p; and ps are very close,
p1 18 higher than po in both infinite-blocklength and finite-
blocklength TDMA offloading schemes since UE 1 offloads
its task before UE 2 and then UE 1 can have more time to
perform remote computing at the UAV. In Fig. 10(c), the UAV
locations obtained by all schemes become closer to UE 2 as
L5 increases to improve the quality of UE 2’s offloading link
to meet UE 2’s task offloading demand. The UAV locations in
FDMA and TDMA schemes vary significantly and the ratios
of distance from the UAV to UEs 1 and 2 are proportional to
the ratios of task data size between UEs 1 and 2. However,
in NOMA offloading with both infinite blocklength and finite
blocklength, the UAV only moves slightly and it is always
closer to UE 1 to ensure h; > ho under the assumption that
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Fig. 10. Optimized portions of task offloaded, offloading times, UAV locations, and transmit power of different schemes versus data size of UE 2’s computation

task Lo for L1 = 1.2 kbit, B = 3 MHz, Timax = 1 ms, and € = 107°.

the UAV first decodes UE 1’s signal. In Fig. 10(d), in order to
distinguish the signals of two UEs in the power domain, the
transmit power of UEs 1 and 2 is different in NOMA schemes,
which is different from FDMA and TDMA offloadings. Based
on the optimization results presented in Fig. 10, we can find
that whether in infinite blocklength case or finite blocklength
case, NOMA mainly balances the difference in offloading
demand between two UEs due to the difference between L,
and Lo by adjusting the portions of task offloaded and the
offloading time, while FDMA and TDMA mainly balances
that by adjusting the UAV locations.

VI. CONCLUSION

In this paper, we have considered the minimum MEC-
related energy consumption for different multiple access of-
floading schemes, including NOMA, FDMA, and TDMA in
both infinite blocklength and finite blocklength cases. Through
theoretical analysis, we have proved that TDMA consistently
achieves lower energy consumption than FDMA, and NOMA
achieves lower energy consumption than FDMA in the infinite
blocklength case. In contrast, since both SIC success and
failure cases were considered in finite-blocklength NOMA
offloading, NOMA could not be guaranteed to achieve lower
energy consumption than FDMA in this case, especially when
the channel conditions and the offloaded task data sizes of two
UEs are relatively symmetric. Furthermore, we have proposed
an alternating optimization algorithm to minimize the MEC-
related energy consumption of different schemes by jointly
optimizing the portions of task offloaded, the offloading times
of all UEs, and the UAV location. Simulation results have
validated that the proposed algorithm can effectively reduce
MEC-related energy consumption compared to other bench-
mark schemes and verified the correctness of the theoretical
analysis results. In addition, our obtained results have shown
that the decoding error probability has a more significant
impact on the energy consumption of NOMA than both FDMA
and TDMA in the finite blocklength case.
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