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Abstract. In vehicular edge computing (VEC) networks, a promising
strategy for in-vehicle user equipments (UEs) with limited battery capac-
ity is to offload data-intensive or/and latency-sensitive services to VEC
servers via vehicle-to-infrastructure (V2I) links to reduce their energy
consumption (EC). However, limited power supply, inadequate computa-
tion capability, and dynamic task latency make it extremely challenging
to implement. In this work, we focus on designing a system-centric EC
scheme in a VEC network. In particular, a joint computation offloading
and wireless resource allocation problem is formulated to minimize the
system EC by optimizing power control, offloading decision as well as
subcarrier allocation while taking into account the dynamic and fickle
time delay of each UE’s task. In light of the intractability of the problem,
we propose an effective block coordinate descent (BCD)-based algorithm
with greedy search to find a high-quality sub-optimal solution. Simu-
lation results illustrate that the proposed algorithm has better energy
savings than the benchmarks.

Keywords: Vehicular network · Resource allocation · Energy
consumption · Edge computing

1 Introduction

The recent advancement of vehicular networks has spurred various new applica-
tions in the domains of autonomous driving, video-aided real-time navigation,
video streaming, and augmented reality [1,2]. However, it also means higher
requirements for vehicular networks to handle such latency-sensitive and data-
intensive services [3]. Although the processing capacity of the vehicle’s central
processing unit (CPU) becomes stronger, it is still unable to handle enormous
applications in a short time, and the quality of service (QoS) is hard to be
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effectively guaranteed, which has become one of the bottlenecks for the further
implementation of the vehicular networks [4].

To tackle this challenge, vehicular edge computing (VEC), as a promising
technology, has been proposed. Specifically, the computation tasks generated
by applications can be allowed to offload to the edges of the networks, so that
long-distance transmission and excessive network hops can be eliminated [5].
In addition, the computational response time is reduced to better ensure the
QoS of UEs. As a result, VEC-based computation offloading has attracted a
large amount of attentions and has been extensively investigated from different
perspectives, e.g., task computation delay minimization [6], vehicular terminals
and servers cost minimization [7] and system utility maximization [8].

On the other hand, VEC also provides an opportunistic solution for energy-
limited in-vehicle UEs to reduce their energy consumption (EC) and extend
their lifetime [9]. Specifically, traditional solutions are tending to process all
computing tasks locally by UEs, which leads to tremendous EC and ephemeral
lifetime for UE. Thanks to the flourish of VEC, users’ tasks can be offloaded
to VEC servers for computation with the help of vehicle-to-infrastructure (V2I)
links, which not only improves computational efficiency but also compensates
for the inherent weaknesses in the traditional approach.

Resource allocation, as an essential technology in VEC networks, can achieve
spectrum management, power allocation, and resource scheduling, etc. Such as
the authors in [10] maximized the sum computation rate of all UEs via the binary
offloading mode in wireless-powered mobile-edge computing networks. However,
binary offloading may no longer be suitable for data-ultra-intensive computing
tasks in practical. To this end, the authors in [11] minimized the weighted sum
computation delay by invoking partial offloading for D2D-enabled mobile edge
computing networks. We notice that [10] and [11] mainly focus on computation
rate and latency, ignoring system energy consumption, which may be contrary
to the green communication initiative. To deal with it, EC has been studied in
[12,13]. In [12], the authors studied the resource-management policy to minimize
the EC of all tasks for a mobile-edge computation offloading system under time
constraints for mobile UEs. In [13], the authors jointly optimizing the trans-
mit beamforming, the processing unit frequencies, and the offloading decision
for energy minimization in wireless-powered multi-user mobile-edge computing
systems. Although the aforementioned works [10–13] investigated resource allo-
cation for UEs based on static cellular networks, the reached conclusions are not
applicable to vehicular networks, due to the highly dynamic and unstable con-
nectivity. To solve this issue, the authors in [14] minimized the EC of in-vehicle
UEs and proposed an effective workload offloading scheme in VEC networks.
However, the power allocation has not been involved, which may lead to biased
resource scheduling and mismatched EC.

Motivated by the mentioned facts, in this paper, we investigate a joint com-
putation offloading and wireless resource allocation problem for VEC networks,
where energy savings of UEs is evaluated. And the contributions of this paper
are summarized as follows.
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– Our goal is to minimize the total EC of UEs, by jointly optimizing offloading
decision, power allocation, and subcarrier selection, where transmit power
threshold, the latency constraint, and computing ability of UEs are taking
into account. The resulting problem is non-convex and challenging to solve.

– To tackle its non-convexity, we decompose the original problem into three
subproblems based on block coordinate descent (BCD) method and solved
them respectively. In specific, the interior-point method is used to address
the subproblem of offloading decision. And for the subproblem of transmit
power, we transform it into an equivalent convex optimization problem via
Dinkelbach’s method and successive convex approximation (SCA) method
and then solve it by using Lagrangian dual decomposition theory. Besides,
the greedy search method is employed to solve the subproblem of subcarrier
selection.

– Simulation results demonstrate that the proposed algorithm not only has a
close-to-optimal solution but also is better than the benchmarks in energy
saving.

The rest of this paper is organized as follows. In Sect. 2, we introduce the
system model. In Sect. 3, we formulate the EC minimization problem and pro-
pose a resource allocation algorithm to solve this problem. After that, simulation
results are provided in Sect. 4. Finally, the paper is concluded in Sect. 5.

2 System Model

2.1 The Overall System Model

RSUm... ...

Lm LM

VEC server m RSUM
VEC server M

L1

RSU1
VEC server 1

Fig. 1. System model

The task offloading framework for vehicular networks is shown in Fig. 1. There
is a unidirectional road, where M RSUs are located along the road. Each RSU
is equipped with a VEC server for remote edge computing. The road is divided
into M segments based on the coverage areas of the M RSUs, represented as
{L1, L2, ..., LM}. A set of vehicles K = {1, 2, ...,K} in the m-th segment traveling
towards the same direction. Define Uk,m and Vk,m as the UE k and the vehicle k
within the RSU m coverage, respectively. We assume that there is only one task
denoted by φk,m = {Dk,m, Ck,m, τk,m} needs to be executed within a period of
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time for UE Uk,m, where Dk,m represents the data size of the task, Ck,m is the
required computing ability for processing the task, and τk,m is the maximum
tolerable latency of the task. In this paper, similar to [11], we assume that
the task-input bits are bit-wise independent and can be arbitrarily divided into
different groups. Thus the system support data offloading and local computing
simultaneously.

2.2 The Transmission Model

The OFDMA is introduced to our system thus the co-channel interference among
different vehicles can be ignored. The total bandwidth is divided into N sub-
carriers, denoted as n ∈ N = {1, 2, ...N}, where N ≥ K. To ensure the quality
of service (QoS) and reduce the EC of UE Uk,m, the task of UE Uk,m can be
offloaded to the VEC Server m through vehicle Vk,m. Specifically, the data trans-
mission is from UE Uk,m to RSU m in a two-hop. (i.e., the data is firstly sent
from UE Uk,m to the vehicle Vk,m, then is forwarded from vehicle Vk,m to RSU
m). For the UE Uk,m, the signal to noise ratio (SNR) of the first-hop link and
the second-hop link are calculated as

γn,1
k,m =

pn
k,mhn

k,m

σ2
(1)

γn,2
k,m =

Pn
k,mgn

k,m

σ2
(2)

where pn
k,m and Pn

k,m are the transmit power over the subcarrier n of UE Uk,m

and vehicle Vk,m, respectively. hn
k,m and gn

k,m are the channel gain between UE
Uk,m and vehicle Vk,m and between vehicle Vk,m and RSU m, respectively. σ2

denotes the noise power.
Based on the full-duplex amplification and forwarding (AF) protocol [15],

the effective SNR of the two-hop link is calculated as

γn
k,m =

γn,1
k,mγn,2

k,m

γn,1
k,m + γn,2

k,m + 1
(3)

Then, the corresponding data transmission rate can be obtained as

Rn
k,m = αn

k,mBlog2(1 + γn
k,m) (4)

where B denotes the subcarrier bandwidth, and αn
k,m ∈ {0, 1} is the subcarrier

selection indicator with αn
k,m = 1 implying the data of UE Uk,m is transmitted

over the subcarrier n and αn
k,m = 0 otherwise.

Defining λk,m as the offloading ratio of task φk,m, the corresponding offload-
ing time is expressed as

T trans
k,m =

λk,mDk,m
∑N

n=1 Rn
k,m

(5)
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The EC of UE Uk,m transmitting the data to the vehicle m is expressed as

Etrans
k,m =

N∑

n=1

αn
k,mpn

k,mT trans
k,m =

∑N
n=1 αn

k,mpn
k,mλk,mDk,m

∑N
n=1 Rn

k,m

(6)

2.3 The Computation Model

In what follows, the specific process of task computation with partial offloading
mode is introduced, which includes local computing and VEC.

1) Local Computing Model

The UE Uk,m executes (1 − λk,m)Ck,m parts of its computation task φk,m

locally, and the local computing time T loc
k,m can be obtained as

T loc
k,m =

(1 − λk,m) Ck,m

fk,m
(7)

where fk,m is the CPU cycle frequency of UE Uk,m.
Motivated by the observation on [16], the power consumption for local com-

puting can be modeled as P loc
k,m = δ(fk,m)3, where δ is the coefficient depending

on the chip architecture. Based on (7), the EC of local computation is expressed
as

Eloc
k,m = P loc

k,mT loc
k,m = δ (1 − λk,m) Ck,mf2

k,m (8)

The overall EC of UE Uk,m, which contains the energy consumed by local
computing and data offloading, is expressed as

Ek,m = Etrans
k,m + Eloc

k,m

=
N∑

n=1

αn
k,mpn

k,mλk,mDk,m

Rn
k,m

+ δ (1 − λk,m) Ck,mf2
k,m

(9)

2) The VEC Model

The UE Uk,m offloads the rest of computation task λk,mCk,m to the VEC
server m, thus, the processing time of VEC server m can be calculated as

T comp
k,m =

λk,mCk,m

fVEC
k,m

(10)

where fVEC
k,m is the CPU-cycle frequency of VEC Server m when executing the

edge computing task φk,m [17].
According to (5) and (10), the total time for computation offloading is T vec

k,m =
T trans

k,m + T comp
k,m . To ensure the QoS of UE Uk,m, we have T vec

k,m ≤ τk,m. However,
in vehicular networks, the effective execution time for one task may be different
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under different vehicle velocities. Specifically, the practical execution time T pra
k,m

relies on the dwell time τo
k,m and the maximum tolerance delay τk,m, such as

T pra
k,m = min

{
τk,m, τo

k,m

}
(11)

where τo
k,m = dk,m

vk,m
, dk,m is the distance between vehicle Vk,m and the edge of

RSU m in the vehicle heading direction, vk,m is the velocity of vehicle Vk,m.

3 Problem Formulation and Solution

Our goal is to minimize the total EC of UEs by jointly optimizing the transmit
power, subcarrier selection, offloading ratio, and computing ability. Mathemati-
cally, the optimization problem is formulated as

min
pn
k,m,αn

k,m,λk,m,fk,m

K∑

k=1

Ek,m

s.t. C1 :
K∑

k=1

αn
k,m ≤ 1, αn

k,m ∈ {0, 1} , ∀n ∈ N

C2 :
N∑

n=1

αn
k,mpn

k,m ≤ Pmax, ∀k ∈ K

C3 : fk,m ≤ fmax
k,m ,∀k,m

C4 : T loc
k,m ≤ τk,m,∀k,m

C5 : T vec
k,m ≤ T pra

k,m,∀k,m

C6 : λk,m ∈ [0, 1], ∀k ∈ K

(12)

where C1 denotes that each subcarrier is only allocated to one UE. C2 represents
the maximum transmit power constraint. C3 is computing ability constraint. C4

and C5 ensure the latency requirements of local computing and remote execu-
tions. And C6 enforces the offloaded task ratio of UE cannot exceed 1.

3.1 The Local Rescource Allocation

According to (7) and C3, we have fk,m ∈
[
(1−λk,m)Ck,m

τk,m
, fmax

k,m

]
. From (8), it is

evident that the EC for local computing is monotonically increasing with fk,m.
To reduce the EC of local computing as much as possible, fk,m should take
the smallest value within the feasible range. As a result, the optimal computing
ability of UE Uk,m is

f*
k,m =

(1 − λk,m)Ck,m

τk,m
(13)

Correspondingly, the optimal local computing time is expressed as

T loc,*
k,m = τk,m (14)
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Substituting T loc,*
k,m and f*

k,m into (12), as a result, problem (12) can be
rewritten as

min
pn
k,m,αn

k,m,λk,m

Ek,m =
K∑

k=1

⎛

⎜
⎜
⎝

N∑

n=1
αn

k,mpn
k,mλk,mDk,m

N∑

n=1
Rn

k,m

+
δ(Ck,m)3

τk,m
2

(1− λk,m)3

⎞

⎟
⎟
⎠

s.t. C1, C2, C5, C6
(15)

However, problem (15) is non-convex due to the coupled variables and the
binary variable. There are no standard methods to address such problems opti-
mally. Therefore, Motivated by the idea of the BCD method [18], we decompose
problem (15) into three subproblems, namely, offloading ratio, transmit power,
and subcarrier selection.

3.2 The Subproblem of Offloading Ratio

With the given αn
k,m, pn

k,m, the subproblem of offloading ratio is expressed as

min
λk,m

K∑

k=1

⎛

⎜
⎜
⎝

N∑

n=1
αn

k,mpn
k,mλk,mDk,m

N∑

n=1
Rn

k,m

+
δ(Ck,m)3

τk,m
2

(1 − λk,m)3

⎞

⎟
⎟
⎠

s.t. C6, C5 : λk,m

⎛

⎜
⎜
⎝

Dk,m

N∑

n=1
Rn

k,m

+
Ck,m

fVEC
k,m

⎞

⎟
⎟
⎠ ≤ T pra

k,m

(16)

Observing problem (16), we find that the objective function and constraints
are linear about λk,m, it is a convex problem. Thus, the interior-point method
can be employed to solve it.

3.3 The Subproblem of Transmit Power

With the given λk,m and αn
k,m, the subproblem of transmit power is

min
pn
k,m

K∑

k=1

N∑

n=1

(
αn

k,mpn
k,mλk,mDk,m

Rn
k,m

)

s.t. C2, C̄5 :
N∑

n=1

Rn
k,m ≥ Dk,mλk,mfVEC

k,m

T pra
k,mfVEC

k,m − Ck,mλk,m

(17)

However, problem (17) is a non-convex problem since the objective function
is non-smooth, which is challenging to solve. To this end, Dinkelbach’s method
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[19] is used to transform the objective function with fractional form into one
with non-fractional form, e.g.,

min
pn
k,m

K∑

k=1

N∑

n=1

(
αn

k,mpn
k,mλk,mDk,m − ARn

k,m

)

s.t. C2, C̄5

(18)

where A ≥ 0. However, there are still some coupled variables in Rn
k,m, which

makes problem (18) difficult to solve. Then, the SCA method [20] is employed.
We have the following inequality

log2(1 + γn
k,m) ≥ an

k,mlog2(γ
n
k,m) + bn

k,m (19)

where an
k,m and bn

k,m are defined as

{
an

k,m = γ̄n
k,m

1+γ̄n
k,m

bn
k,m = log2(1 + γ̄n

k,m) − an
k,mlog2(γ̄n

k,m)
(20)

The lower bound is tight when γn
k,m = γ̄n

k,m, we define γ̄n
k,m as the SINR for

UE Uk,m from the last iteration. We use the initialized value to calculate γ̄n
k,m for

the first iteration. As a result, the data transmission rate with the lower bound
is

R̄n
k,m = Bαn

k,m

(
an

k,mlog2(γ̄
n
k,m) + bn

k,m

)
(21)

To make the problem tractable, we define p = 2q, where q =
{

qn
k,m

}
. Sub-

stituting (3) into (21), the lower bound of R̄n
k,m can be expressed as

R̄n
k,m =Bαn

k,m

[

an
k,m

(

qn
k,m+Cn

k,m−log2(2
qn
k,m

hn
k,m

σ2
+

Pn
k,mgn

k,m

σ2
+1)

)

+bn
k,m

]

(22)
where Cn

k,m = log2(
hn
k,m

σ2 ) + log2(
Pn

k,mgn
k,m

σ2 ).
Based on (21) and (22), problem (18) can be transformed as

min
qn
k,m

K∑

k=1

N∑

n=1

(
αn

k,m2qn
k,mλk,mDk,m − AR̄n

k,m

)

s.t. C2, C̄6 :
N∑

n=1
R̄n

k,m ≥ Dk,mλk,mfVEC
k,m

Tpra
k,mfVEC

k,m −Ck,mλk,m

(23)

Problem (23) is a convex optimization problem, which can be solved by using
the Lagrangian dual decomposition theory. The Lagrangian function of problem
(23) is
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Lm(qn
k,m, μn

k,m, ϕn
k,m) =

K∑

k=1

N∑

n=1

(αn
k,m2qn

k,mλk,mDk,m − AR̄n
k,m)

+
K∑

k=1

ϕn
k,m(

Dk,mλk,mfVEC
k,m

T pra
k,mfVEC

k,m − Ck,mλk,m
−

N∑

n=1

R̄n
k,m)

+
K∑

k=1

μn
k,m(

N∑

n=1

αn
k,m2qn

k,m − Pmax)

(24)

where ϕn
k,m and μn

k,m are the non-negative Lagrange multipliers. For ease of
handling, (24) can be rewritten as

Lm

(
qn
k,m, μn

k,m, ϕn
k,m

)
= Ln

k,m

(
qn
k,m, μn

k,m, ϕn
k,m

)

−
K∑

k=1

μn
k,mPmax +

K∑

k=1

ϕn
k,m

Dk,mλk,mfVEC
k,m

T pra
k,mfVEC

k,m − Ck,mλk,m

(25)

where
Ln

k,m

(
qn
k,m, μn

k,m, ϕn
k,m

)
= αn

k,m2qn
k,mλk,mDk,m − qR̄n

k,m

+ αn
k,m2qn

k,mμn
k,m − R̄n

k,mϕn
k,m

(26)

The dual problem of (23) is

max
μn
k,m,ϕn

k,m

Dm

(
μn

k,m, ϕn
k,m

)

s.t. μn
k,m ≥ 0, ϕn

k,m ≥ 0
(27)

where
Dm

(
μn

k,m, ϕn
k,m

)
= min

qn
k,m,μn

k,m,ϕn
k,m

Lm

(
qn
k,m, μn

k,m, ϕn
k,m

)
(28)

According to KKT condition [21], we can derive the optimal transmit power
of UE Un

k,m, i.e.,

pn,∗
k,m =

⎡

⎢
⎢
⎣

−ψn
k,m +

√(
ψn

k,m

)2
− 4hn

k,mξn
k,m

2hn
k,m

⎤

⎥
⎥
⎦

+

(29)

where ψn
k,m = Pn

k,mgn
k,m + σ2, [·]+ = max (0, ·), and ξn

k,m =
an
k,m(A+ϕn

k,m)(Pn
k,mgn

k,m+σ2)
ln 2(αn

k,mλk,mDk,m+αn
k,mμn

k,m) .

By applying the subgradient method [22], the Lagrange multipliers can be
updated as

μn
k,m (l + 1) =

[

μn
k,m (l) − Δμn

k,m

(

Pmax −
N∑

n=1

αn
k,m2qn

k,m

)]+

(30)
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ϕn
k,m (l + 1) =

[

ϕn
k,m (l) −Δϕn

k,m

(
N∑

n=1

R̄n
k,m− Dk,mλk,mfVEC

k,m

T pra
k,mfVEC

k,m −Ck,mλk,m

)]+

(31)
where l is the iteration number, Δμn

k,m
and Δϕn

k,m
are the positive gradient steps.

Algorithm 1. A BCD-based resource allocation algorithm

Initialize: K, N , Dk,m, Ck,m, τk,m, Pk,m, N0, B, hn
k,m, gn

k,m, δ, vk,m, dk,m, fVEC
k,m ;

Output:

The task offloading ratio λ*
k,m, the transmission power pn,∗

k,m

and the subcarrier selection decision αn,∗
k,m

1. for k = 1 to k = K do
2. Initialize EG = 0.
3. for n = 1 to n = N do
4. Set αn

k,m = 1
5. for l = 1 to l = L do
6. Set Ec(l) = 0
7. With the fixed pn

k,m(l), solve the problem (16) via the
interior-point method and obtain the solution λk,m(l + 1).

8. With the fixed λk,m(l + 1), solve optimization problem (23)
via CVX tools to obtain pn

k,m(l + 1).
9. Calculate the total EC of UEs Ec(l + 1).
10. if |Ec(l + 1) − Ec(l)| > ζk,m, then
11. update l = l + 1 and return step 7;
12. else

13. update pn,∗
k,m = pn

k,m(l), λ*
k,m = λk,m(l), E∗

c = Ec(l);

14. end if
15. end for
16. if E∗

c ≤ EG then
17. set αn

k,m = 0
18. else
19. update EG = E∗

c , pn
k,m = pn,∗

k,m, λk,m = λ∗
k,m;

20. end if
21. end for
22. end for

Similarly, based on the given λk,m and pk,m, the subcarrier selection decision
can be obtained. Specifically, owing to the αn

k,m is a binary variable, the opti-
mization problem is difficult to solve. Motivated by [23], the greedy algorithm is
employed to tackle this problem. The detail of the proposed algorithm is shown
in Algorithm 1.
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4 Simulation Results

In this section, simulation results are provided to verify the effectiveness of the
proposed algorithm. We assume that there is a unidirectional road, where four
RSUs are randomly located along a 2000-m road. There are 20 vehicles driving
on the road at a speed of 50 km/h–90 km/h within the coverage of the same RSU.
The path-loss model is PL = 128.1 + 37.6log10d, where d ∈ (0.05, 0.1) km is the
distance between one receiver and one transmitter. The other parameters used
in our simulations are summarized in Table 1. To better show the effectiveness
of the proposed algorithm, we compare two other algorithms, namely, the local
computing algorithm and the full offloading algorithm.

Table 1. Parameters

Parameter Value

Number of UEs 15
Task data size/Mb 6–10
Task tolerance latency/s 0.8–1.3
Velocity of vehicles/km/h 50–90
Transmission power of vehicles /w 0.02–0.27
Noise power/dbm −70
fVEC

k,m for VEC server/GHz 6
Maximum transmit power of UEs/w 0.9
The bandwidth of each UE/MHz 0.9
Diameter of RSU coverage/m 500
The bandwidth of each UE/MHz 0.9

Figure 2 shows the convergence performance of the proposed algorithm. It can
be seen that the proposed algorithm can quickly converge to the stationary point
within 3 iterations. Besides, the obtained solution of the proposed algorithm is
closed to that of an exhaustive search algorithm, which shows the effectiveness
of the proposed algorithm.

Figure 3 displays the EC of UEs versus the amount of input data bits. As
expected, with the increase of Dk,m, the EC of UEs under three resource alloca-
tion algorithms increases. The reason is that as the input data bits increase, the
required computing resources also increase, which leads to a higher EC for each
UE via (9). Besides, it is also observed that the proposed algorithm consumes
the least energy because the proposed algorithm adopts partial offloading mode,
in which a balance between local computing and data offloading can be achieved.

Figure 4 shows the relationship between the EC of UEs and the delay of
tasks. In this figure, the EC decreases with the increasing task tolerance latency
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Fig. 2. The convergence performance of the proposed algorithm
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Fig. 3. EC vs input data bits

under three resource allocation algorithms. The reason is that a larger latency
means that the computation burden per unit time decreases. Furthermore, the
proposed algorithm has the lowest EC. This is because both the local computing
algorithm and the full offloading algorithm only consider a single computation
strategy, while leads to a non-flexible resource scheduling. However, this case
can be overcome by the proposed algorithm with partial offloading.

Figure 5 shows vehicle velocity versus the EC of UEs. It can be seen from
the figure that with the increase of vehicle velocity, the EC under all resource
allocation algorithms keeps unchanged and begins to increase when vehicle veloc-
ity is bigger than 70 km/h. The reason is that the latency decreases with the
increasing vehicle velocity, which leads to a higher EC for each UE accordingly.
Moreover, the EC under the proposed algorithm is lower than other resource
allocation algorithms. This is because the proposed algorithm can reduce the
EC of UEs by dynamically adjusting the offloading portion.
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5 Conclusion

In this paper, we have studied the joint computation offloading and wireless
resource allocation problem for minimizing the total EC of UEs in vehicular net-
works with the constraints of the impact of vehicle mobility, the limited power
supplies, computational capabilities of UEs, and the maximum latency of tasks.
To solve this problem, a BCD-based iterative algorithm with greedy search was
developed by jointly optimizing the computing ability of UEs, offloading deci-
sions, transmit power, and subcarrier selection. Simulation results demonstrated
that the proposed algorithm not only obtained a high-quality sub-optimal solu-
tion but also outperformed the benchmarks in terms of EC.
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