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Abstract—The tower sharing approach has been widely used
by Mobile Network Operators (MNOs) to save their Capital Expenditure (CAPEX) by sharing the physical infrastructure hosted
by a third party tower provider. In addition, multiple Computing
Resource Providers (CRP) are deploying their servers at towers
by cooperating with tower providers to grant low latency, real
time services to users. Thus, the resource allocation has become
a challenging issue where users of different MNOs need to share
the computing resources provided by CRPs. In this paper, the
joint allocation of uplink, downlink and computing resources is
considered to minimize the end to end latency of users where
the ofﬂoading process is modeled as a network of queues. Since
the resource allocation of MNOs and the CRP are coupled with
each other, we formulate it as a Generalized Nash Equilibrium
Problem (GNEP). We propose a penalty based algorithm to solve
the formulated GNEP with an effective initialization approach
to improve the performance of the algorithm. Then, we perform
the simulation to analyze the performance of the algorithm.
Index Terms—Colocated edge computing, Generalized nash
equilibrium, Mobile edge computing, Resource allocation

I. I NTRODUCTION
Tower sharing among multiple Mobile Network Operators
(MNOs) has been a popular approach since MNOs can reduce
their Capital Expenditure by sharing the physical infrastructure
deployed by a third party tower provider so as to increase their
coverage to deliver the growing demand of users. Wireless
Network Virtualization is also a driving force behind this
where both radio resources (active infrastructure) and physical
devices (passive infrastructure) are shared among multiple
Mobile Virtual Network Operators. In this paper, we consider the passive infrastructure approach where MNOs control
their own radio resources. Moreover, Computing Resource
Providers (CRP) such as IBM and Vapor are cooperating with
tower providers to deploy servers at towers so that they can
provide real time, low latency applications to users at the edge.
Resource allocation has been a hot topic in Mobile Edge
Computing (MEC) recently. An energy efﬁcient radio resource
allocation and ofﬂoading in multi-cell environment is proposed
in [1] where the computing resource allocation at the edge
server is not considered. The dynamic task ofﬂoading and
scheduling IoT services in MEC is proposed in [2] where
the radio resource allocation is not considered. Most of the
previous works ignore the queueing model to calculate the
latency. However, authors in [3] proposed the queue network
for an energy efﬁcient resource provision by scaling the

CPU of a server while the radio resource allocation is not
considered. Another queuing model in MEC is proposed by
[4] where authors considered the latency and reliability aware
task ofﬂoading by controlling the transit power of users and
CPU cycles of the MEC server. The wireless transmission and
cloud execution are modeled as Poisson processes in [5] where
an upper bound on the delay is considered.
The Generalized Nash Equilibrium Problem (GNEP) has
become a prominent approach in solving the resource allocation problem since it captures the coupling among players.
The formulation of service provisioning in multi-cloud environment using GNEP can be found in [6] and [7]. Authors in
[8] proposed a GNEP based algorithm to solve the ofﬂoading
decision by scheduling users in MEC. GNEP and its solution
approaches are discussed [9]. Penalty based algorithms are
studied in [10] to solve GNEP efﬁciently.
The ofﬂoading of tasks to MEC servers requires the radio
resources of MNOs for transmitting, receiving data, and the
computing resources of the CRP for processing the tasks.
This strong coupling among providers causes the resource
allocation problem challenging. In this paper, we formulate
this as GNEP and propose a penalty based algorithm to solve
the formulated GNEP. Our contributions are as follows.
•

•

•

•

The task ofﬂoading of users is modeled as a network of
queues. The end to end latency is calculated based on its
performance. Due to the queue network, the arrival at a
queue is strongly dependent on the departure of tasks at
its preceding queue. This makes the resource allocation
of MNOs and CRP challenging.
Since MNOs and CRP are two different entities, we
formulate the resource allocation problem as GNEP
where they have the conﬂicting interest in minimizing the
latency. We also prove the existence of the Generalized
Nash Equilibrium (GNE) of the formulated problem.
To solve the GNEP, we propose a penalty based resource
allocation algorithm by transforming it to Nash Equilibrium Problem (NEP). Since the penalty based algorithms
relies on the parameters, we propose an initialization
approach to improve the algorithm performance.
We then perform the simulation to analyze the performance of our proposed algorithm with respect to user
loads, initialization approaches and penalty parameters.
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Fig. 1. The network of queues in Co-located Edge Computing

The rest of the paper is organized as follows. We present the
system model in Section II. The resource allocation problem
is formulated in Section III. This problem is transformed into
GNEP in Section IV. A penalty based distributed algorithm is
proposed in Section V. We present the simulation results in
Section VI and conclude the paper in Section VII.
II. S YSTEM M ODEL
A single tower model is considered where a set of MNOs,
J = {1, · · · , J}, and a CRP are co-located together. The tasks
generating at user u follows a homogeneous Poisson process
with rate λu where input ﬁle and required CPU cycles of the
tasks follow the exponential distribution with means bu and cu
respectively. The results of the tasks computed by the MEC
servers are also assumed to follow the exponential distribution
with mean ou . The latency has three parts which are the time
required to upload the input data to MEC servers, process the
task on MEC servers and send the result back to the user. Each
stage is modeled as a queue which is shown in Fig. 1 in which
the service rates are deﬁned as the number of tasks departing
the serving stations per second. These are often deﬁned as the
departure rates as well. Thus, the arrival rate of a queue is
same as the departure rate of the preceding queue.
A. Communication Model
We assume that MNOs own different frequency bands. For
each MNO, FDD LTE frequency band allocation is considered
for uplink and downlink transmissions where these transmissions operate on two different frequencies. The bandwidth
resources of these uplink and downlink frequency bands are
then orthogonally allocated to users.
1) Uplink Transmission: The average rate of uplink transmission of user u ∈ Uj is


pu g u
:= ωuul γuul ,
(1)
Ruul = ωuul ω̂jul log2 1 +
n0
where ωuul is the fraction of the uplink bandwidth allocated to
user u, ω̂jul is the total uplink bandwidth owned by MNO j,
pu is the constant transmit power of user u, gu is the uplink
channel gain, and n0 is the additive white Gaussian noise.
The utilization of user u is υu = ωλuul γbuul . The time required to
u u
upload the input ﬁle with the average ﬁle size bu is
bu
tul
.
(2)
u =
ωuul γuul [1 − υu ]

Each user u is considered as a M/M/1 queue with task arrival
ω ul γ ul
rate, λu , and service rate, ubu u , which is the number of tasks
departing from the uplink transmission queue per second.
2) Downlink Transmission: The expected workload which
is the result of user u from MEC servers follows an exponential distribution withthe mean, ou . The result arrives at the
BS j with the rate u∈Uj mcuum̂ which is the service rate of
MEC servers for the task of user u where m̂ is the total CPU
capacity of the MEC servers. The average rate of downlink
transmission of user u ∈ Uj is


pj g u
dl
dl dl
:= ωudl γudl ,
(3)
Ru = ωu ω̂j log2 1 +
n0
where pj is the constant transmit power of the BS of MNO
j for u ∈ Uj and ωudl is the fraction of the downlink
bandwidth
allocated to user u. The utilization of MNO j is

ρj =



u∈Uj

mu m̂
cu

dl γ dl
ωu
u
u∈Uj
ou

. The time required to send the result back

to user u is

tdl
u =

ou
dl
dl
ωu γu [1 −

,
(4)
ρj ]
where each MNO j which can be considered as BS j is
modeled as a multiclass M/M/1 processor sharing queue with

ω dl γ dl
service rate u∈Uj uou u as in [11].
B. Computing Model
The tasks of users which need to be computed at the MEC
J 
ω ul γ ul
servers arrive with the rate j=1 u∈Uj ubu u . The utilization
of the MEC server is ψ =

J



J



j=1
j=1

ul γ ul
ωu
u
bu
mu m̂
u∈Uj
cu

u∈Uj

where mu is the

fraction of CPU cycles allocated to user u. The time required
to compute the task of user u is
cu
tpu =
,
(5)
mu m̂[1 − ψ]
where the MEC server is modeled as 
multiclass
 M/M/1
J
processor sharing queue with service rate j=1 u∈Uj mcuum̂
as in [11].
Notations: The vector representations of the decision variables which are used throughout the paper are deﬁned as
|U |
|U |
ul T
Wjul := [ωuul ]Tu∈Uj ∈ R+ j , Wul := [W1ul , ..., WN
] ∈ R+ ,
|U |

|U |
dl T
] ∈ R+ ,
Wjdl := [ωudl ]Tu∈Uj ∈ R+ j , Wdl := [W1dl , ..., WN
|U |

|U |
mj := [mu ]Tu∈Uj ∈ R+ j , m := [mu ]Tu∈U ∈ R+ .

III. P ROBLEM F ORMULATION
A. Objective Function
The objectives of both MNOs and CRP are to provide
services with the minimum latency. Since the latency directly
inﬂuences the energy consumption of the providers which
means that if the time required for the transmissions and
computation is long, the providers need to run their devices for
the longer period. Thus, providing the services with the low
latency can also beneﬁt the providers in terms of the energy
consumption. The objective function is deﬁned as follows:
Θ=

J 


p
dl
tul
u + tu + tu .

j=1 u∈Uj

Authorized licensed use limited to: Kyunghee Univ. Downloaded on August 03,2020 at 10:14:40 UTC from IEEE Xplore. Restrictions apply.

(6)

B. Constraints
1) Bandwidth Resource Constraints: For MNO j, the bandwidth resources allocation must be less than or equal to 1.

ωuul ≤ 1,
(7)


Let P = {0, 1, · · · , J} be the set of players where CRP is
indexed as 0. Let U be the set of all users where U = ∪Jj=1 Uj .
Let x0 := m and xp := [Wjul , Wjdl ]T for j = 1, · · · , J and
p = 0, · · · , J where xp is a np vector which is the strategy
of player p.

u∈Uj

ωudl ≤ 1.

(8)

u∈Uj

2) Computing Resource Constraint: The fraction of CPU
resources allocated to users must be less than or equal to 1.
J 


mu ≤ 1.

A. Coupling Constraints
In order to formate as a GNEP, the coupling constraints are
rewritten as follows.
1) Queue Utilization of BSs: The constraint in (11) for each
MNO j can be written as

(9)

fj (Wjdl , mj ) ≤ 0,

j=1 u∈Uj

3) Queue Utilization Constraints of Users, BSs and MEC
Servers: For queues to be stable, their utilization must be less
than 1. In this paper, we consider that the serving stations are
allowed to be busy at most (1 − ) × 100% of the time.
υu ≤ 1 − ,
ρj ≤ 1 − ,
ψ ≤ 1 − .

∀u ∈ Uj , ∀j ∈ J ,
∀j ∈ J ,

(10)
(11)
(12)

where fj (Wjdl , mj ) =

ΘCRP (m, Wul , Wdl )

subject to

(9), (11) and (12),

(13)

where f (Wdl , m) = [fj (Wjdl , qj )]Tj=1,··· ,J .
2) Queue Utilization of MEC servers pool: The constraint
in (12) can be written as

i=1 u∈Ui
i=j

m
α−j
=

problem of MNO j can be formulated as
minimize
Wjul ,Wjdl

(18)



ul γ ul
ωu
u
j=1
u∈Uj
bu
J 
mu m̂
j=1
u∈Uj
cu

− 1 + .

The strategy set of CRP satisfying its computing resources
requirement can be deﬁned as follows:

The objective of MNO j is to minimize the latency according to the resource allocation of other MNOs and CRP. The
constraint in (12) is rewritten as follows:
ul ul

ωu
γu
ul
u∈Uj bu + α−j
≤ 1 − ,
(14)

mu m̂
m
u∈Uj cu + α−j
ul ul
ωu
γu
bu ,

where g(Wul , m) =

J

B. Strategy Sets of Players

D. Optimization Problem of MNOs

J 


(17)

g(Wul , m) ≤ 0,

where ΘCRP (m, Wul , Wdl ) = Θ.

ul
=
where α−j

− 1 + .

f (Wdl , m) ≤ 0

The problem of CRP can be formulated as
m

mu m̂
u∈Uj
cu
dl γ dl

ωu
u
u∈Uj
ou

This can be written as follows for all MNOs, j = 1, · · · , J.

C. Optimization Problem of CRP
minimize

(16)



J 

i=1 u∈Ui
i=j

mu m̂
cu .

The

S0 = {m :

J 


mu ≤ 1}.

j=1 u∈Uj

The strategy set of MNO j satisfying bandwidth requirements and the queue stability at users can be deﬁned as


Sj = {(Wjul , Wjdl ) :
ωuul ≤ 1,
ωudl ≤ 1,
u∈Uj

Wjul

≥

u∈Uj

W̃jul },
|U |

ΘMNOj (m, Wul , Wdl )
(15)

subject to

(7), (8), (10), (11) and (14),

p
ul
dl
where ΘMNOj (m, W , Wdl ) = u∈Uj tul
u + t u + tu .
IV. F ORMULATION AS GNEP
Since the latency is decreasing with the resource allocation
but increasing with the queue utilization, the higher resource
allocation at a queue would increase the latency at its following
station with the resource constraints. Thus, MNOs and CRP
compete each other to minimize the total latency of users
while guaranteeing the queue utilization constraints. Thus, we
formulate the resource allocation problem as GNEP where the
strategy set of a player depends on other players’ strategies.

u bu
]Tu∈Uj ∈ R++j .
where W̃jul = [ γ ulλ(1−)
u

C. GNEP Formulation for CRP
The GNEP of CRP is formulated as follows which is the
reformation of (13).
G0 (x−0 ) :

minimize ΘCRP (m, Wul , Wdl )
m∈S0

subject to

(19)

(17) and (18).

The following lemma speciﬁes the convexity of G0 (x−0 ).
is
a
compact,
convex
set.
Lemma
1. S0
ΘCRP (m, Wul , Wdl ), f (Wdl , m) and g(Wul , m) are convex
in m.

Authorized licensed use limited to: Kyunghee Univ. Downloaded on August 03,2020 at 10:14:40 UTC from IEEE Xplore. Restrictions apply.

Algorithm 1 Penalty based Distributed Algorithm

D. GNEP Formulation for MNOs
The MEC server queue utilization constraint in (14) for
MNO j can be rewritten as

1:

gj (Wul , m) ≤ 0,

2:
3:



where gj (Wul , m) =

ul γ ul
ωu
ul
u
bu +α−j
mu m̂
m
u∈Uj
cu +α−j

u∈Uj



(20)

4:

− 1 + .

The GNEP of MNO j is deﬁned as follows which is also
the reformulation of (15).
Gj (x

−j

):

minimize

Wjul ,Wjdl ∈Sj

subject to

ΘMNOj (m, W

ul

5:
6:
7:
8:

, Wjdl )
(21)

9:

(16) and (20)

The convexity of Gj (x−j ), ∀j, is described in the following
lemma.

10:

Lemma
2. Sj
is
a
compact,
convex
set.
ΘMNOj (m, Wul , Wjdl ), fj (Wjdl , mj ) and gj (Wul , m) are
convex in Wjul and Wjdl .

11:

Because of the strong dependency among decision variables
in the objective functions and coupling constraints, the proof
of the convexity is not straightforward. Due to the page
limitation, the proof is ignored in this paper.
E. Existence of GNE
The existence of the GNE of the formulated problem is
presented in this section.
Theorem 1. x∗ which is the solution of Gp (x∗,−p ), ∀p, is a
GNE.
Proof: Gp (x−p ) for p = 0, · · · , J is a convex programming problem with ﬁxed x−p , there is x∗ = [x∗,0 , · · · , x∗,J ]
where x∗,p is the optimal solution of Gp (x∗,−p ).
V. P ENALTY BASED D ISTRIBUTED A LGORITHM
The formulated GNEP is difﬁcult to solve due to the
couplings in the objective function and strategy sets of the
players. In this section, the GNEP is reformulated as a NEP
where the coupling constraints are penalized in the objective
function.
A. Reformation as the Nash Equilibrium Game
The NEP with penalized objective function of CRP is
deﬁned as follows:
minimize ΘCRP (m, Wul , Wdl ) +
m∈S0

J


BS

κ0 j fj (Wjdl , mj )

j=1
ul
+ κmec
0 g(W , m),

(22)
BS
act as penalty parameters of CRP for the
where κ0 j and κmec
0
coupling constraints.
The NEP for MNO j with penalized objective function is
also formulated as follows:
minimize

Wjul ,Wjdl ∈Sj

ΘMNOj (m, Wul , Wjdl )
BS

ul
+ κj j fj (Wjdl , mj ) + κmec
j g(W , m),

(23)

12:
13:
14:

BS ,0

Choose the penalty parameters κp j , j = 1, · · · , N and
κmec,0
, p = 0, · · · , N
p
k←0
Choose an initial point for mk , Wul,k , Wdl,k as in (24)
CRP solves the problem in (22)
each MNO j solves the problem in (23)
if fj (Wj∗,dl , m∗j ) ≤ 0, ∀j and g(W∗,ul , m∗ ) ≤ 0 then
[W∗,ul , m∗ , W∗,dl ] is a GNE.
else
Each player p update their penalty parameters,
BS ,k+1
κp j
, ∀j andκpmec,k+1 , as follows.
BS ,k
BS ,k
if fj (Wj∗,dl , m∗j ) > 0
κp j + Δ p j
BS ,k+1
κp j
=
BSj ,k
κ
if fj (Wj∗,dl , m∗j ) ≤ 0
 mec,k p mec,k
+ Δp
if g(W∗,ul , m∗ ) > 0
κp
κpmec,k+1 =
mec,k
if g(W∗,ul , m∗ ) ≤ 0
κp
k ←k+1
go to line number 4
end if

mec
where κBS
are the penalty parameters of MNO j
j and κj
for the coupling constraints. Note that the penalty parameters
of players are different which allows players to have a full
control over the game.
The proposed distributed algorithm is implemented at the
tower station where each player solves their optimization problem and exchanges the current resource allocation among each
other. The algorithm works as follows. First, the initial point
is chosen for the resource allocation and penalty parameters.
Each player solves their optimization problems at lines 4 and
5. Then, they update their penalty parameters, lines 10 and 11,
until the penalized constraints are feasible as stated at line 6.


m0 m̂
ou u∈Uj cuu
λ u bu
dl,0
= ul
= dl
,ω
,
γu (1 − ) u
γu |Uj | (1 − )
J 
ω ul,0 γ ul
cu j=1 u∈Uj ubu u
0
.
mu =
J
m̂(1 − ) j=1 |Uj |

ωuul,0

(24)

Since penalty based algorithms rely on the given parameters,
we propose an initialization approach to improve the algorithm
performance by considering the stability of queues at the
serving stations. First, we consider the worst case scenario for
the queues where the serving stations are busy (1 − ) × 100%
of the time. From this, we assign the lower bound for the
resource allocation for each user u as in (24). At each
iteration k, the CRP and MNOs solve the convex optimization
problems in (22) and (23) respectively where we can derive the
optimal solution with KKT conditions. Thus, let its complexity
be O(Σ). Each player then needs to perform the penalty
updates for the coupling constraints in which the complexity
is O(J +1). Since Σ is much larger than J +1, the complexity
of the proposed algorithm is O(K.|P|.Σ) where K is the total
number of iterations until convergence.
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B. Convergence of The Algorithm
The following theorem states the convergence of the proposed algorithm.
Theorem 2. The penalty based distributed algorithm converges to a GNE if the following two assumptions are satisﬁed.
(i) For each p = 0, · · · , J, Sp is nonempty and compact.
(ii) The e-MFCQ holds at any x ∈ S.
J
The set S is deﬁned as S :=
p=0 Sp . The ﬁrst assumption is deﬁned in Sections IV-B and IV-C. The extended Mangasarian-Fromovitz constraint qualiﬁcation (eMFCQ) holds at any x ∈ S if there exists vmec ∈ Rnp and
vBS = [vBS1 , · · · , vBSN ] ∈ Rnp N such that
∇xp g(x)T vmec < 0, p = 0, · · · , N if g(x) ≥ 0.
∇xp fj (x)T vBSj < 0, ∀j ∈ Ip (xp ), p = 0, · · · , N.
where Ip (xp ) = {j | fj (xp ) ≥ 0}. This means that the sum
of ﬁrst derivatives with respect to the player’s strategy, xp , is
not equal to zero if the coupling constraints are inactive.
Proof: The proof is as follows for player CRP. It is same
for other players, MNOs. The ﬁrst derivative of fj (Wjdl , mj )
with respect to mu , ∀u ∈ Uj is
m̂
∂fj
=
∂mu
cu 


If



mu m̂
cu
dl γ dl
ωu
u
u∈Ui
ou
u∈Uj

− 1+  ≥ 0,

1
u∈Uj


u∈Ui

dl γ dl
ωu
u
ou

dl dl
ωu
γu
ou

.

> 0. Thus,

∂fj
∂mu

= 0.

The ﬁrst derivative of g(Wul , m) with respect to mu is
ul ul
N 
ωu
γu
∂g
m̂
j=1
u∈Ui bu
=−
.
N 
∂mu
cu [ j=1 u∈U mu m̂ ]2
j

N



ul γ ul
ωu
u
j=1
u∈Ui
bu
N 
mu m̂
j=1
u∈Uj
cu

If
N 

− 1 +  ≥ 0,

cu

N 
j=1

u∈Ui

ul ul
ωu
γu
bu

> 0 and

∂g
> 0. Thus, ∂m
= 0.
u
Although the algorithm solves the penalized NEP which is
the transformation of the formulated GNEP, it converges to a
GNE as mentioned above. Thus, there is no gap between the
GNE and the equilibrium obtained by the algorithm.
j=1

u∈Uj

mu m̂
cu

VI. S IMULATION R ESULTS
Three MBSs which are owned by different opeartors are
co-located together with a MEC server deployed by a CRP.
The simulation is performed using Python. The tasks arrival
at users follows a Poisson distribution. The size of input ﬁles,
required CPU cycles, and output ﬁles follows an exponential
distribution with the means chosen uniformly from the range
given in Table I. The optimization problems are solved using
[12]. Since this paper is the ﬁrst work for the resource
allocation in co-located MEC system, there is no previous
work to compare with our proposal. However, Fig. 3 shows the
comparison of our work with the baseline resource allocation
approaches, proportional and uniform allocation.

TABLE I
S IMULATION PARAMETERS
Parameters
Transmit power of the MBS
Transmit power of users
The uplink bandwidth of MNOs
The downlink bandwidth of MNOs
Power density thermal noise
Task Arrival Rate
CPU speed at MEC server
Input ﬁle size
Task size
Output ﬁle size

Values
43 dbm
20 dbm
20 MHz
20 MHz
-174 dBm/Hz
[0.5, 0.7] tasks/s
16 GHz
[20, 40] KB
[0.2, 0.4] GHz
[300, 800] KB

Fig. 2 shows the resource allocation to the users of different
MNOs with respect to user loads. First, the resource allocation
on the balanced and unbalanced user loads is analyzed. The
number of MNO3’s users is much higher than MNOs 1 and
2 for the latter case. This leads to different MEC resource
allocations among MNOs which causes the tighter uplink
bandwidth allocation. Although the uplink allocation of MNO
2 is higher in the unbalanced case, it cannot receive the MEC
server resources more due to the higher allocation of MNOs
1 and 3. Moreover, the MEC server resources need to be
allocated according to the uplink allocation to maintain the
queue stability. Since the downlink resources do not have
the impact on the uplink and MEC server allocation, they
are fully allocated to the users. The impact of under-loaded
and overloaded scenarios on the algorithm is also analyzed.
The resource allocation of the MEC server is restricted by the
uplink allocation in overloaded case. In under-loaded scenario,
CRP has the ﬂexible control over the resources since the MEC
server’s capacity is higher than the requests of users. This
causes the game less competitive among MNOs and CRP.
As in (16) and (18), the resource allocation of the MEC
server has the huge impact on the penalized constraints. Thus,
we analyze the convergence of the algorithm on the MEC
server allocation in Fig. 3 and Fig. 4. In Fig. 3, the proposed
initialization is compared with the uniform approach, in which
all users receive the same amount of resources, and the
proportional approach, in which the resource allocation is proportional to the task requirements of users. The convergence of
the algorithm with our proposal is much faster than other two
approaches because our proposal begins with a feasible point
where the penalized constraints are satisﬁed. The GNEs found
by the initialization approaches are different where the MEC
server allocation achieved by our proposal is lower than the
others, because the higher resource allocation at MEC server
results in higher latency due to the limitation of the downlink
resources. Thus, the latency obtained by other approaches is
3 times higher than our proposal.
The convergence of the algorithm on different parameters
is shown in Fig. 4. The two parameters, penalty parameters,
mec,BSj
mec,BSj
κp
, and step sizes, Δp
, are ﬁxed alternatively to
analyze the algorithm’s performance. The results achieved by
the algorithm with various parameters are not much different
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Fig. 2. Resource allocation on user load.
Fig. 4. Algorithm performance on penalty parameters.
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R EFERENCES
Fig. 3. Algorithm Performance on initialization approach.

due to the proposed initialization. Since the latency is decreasing with the downlink allocation, the MEC server allocation
needs to be reduced to achieve the minimum latency. This is
also inﬂuenced by the uplink allocation when the users are
overloaded in the system as we discussed in Fig. 2.
VII. C ONCLUSION
In this paper, the joint radio and computing resources allocation problem is formulated in the co-located edge computing
system. The end to end latency is characterized by a network
of queues. Due to the strong coupling in the queue network,
the computing resource allocation of the CRP and the uplink
radio resource allocation of MNOs are strongly dependent on
one another. The coupling on the resource allocation decisions
of MNOs and CRP is formulated as GNEP. A penalty based
distributed algorithm with an effective initialization technique,
which converges to an equilibrium faster than the baseline
resource allocation approaches, is proposed to solve the GNEP
efﬁciently. However, the penalty parameters have no impact
on the performance of the algorithm in which the equilibria
achieved with different parameters are similar to each other.
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