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Abstract. This paper studies the computation offloading and resource allocation
of Multi-access Edge Computing Networks (MEC) networks under stochastic
task arrivals and imperfect channle state conditions (CSI). We aim to minimize
the energy consumptions of all mobile users (MUs) while satisfying the stability
of all MUs’ queues by optimizing the transmit power, computational frequency
and offloading ratio. The problem is modeled as a a long-term average stochastic
optimization problem which cannot be solved trivially. To address this, we firstly
apply the Lyapunov framework to transform the long-term average optimization
problem into a series of per-slot optimization subproblems, and then an iterative
optimization method is proposed to decompose the perslot optimization subprob-
lem into three toy problems. The simulation results demonstrate the convergence
and performance of the proposed algorithm.

Keywords: multi-access edge computing · computation offloading · resource
allocation · imperfect CSI

1 Introduction

With the continuous demand for emerging services such as virtual reality, augmented
reality, ultra-high-definition video live broadcast, and ultra-low-latency online games,
mobile terminals need to run more and more tasks that are both latency-sensitive and
consume a lot of computing resources [1]. However, the growth of the battery capacity of
MUs is far from meeting the requirements for handling those tasks [2]. To address this,
the European Telecommunications Standards Institute (ETSI) proposed a new paradigm
namely Multi-access Edge
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Computing (MEC) in 2016. By deploying computing servers at the edge of the net-
work which are close to MUs, MEC allows MUs to offload computational sensitive
tasks to the MEC server, thereby greatly reducing the computing burden on the user
side [3]. Meanwhile, compared with the high latency of mobile cloud computing (MCC)
to complete tasks, MEC allows MUs to offload tasks to MEC servers through wireless
interfaces (4G, 5G, WIFI, etc.), thereby reducing the transmission delay between users
and servers. However, it should be noted that although MEC can greatly improve the
MUs’ quality of experience, it faces many technical challenges in the actual implemen-
tation process. The computation offloading and resource allocation strategy of MEC is
the core problem among many theoretical problems to be solved [4]. Specifically, the
objective of computation offloading is to design a strategy which aims to solve the prob-
lem of “Where to execute”. Moreover, the objective of resource allocation is to solve
the problem of “How to Execute” [1–4]. The connotation of the successful completion
of the task has two aspects. One is that the task can be completed within the specified
delay, the other is theMUs’ queue can be kept stable during the long-term task execution
process. The performance of MEC can be greatly improved by jointly optimizing the
computation offloading and resource allocation strategy [5]

At present, many scholars have made contributions in this field [6] is a pioneering
work in this direction. Sardellitti et al. considered the resource allocation problem in
multi-cell MEC for the first time, respectively in single-user and multi-user scenarios.
The objective is to minimize the total energy consumption, and the optimal strategy
is obtained by the convex optimization method under the condition of satisfying the
task processing delay. However, in [6], all tasks are processed by the edge server by
default, and all MUs are considered to process only one fixed task without considering
the dynamic task arrivals [7] further considers the queue stability problem caused by
the dynamic arrival of tasks. Jeongho et al. introduced Lyapunov optimization into the
joint offloading and resource allocation of MEC for the first time, and proposed the
DREAM algorithm, which reduced the energy consumption by 35% compared with
the benchmark algorithm. However, the mobile cloud computing scenario considered
in [7] does not consider the fading effect brought by the wireless uplink. In [8], under
the premise of considering the wireless uplink, considering the singleserver multi-user
scenario, an online joint optimization strategy is designed by optimizing the offload
ratio, computational frequency, transmit power and spectrum allocation strategy, and
the average queue length and energy consumption are considerd. Simulation results
demonstrate the relationship between average queue length and energy consumption. In
[9], the terminal is further extended from the smart phone to the IoT device. First, the
problem is modeled as a longterm average optimization problem, and the online joint
computing and resource allocation algorithm is designed using Lyapunov optimization.
The simulation results prove the convergence and effectiveness of the algorithm.

As can be seen from the previous review, the current research in this direction mainly
considers using the Lyapunov optimization framework to reduce the energy consumption
of all userswhile ensuring queue stability. However, although the Lyapunov optimization
framework does not rely on the priori distribution of the channel state, it relies on the
accurate CSI at the current moment. Due to the sophisticated communication scenario,
MUs cannot guarantee to obtain a perfect CIS at each moment [10]. In [11], the CSI at
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each moment is defined as the channel estimation value plus an estimation error, where
the estimation error is a random variable. Therefore, the channel state at each moment
is also a random variable. There is no work to prove whether the Lyapunov optimization
framework can still obtain the trade-off between queue stability and energy consumption
when the channel state is unknown at the currentmoment. Based on the above two points,
the main contributions of this paper can be summarized as follows.

– This paper considers the joint computing offloading and resource allocation of a single
cell MEC system under the premise of imperfect CSI betweenMUs and base stations,
the problem is modeled as a long-term average stochastic optimization problem. We
prove that the Lyapunov optimization framework can still maintain the stability of
the queue and obtain a trade-off between the average energy comsumptions and the
queue stability by applying Jenson’s inequality.

– Then, the Lyapunov optimization framework is applied to transform the long-term
average optimization problem into a per-slot optimization problem, and the corre-
sponding per-slot optimization problem is solved by an iterative optimizationmethod.
Specifically, by dividing the original problem into sub-problems of calculation fre-
quency optimization, offloading ratio optimization, and optimization of transmission
power, each subproblem is solved separately.

– The simulation results show the convergence and performance superiority of the
algorithm. It confirms the tradeoff relationship between average queue length and total
energy consumptions in Lyapunov optimization under imperfect CSI. Moreover, we
compare the performance of the proposed method with three benchmark algorithms.

The rest of the paper is organized as follows. Section 2 presents the systemmodel and
formulate the problem as long-term average optimization problem. Section 3 converts
the problem into a per-slot optimization problem by applying the Lyapunov optimization
framework, and propose an iterative optimization method to solve the per-slot optimiza-
tion problem. Section 4 gives the numerical results of the proposed method. Finally, this
paper is conclued in Section 5.

2 System Model and Problem Formulation

2.1 Network Model

Figure 1 gives an illustration of the considered network model. Specifically, we consider
a single-cell network consists of one MEC server located in the BS and N MUs. We
assume the tasks in this paper can be offloaded to the BS in the partial offloading
manner, where tasks can be executed simultaneously both in MEC server and local
processor under an offloading ratio [12]. We consider a discrete time slot system T =
{1, 2, 3, · · · ,T } and �T denotes the time interval of a single time slot. In each time
slot t ∈ T tasks arrive dynamically with E{Ai(t)} = λ,∀i ∈ [1,N], where Ai(t) =
(Si(t),Ci(t),Li(t)).Si(t),Ci(t) and Li(t) denote the size (bits), CPU cycles per bit and
the maximum tolerant latency, respectively. Each MU has a local execution queue and
a remote offloading queue to buffer the incoming computational tasks.
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Fig. 1. An illustration of a multi-user MEC system under dynamic task arrivals.

2.2 Communication Model

In the beginning of each time slot, MUs offload the task to the MEC server through
wireless uplink. In this paper, we assume the imperfect CSI between MUs and the BS,
which is given by

hi(t) = ĥi(t) + φ,∀i ∈ [1,N ] (1)

where ĥi(t) is the channel estimate value of i-thMU, which considers the large scale fad-
ing and small scale fading. φ is the channel estimation error denoted by φ ∼ CN

(
0, σ 2

z

)
,

where σ 2
z is the variance. According to [14], the uplink transmission rate can be given

by

Ri(t) = B

N
log2

(

1 + |hi(t)|2pi(t)
|φ|2pi(t) + N0B

N

)

,∀i ∈ [1,N] (2)

where B denotes the bandwidth of MUs, pi(t) is the transmit power, N0 is the white
noise spectrum density. In this paper, we assume the bandwidth is equally allocated to N
MUs, the spectrum resource allocation issue will be discussed in our future work. The
probability density function (PDF) of |φ|2 can be formulated as

p
(
|φ|2 = r

)
= 1

2σ 2
z
exp

(
− r

2σ 2
z

)
, 0 < r < ∞. (3)

The uplink transmission time between i-th MU and the BS can thus be modelled as:

TU
i (t) = βi(t)Si(t)

Ri(t)
,∀i ∈ [1,N]. (4)

The transmit energy consumption in each time slot can thus be given as:

EU
i (t) = pi(t)T

U
i (t),∀i ∈ [1,N]. (5)

According [4], we do not consider the downlink transmission time in this paper, the
reason is that compared with the uplink offloading process, the size of the result after
processing can be neglected, and therefore the downlink transmission time is negligible.
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2.3 Computational and Queueing Model

According to [5], the computational energy consumption of i-th MU can be given as

EL
i (t) = ε(1 − βi(t))C(t)fi(t)

2, (6)

where ε is the compuataion coefficient the CPU, fi(t) is the computation frequency of
i-th MU. In this paper, we focus on the energy consumption in the MUs’ side, and thus
the energy consumption in theMEC server is not taken into consideration. Moreover, we
assume the computation capacity in the MEC server is sufficient so that the exeuction
delay in MEC server is negligiable. Therefore, the local execution delay can be given as

TL
i (t) = (1 − βi(t))Ci(t)Si(t)

fi(t)
(7)

According to [15], the local execution queue can be modeled as

Ql
i (t + 1) = max

[
Ql
i (t) + I li (t) − Ol

i (t), 0
]
, i ∈ [1,N ], (8)

where I li (t) = (1 − βi(t))
∑Ai(t)

k=1 Sk represents the input data in t-th time slot.

Ol
i (t) = fi(t)�T

Ci
represents the output data in t-th time slot. Similarly, the remote

offloading queue can be modeled as

Qr
i (t + 1) = max

[
Qr
i (t) + I ri (t) − Or

i (t), 0
]
, i ∈ [1,N ], (9)

where I ri (t) = ∑Ai(t)
k=1 Siβi(t),Or

i (t) = Ri(t)�T .

2.4 Problem Formulation

According to the communication and computationalmodel, the total energy consumption
in a single time slot can be given as

ET
i (t) = EU

i (t) + EL
i (t) (10)

The total execution delay in time slot t can be given as

Ttotal(t) = max(TU (t),Tl(t)) (11)

Therefore, the long-term average energy-efficient computation offloading problem
can be formulated as

P1 min
f (t),β(t),p(t),

lim
T→∞

1

T

∑T−1

t=0

∑N

i=1

{
ET
i (t)

}
(12a)

s.t.0 ≤ fi(t) ≤ fmax,∀t ∈ [1,T],∀i ∈ [1,N] (12b)

0 ≤ pi(t) ≤ pmax,∀t ∈ [1,T],∀i ∈ [1,N] (12c)
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0 ≤ βi,k(t) ≤ 1,∀t ∈ [1,T ],∀i ∈ [1,N ],∀k ∈ [1,A(t)] (12d)

(
1 − βi,k(t)

)
Ci(t)Si(t)

fi(t)
≤ Li(t),∀t ∈ [1,T],∀i ∈ [1,N],∀k ∈ [1,A(t)] (12e)

Pr

(
βi,k(t)Si(t)

Ri(t)
> Li(t)

)
< η,∀t ∈ [1,T ],∀i ∈ [1,N ],∀k ∈ [1,A(t)] (12f)

lim
T→∞

E
{∣∣Ql

i (t)
∣∣}

T
= 0, lim

T→∞
E
{∣∣Qr

i (t)
∣∣}

T
= 0 (12g)

The objective is to minimize the average total energy consumption of all MUs while
satsifying the queue stability constraints. Specifically, (12b) and (12c) gives the con-
straints on computational frequency and transmit power of MUs, respectively. (12d)
gives the constraint on local execution time. (12e) gives the constraint on remote offload-
ing time, since Ri(t) is a random variable, (12e) is given in the probability form. (12f)
gives the constarint on queue stability [15]. P1 is a stochastic optimization problem and
cannot be solved directly through conventional optimization technique [8].

3 Proposed Iterative Optimization Method

To solve P1, we first apply Lyapunov optimization framework. Specifically, according
to [15], we first define the Lyapunov function as follows

L(Q(t)) = 1

2

∑N

i=1

(
Ql
i (t)

2 + Qr
i (t)

2
)

(13)

Then we can define the Lyapunov Drift which is given by

L(Q(t + 1)) − L(Q(t)) = 1

2

N∑

i=1

(
�Ql

i (t) + �Qr
i (t)

)
(14a)

�Ql
i (t) = max

[
Ql
i (t) + I li (t) − Ol

i (t), 0
]2 − Ql

i (t)
2 (14b)

�Qr
i (t) = max

[
Qr
i (t) + I ri (t) − Or

i (t), 0
]2 − Qr

i (t)
2 (14c)

The conditional Lyapunov Drift is then expressed as

�Q(t) = {L(Q(t + 1)) − L(Q(t))|Q(t)} (15)

By applying

max[x − y + z, 0]2 ≤ x2 + y2 + z2 + 2x(z − y) (16a)

E{Ai(t)|Q(t)} = {Ai(t)} = λi (16b)
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We can given an upper bound of ΔQ(t), which is given by

�(Q(t)) ≤ K +
N∑

i=1
λi

(
Ql
i (t) + Qr

i (t)
)

−
{

N∑

i=1
Ql
i (t)O

l
i (t) + Qr

i (t)O
r
i (t)|Q(t)

} (17)

where K is a constant. To obtain a tradeoff between energy consumption and queue
length, we define the Lyapunov Drift-Plus-Penalty function as follows.

�(Q(t)) + V
{
ET
i (t)|Q(t)

} ≤ K + V {ê((t))|Q(t)}
+

N∑

i=1
λi

(
Ql
i (t) + Qr

i (t)
) −

{
N∑

i=1
Ql
i (t)O

l
i (t) + Qr

i (t)O
r
i (t)|Q(t)

}
(18)

According to the max-weight algorithm proposed in [15], we can convert the long-
term stochastic optimization problem into per-slot optimization problem by minimizing
the following term in each time slot.

ω(X(t)) = V
(
ET
i (t)

)

−
N∑

i=1
Ql
i (t)

(
b̂li(X(t)) − I li (t)

)
−

N∑

i=1
Qr
i (t)

(
b̂r

′
i (X(t)) − I ri (t)

) (19)

where X(t) = [f (t),β(t), p(t)], b̂li(X(t)) = fi(t)�T and b̂r
′
i (X(t)) = �TQr

i (t)Ri(t).
Thus, P can be transformed into

P2 min
f (t),β(t),p(t),

w(X(t)) (20a)

s.t.0 ≤ fi(t) ≤ fmax,∀t ∈ [1,T],∀i ∈ [1,N] (20b)

0 ≤ pi(t) ≤ pmax,∀t ∈ [1,T],∀i ∈ [1,N] (20c)

0 ≤ βi,k(t) ≤ 1,∀t ∈ [1,T],∀i ∈ [1,N],∀k ∈ [1,A(t)] (20d)

(
1 − βi,k(t)

)
Ci(t)Si(t)

fi(t)
≤ Li(t),∀t ∈ [1,T],∀i ∈ [1,N],∀k ∈ [1,A(t)] (20e)

Pr

(
βi,k(t)Si(t)

Ri(t)
> Li(t)

)
< η,∀t ∈ [1,T],∀i ∈ [1,N],∀k ∈ [1,A(t)] (20f)

However, P2 is still a non-convex optimization problem due to (20a) and (20f). To
address this, we propose an iterated optimzation method to optimize X(t) separately.
Specifically, the computation frequency optimization subproblem can be formulated as

P3: min
f (t)

�TV
N∑

i=1

(
εfi(t)

3
)

−
N∑

i=1

Ql
i (t)

(
fi(t)�T

Ci(t)

)
(21a)
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s.t.0 ≤ fi(t) ≤ fmax,∀i ∈ [1,N] (21b)

(
1 − βi,k(t)

)
Ci(t)Si(t)

fi(t)
+ Ql

i (t − 1)

fmax
≤ Li(t),∀i ∈ [1,N ],∀k ∈ [1,A(t)] (21c)

Note that f (t) can be decoupled in P3, we can define the component-wise ob jective
function as follows

F1(fi(t)) = ε�TVf 3i (t) − Ql
i (t)�Tfi(t)/Ci(t) (22)

By taking the first derivative, we can find the stationary point f ∗
i (t) =

√
Ql
i (t)

3εVCi(t)

(21c) can be rearranged as

fi(t) ≥
(
1 − βi,k(t)

)
Ci(t)Si(t)

Li(t) − Ql
i (t−1)
fmax

� � (23)

The optimal f 
(t) is then determined by the relationship of f i(t) between Ω and
fmax. Specifically, when Ω ≤ fmax, (21b) can be rewritten as Ω ≤ f i(t) ≤ fmax. Then,
when f ∗

i (t) ∈ [Ω , fmax], we have f 
(t) = f ∗
i (t). When f ∗

i (t) /∈ [�, fmax], f 
(t) ∈ {Ω ,
fmax} , F 
 = min {F1(Ω), F1( fmax)}. Furthermore, when Ω > fmax, (21c) can be
ignored. By letting Ω = 0 in the previous results, we can obtain f 
(t) when Ω > fmax.

Now we consider the offloading ratio optimization subproblem, which is formualted
as

P4 : min
(t)

N∑

n=1

Ql
i (t)

⎛

⎝
Ai(t)∑

k=1

(
1 − βi,k(t)

)
Si(t)

⎞

⎠ +
N∑

n=1

Qr
i (t)

⎛

⎝
At(t)∑

k=1

Si(t)βi,k(t)

⎞

⎠ (24a)

s.t.0 ≤ βi,k(t) ≤ 1,∀k ∈ [1,Ai(t)],∀i ∈ [1,N ] (24b)

(
1 − βi,k(t)

)
Ci(t)Si(t)

fi(t)
+ Ql

i (t − 1)

fmax
≤ Li(t),∀k ∈ [1,Ai(t)],∀i ∈ [1,N ] (24c)

Pr

(
βi,k(t)Si(t)

Ri(t)
+ Qr

i (t − 1)

Rmax(t)
≥ Li(t)

)
≤ η, k ∈ [1,Ai(t)],∀i ∈ [1,N ] (24d)

It is not difficult to observed that (24a) is a convex objective function, (24b) and
(24c) are convex constraints. According to (3), (24d) can be reformulated as

βi,k(t)Si(t) + x1 log2(1 + c)Bg

N
<

log2(1 + c)BLi(t)

N
(25)

where x1 = Qr
i (t−1)

Rmax(t)
, c = |hi(t)|2

N0B
Npi(t)

−2σ 2
z ln η

are not related to βi,k(t). Therefore, (24d) is also

a convex constratint, which shows P4 is a convex optimization problem, which can be
solved by optimization toolbox, e.g., CVX.
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Finally, we focus on the transmit power optimization problem, which is given
by

P5 : min
p(t)

�TV
N∑

i=1

(pi(t)) −
N∑

i=1

Qr
i (t)(�T (Ri(t))) (26a)

s.t.0 ≤ pi(t) ≤ pmax,∀i ∈ [1,N ],∀t ∈ [1,T ] (26b)

Pr

(
βi,k(t)Si(t)

Ri(t)
+ Qr

i (t − 1)

Rmax(t)
≥ Li(t)

)
≤ η, k ∈ [1,A(t)],∀i ∈ [1,N ] (26c)

Note that (26a) has random variables, therefore we can only minmize its expectation.
Furthermore, since Ri(t) is a convex function with respect to |φ|2, therefore we can apply
Jenson’s equality to convext (26a) into

�TV
N∑

i=1

(pi(t)) −
N∑

i=1

Qr
i (t)

(

�T

(
B

N
log2

(

1 + |hi(t)|2pi(t)
2σ 2

z pi(t) + N0B
N

)))

(27)

It is trivial to prove that (27) is a convex function with respect to pi(t),∀i ∈ [1,N ]
Moreover, (26c) can be converted as

βi,k(t)Si(t)

Li(t)B
− 1

N
log2

⎛

⎜
⎝1 +

pi(t)
∣∣∣hig(t)

∣∣∣
2

N0Bg/N − pi(t)2σ 2
z ln η

⎞

⎟
⎠ ≤ 0 (28)

By taking the second derivative of (28) with respect to pi(t), we can prove (28) is
a convex constraint. Therefore, P5 now can be solved by minimizing its upper bound.
Until now, we can solve P2 in an iterative fashion.

4 Simulation Results

The main simulation parameters of this paper are given in Table 1. The simulation
results are averaged over 10000 slots. Figure 2 shows the impact of V on the total
average energy consumptions when N = 5, λ = 3. It is observed that the total energy
consumptions decreases with the increase of V . When V = 1e9, we have the minimum
energy consumption 3.4337e 6j and the algorithm converges. The reason is that when
V becomes larger, the optimization goal foucus more on energy consumptions thereby
resulting in a lower average energy consumptions which is consistent with the results in
[15].
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Figure 3 shows the impact of V on the total average queue length whenN = 5, λ = 3.
It is observed that the total average queue length increases with the increase of V . This
results is consistent with the result of Fig. 2, which shows that by applying the Lyapunov
optimization framework, we can obtain a [O(1/V ), O(V )] tradeoff. Therefore, we can
dynamically adjust the value of V to acheive diffrent optimzation objectives.

Table 1. Parameters settings

Parameters Values

Bandwidth B 2*106

Noise power density N0 −174 dBm/Hz

Data input size S(t) 500–2000 KB

Maximum tolerant delay L(t) 0.01–0.1s

Maximum CPU frequency of MUs fmax 1 GHz

Maximum transmit power pmax 23 dBm

Computation factor C(t) 40

The variance of the channel estimation errorσ 2
Z 10−7

Computation energy coefficient ε 10−26

The successful transmission rate η 0.001

The threshold of the iterative method ξ 0.001

Fig. 2. Average total energy consumption versus V when N = 5, λ = 3.
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Fig. 3. Average total queue length versus V when N = 5, λ = 3.

5 Conclusion

In this paper, we mainly studied the dynamic computation offloading and resource allo-
cation problem of a single cell MEC networks. Considering the stability of the queue,
the problem is modeled as a long-term average stochastic optimization problem. In order
to solve this problem, we leverage the Lyapunov optimization framework to obtain the
trade-off between queue stability and total energy consumption under the condition of
imperfect channel state. Specifically, Lyapunov optimization is used to transform the
long-term average problem into a single-time optimization problem, which is solved
iteratively by decomposing the optimization problem into three sub-problems. In order
to deal with the non-convex constraint in the transmit power optimization subproblem,
we relax the non-convex objective function by applying Jenson’s equality, and trans-
forms the non-convex problem into a convex optimization problem. Finally, simulation
results verify the convergence and effectiveness of the algorithm.
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