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Abstract. In this paper, we consider a cooperative computing system
which consists of a number of mobile edge computing (MEC) servers
deployed with convolutional neural network (CNN) model, a remote
mobile cloud computing (MCC) server deployed with CNN model and
a number of mobile devices (MDs). We assume that each MD has a
computation task and is allowed to offload its task to one MEC server
where the CNN model with various layers is applied to conduct task
execution, and one MEC server can accept multiple tasks of MDs. To
enable the cooperative between the MEC servers and the MCC server,
we assume that the task of MD which has been processed partially by
the CNN model of the MEC server will be sent to CNN model of the
MCC server for further processing. We study the joint task offloading,
CNN layer scheduling and resource allocation problem. By stressing the
importance of task execution latency, the joint optimization problem
is formulated as an overall task latency minimization problem. As the
original optimization problem is NP hard, which cannot be solved conve-
niently, we transform it into three subproblems, i.e., CNN layer schedul-
ing subproblem, task offloading subproblem and resource allocation sub-
problem, and solve the three subproblems by means of extensive search
algorithm, reformulation-linearization-technique (RLT) and Lagrangian
dual method, respectively. Numerical results demonstrate the effective-
ness of the proposed algorithm.

Keywords: Cooperative computing · MEC server · MCC server ·
CNN layer scheduling · Task offloading

1 Introduction

The rapid development of mobile Internet and smart devices promotes the emer-
gence of new applications such as interactive gaming, virtual reality, augment
reality, etc. However, the intensive computing requirements of these emerging
applications pose great challenges to the computation and process capability of
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mobile devices (MDs). While mobile cloud computing (MCC) can be applied
to address these challenges, it suffers from long latency and low efficiency for
transmitting and processing huge amounts of data collected from MDs [1]. To
overcome the drawback of MCC, the concept of mobile edge computing (MEC)
is proposed [2]. By deploying high performance MEC servers at the network edge
in a distributed manner, MDs are allowed to offload their computation task to
the MEC servers, which then execute the task on behalf of the MDs. Therefore,
the task execution cost of the MDs especially in terms of task execution latency
and energy consumption can be reduced significantly.

While acting as an efficient manner for task execution, the MEC servers may
be subject to relatively limited computational capability especially compared to
the remote MCC servers. Hence, cooperative computing system which enables
the cooperative between remote MCC servers and MEC servers in task execu-
tion will be highly desired as it may enhance the performance of task execution
and achieve the efficient resource utilization of the network. To further facilitate
efficient task execution of the cooperative computing system, convolutional neu-
ral network (CNN) models can be applied at the MEC servers [3]. As a typical
CNN model is composed of multiple tiers with each tier having various data
processing capability, it is possible to process the task of MDs with a number of
CNN layers, then transmit the reduced intermediate data to the MCC server to
complete the task execution [4].

In recent years, the problem of task offloading has received considerable atten-
tions [5–10]. To minimize the system-wide computation overheads, the authors
in [5] formulate the task offloading problem as an offloading game and demon-
strate the existence of Nash equilibrium point. Task offloading problem in MEC
system was considered in [7,8], the weighted sum of the energy consumption and
task execution delay was formulated and optimized in [7] and the maximum task
execution latency of all the MDs was minimized in [8].

Joint task offloading and resource allocation problem was addressed in [6,9].
The authors in [6] defined an offloading priority function that depends on the
local computing energy of the MDs and the channel gain between the MDs and
the MEC servers. Based on the offloading priority of the MDs, a joint offload-
ing decision and resource allocation strategy is designed to achieve the minimum
weighted sum of the energy consumption. In [9], the problem of joint task offload-
ing and resource allocation in an MEC system with multiple MDs was formulated
as energy consumption minimization problem. To solve the formulated optimiza-
tion problem, the authors further decoupled the original optimization problem
into two problems, i.e., the resource allocation problem and the task offload-
ing problem, and solved the two problems respectively by using the Lagrange
method and the Hungarian method.

The aforementioned researches mainly address the problem of task offload-
ing in MEC system, however, the cooperative between MCC schemes and MEC
schemes has not been studied extensively. The authors in [10] considered the
task offloading problem in a cooperative computing system serving one MD at
certain time period, and proposed a greedy algorithm to maximize the number
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of tasks which can be offloaded to the system successfully. The authors in [10]
failed to consider the resource sharing at the computing server, thus may result
in inefficient resource utilization and highly limited task offloading performance.
Furthermore, the task execution time failed to be stressed, thus, may lead to rel-
atively long task execution time, which is undesired, especially for delay-sensitive
MD tasks.

In this paper, we consider a cooperative computing system which allows
the cooperative between the MEC servers and the MCC server in task execu-
tion. Assuming that the task execution at each MEC server is conducted by a
CNN model with multiple layer, we study the joint task offloading, CNN layer
scheduling and resource allocation problem. The joint optimization problem is
formulated as an overall task latency minimization problem. As the original opti-
mization problem is NP hard, which cannot be solved conveniently, we transform
it into three subproblems, i.e., CNN layer scheduling subproblem, task offloading
subproblem and resource allocation subproblem, and solve the three subproblems
by means of extensive search algorithm, reformulation-linearization-technique
(RLT) and Lagrangian dual method, respectively.

2 System Model

In this paper, we consider a cooperative computing system which consists of N
MEC servers, an MCC server and M MDs. Suppose each MEC server is deployed
with a CNN model which is composed of one input layer, one output layer and a
number of hidden layers. We assume that each MD has a single task which can
be offloaded to one MEC server and the task execution at the MEC server is
conducted by the CNN model. More specifically, the input data of MD task will
be processed by the input layer and various hidden layers or/and output layer,
and then is sent out at one particular hidden layer or the output layer of the
CNN model. We further assume that the cooperative between the MEC servers
and the MCC server in task execution is allowed, i.e., the MD task which has
been processed partially by the CNN model will be sent to the MCC server for
further processing. Figure 1 shows the system model considered in this paper.

Let MDm denote the mth MD and T = {T1, ...,TM} denote the set of
MD tasks, where Tm denotes the task of MDm, 1 ≤ m ≤ M . Tm can be
characterized by a 3-tuple

〈
Sm, Rmin

m ,Dmax
m

〉
, where Sm denotes the size of input

data of Tm, Rmin
m and Dmax

m denote the minimum transmission rate and the
maximum tolerable task execution latency of Tm, respectively. We denote E =
{E1, ...,EN} as the set of MEC servers, where En denotes the nth MEC server,
1 ≤ n ≤ N . Let Fn denote the computation capability of En, Bn denote the
bandwidth of the wireless link between En and the MDs, and Cn denote the
capacity of the fronthaul link between En and the MCC server.

To improve the resource utilization of the MEC servers, we assume that
multiple MDs are allowed to offload their task to one MEC server. However, in
this case, the resource sharing between multiple MD tasks has to be considered.
In particular, the bandwidth resource and computation resource of the MEC
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servers and the capacity of the fronthaul link between the MEC servers and the
MCC server should be allocated to various MD tasks.

We further denote rk
n as the ratio of the intermediate data size generated at

the kth CNN layer of En to the input data size of MD tasks and denote pk
n as

the computational overhead of a unit of input data at the kth CNN layer of En,
1 ≤ n ≤ N , 1 ≤ k ≤ K, where K denotes the total number of the layers in the
CNN models employed at the MEC servers.

Fig. 1. System model

3 Optimization Problem Formulation

In this section, we examine the overall task latency in the considered cooperative
computing system and formulate the joint task offloading, CNN layer scheduling
and resource allocation problem as overall task latency minimization problem.

3.1 Objective Function

Stressing the performance of task execution in the cooperative computing sys-
tem, we define overall task latency D as

D =
M∑

m=1

N∑

n=1

xmnDmn (1)

where Dmn denotes the task execution latency of Tm which is offloaded to En,
xmn denotes the task offloading variable of Tm. That is, if Tm is offloaded to En,
xmn = 1, otherwise, xmn = 0. Jointly considering the time required to transmit
MD tasks to the MEC servers and the MCC server, as well as the processing
time at both servers, we formulate Dmn as

Dmn = Dt
mn + Dp

mn + Dtc
mn + Dpc

mn (2)

where Dt
mn denotes the transmission latency required to offload Tm to En, Dp

mn

denotes the task execution latency of Tm at En, Dtc
mn denotes the transmission
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latency of Tm when being transmitted from En to the MCC server, Dpc
mn denotes

the task executing latency of Tm at the MCC server.
Dt

mn in (2) can be formulated as

Dt
mn =

Sm

Rmn
(3)

where Rmn denotes the achievable data rate of Tm when being transmitted to
En, which can be expressed as

Rmn = αmnrmn (4)

where αmn ∈ [0, 1] denotes the fraction of the bandwidth resource allocated to
Tm from En, rmn denotes the data rate of Tm when being transmitted to En

with the total bandwidth resource of En, i.e.,

rmn = Bnlog2

(
1 +

Pmgmn

σ2

)
(5)

where Pm denotes the transmission power of MDm when transmitting Tm to
En, gmn and σ2 denote respectively the channel gain and the noise power of the
link between MDm and En.

Dp
mn in (2) can be calculated as

Dp
mn =

K∑

k=1

δk
mnpk

n

Sm

βmnFn
(6)

where δk
mn denotes CNN layer scheduling variable. If the first k layers of the

CNN model is scheduled to process Tm at En, δk
mn = 1, otherwise, δk

mn = 1,
βmn ∈ [0, 1] denotes the fraction of the computation capability allocated to Tm

at En.
Dtc

mn in (2) can be calculated as

Dtc
mn =

K∑

k=1

δk
mnrk

n

Sm

λmnCn
(7)

where λmn ∈ [0, 1] denotes the fraction of the fronthaul capacity allocated to
Tm when En transmits the intermediate data of Tm to the MCC server.

In this paper, we assume that the MCC server has relatively high computa-
tion capability, thus the latency term Dpc

mn in (2) is negligible.

3.2 Optimization Constraints

To design the optimal joint task offloading, CNN layer scheduling and resource
allocation strategy which minimizes the overall task latency of the system, we
should consider a number of constraints.
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CNN Layer Scheduling Constraint. In this paper, we assume that at the
MEC servers, one or multiple layer of the CNN model is assigned for executing
one MD task, thus, we can express the CNN layer scheduling constraints as

C1 : δk
mn ∈ {0, 1}, (8)

C2 :
K∑

k=1

δk
mn ≤ 1. (9)

Task Offloading Constraint. We assume that each task can be offloaded to
at most one MEC server, hence, the constraints can be

C3 : xmn ∈ {0, 1}, (10)

C4 :
N∑

n=1

xmn = 1, 1 ≤ m ≤ M. (11)

Resource Allocation Constraints. In the case that one MEC server executes
multiple MD tasks, the resource allocation constraints should be satisfied, which
can be expressed as

C5 : αmn, βmn, λmn ∈ [0, 1] , (12)

C6 :
M∑

m=1

αmn ≤ 1, (13)

C7 :
M∑

m=1

βmn ≤ 1, (14)

C8 :
M∑

m=1

λmn ≤ 1. (15)

Data Rate and Latency Requirements. Stressing the task offloading require-
ment, we assume that the link between MDm and En should meet a minimum
transmission rate constraint when Tm is offloaded to one MEC server, i.e.,

C9 :
N∑

n=1

xmnRmn ≥ Rmin
m , 1 ≤ m ≤ M. (16)

As the task execution latency of Tm should meet a tolerable maximum
latency requirement, we can express the task execution latency constraint as

C10 :
N∑

n=1

xmnDmn ≤ Dmax
m . (17)
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3.3 Optimization Problem

Considering the aforementioned objective function and optimization constraints,
we formulate the overall task latency minimization-based joint task offloading,
CNN layer scheduling and resource allocation problem as

min
xmn,δk

mn,αmn,βmn,λmn

D

s.t. C1 − C10. (18)

Through solving above optimization problem, we can obtain the joint task
offloading, CNN layer scheduling and resource allocation strategies.

4 Solution of the Optimization Problem

The formulated optimization problem is a non-convex mixed integer program-
ming problem which is NP-hard and cannot be solved conveniently. In this
section, we decompose the formulated optimization problem into three subprob-
lems, i.e., CNN layer scheduling subproblem, task offloading subproblem and
resource allocation subproblem, and solve the three sub-problems successively
to obtain the joint task offloading, CNN layer scheduling and resource allocation
strategies.

4.1 CNN Layer Scheduling Subproblem

In this subsection, we first assume that task offloading strategy is given, e.g.,
xmn = 1, and no resource sharing among tasks is required, i.e., αmn = 1, βmn =
1, λmn = 1. Substituting αmn, βmn, λmn into (2)–(7), we may rewrite Dmn as

D0
mn =

Sm

rmn
+

K∑

k=1

δk
mn(pk

n

Sm

Fn
+ rk

n

Sm

Cn
). (19)

As the only optimization variable contained in D0
mn is the CNN layer schedul-

ing variable, denoted by δk
mn, we may design the optimal CNN layer scheduling

strategy by minimizing D0
mn. Hence, the optimization problem formulated in

(18) is now reduced to the CNN layer scheduling subproblem, which is formu-
lated as

min
δk
mn

D0
mn

s.t. C1, C2, C10 in (18). (20)

Since the above optimization problem is a simple one-variable optimization
problem, we may solve it based on extensive search algorithm and obtain the
optimal CNN layer scheduling strategy, denotd by δk,∗

mn.
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4.2 Task Offloading Subproblem

Substituting δk,∗
mn into the optimization problem formulated in (18), we can

observe that the optimization problem is now a joint task offloading and resource
allocation problem, and the objective function D can be rewritten as D0, i.e.,

D0 =
M∑

m=1

N∑

n=1

xmn

(
D̂t

mn

αmn
+

D̂p
mn

βmn
+

D̂tc
mn

λmn

)

(21)

where D̂t
mn = Sm

rmn
, D̂p

mn =
K∑

k=1

δk,∗
mn

pk
nSm

Fn
, D̂tc

mn =
K∑

k=1

δk,∗
mn

rk
nSm

Cn
.

It can be observed that the objective function D0 is a mixed discrete and sec-
ond order function of the optimization variables xmn, αmn, βmn and λmn, which
is notoriously difficult to solve. To address the difficulties, we apply variable
transformation, discrete variable relaxation method and the RLT to reformulate
the problem.

To tackle the problem of fraction optimization, we first define ιmn = 1
αmn+εb

,
νmn = 1

βmn+εc
, and ømn = 1

λmn+εf
where εb, εc and εf are microscales intro-

duced to avoid divide-by-zero error, then we can rewrite the optimization prob-
lem in (18) as follows.

min
xmn

ιmn,νmn,ømn

M∑

m=1

N∑

n=1

xmn(ιmnD̂t
mn + νmnD̂p

mn + ømnD̂tc
mn)

s.t. C3,C4,C9,C10 in (18)

C11 :
M∑

m=1

1
ιmn

≤ 1 + Mεb, ιmn ∈
[

1
1 + εb

,
1
εb

]

C12 :
M∑

m=1

1
νmn

≤ 1 + Mεc, νmn ∈
[

1
1 + εc

,
1
εc

]

C13 :
M∑

m=1

1
ømn

≤ 1 + Mεf , ømn ∈
[

1
1 + εf

,
1
εf

]
. (22)

Problem (22) is still a non-convex problem because of the discrete variable
xmn and the second order form of the optimization variables. We now employ
discrete variable relaxation method to convert xmn ∈ {0, 1} to 0 ≤ xmn ≤ 1,
then we adopt the RLT to linearize the objective function and constraints in
(22). To linearize the second order terms xmnιmn, xmnνmn and xmnømn, we
define ϕmn = xmnιmn, ςmn = xmnνmn and ϑmn = xmnømn. Considering the
constraints on xmn, ιmn, νmn and ømn, we can obtain respectively the RLT
bound-factor product constraints for ϕmn, ςmn and ϑmn as

Ξϕ
mn =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

ϕmn − 1
1+εb

xmn ≥ 0
ιmn − 1

1+εb
− ϕmn + 1

1+εb
xmn ≥ 0

1
εb

xmn − ϕmn ≥ 0
1
εb

− ιmn − 1
εb

xmn + ϕmn ≥ 0

(23)
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Ξς
mn =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

ςmn − 1
1+εc

xmn ≥ 0
νmn − 1

1+εc
− ςmn + 1

1+εc
xmn ≥ 0

1
εc

xmn − ςmn ≥ 0
1
εc

− νmn − 1
εc

xmn + ςmn ≥ 0

(24)

Ξϑ
mn =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

ϑmn − 1
1+εf

xmn ≥ 0

ømn − 1
1+εf

− ϑmn + 1
1+εf

xmn ≥ 0
1
εf

xmn − ϑmn ≥ 0
1
εf

− ømn − 1
εf

xmn + ϑmn ≥ 0

(25)

After substituting ϕmn, ςmn and ϑmn into (22), we obtain a convex optimiza-
tion problem:

min
xmn

ιmn,νmn,ømn
ϕmn,ςmn,ϑmn

M∑

m=1

N∑

n=1

(ϕmnD̂t
mn + ςmnD̂p

mn + ϑmnD̂tc
mn)

s.t. C4,C9,C10 in (18)
C11−C13 in (22)
C14 : 0 ≤ xmn ≤ 1
C15 : ϕmn ∈ Ξϕ

mn

C16 : ςmn ∈ Ξς
mn

C17 : ϑmn ∈ Ξϑ
mn (26)

Problem (26) is now a convex optimization problem, therefore it can be solved
efficiently in polynomial time using standard software such as CVX, MOSEK,
etc. Let

{
x̂mn, ι̂mn, ν̂mn, ø̂mn, ϕ̂mn, ς̂mn, ϑ̂mn

}
denote the optimal solution

of (26). As x̂mn is a continuous approximation of xmn, to obtain the binary task
offloading strategy x∗

mn of (18), we define
{

x∗
mn = 1, x̂mn ≥ 0.5

x∗
mn = 0, x̂mn<0.5.

(27)

4.3 Resource Allocation Subproblem

While the optimal resource allocation strategy denoted by α̂mn, β̂mn and λ̂mn

can be obtained from ι̂mn, ν̂mn, ø̂mn, the suboptimality may occur due to the
approximation of xmn. In this paper, given the task offloading strategy x∗

mn, we
further formulate the resource allocation subproblem and calculate the optimal
resource allocation strategy by means of Lagrange dual method.

Based on the obtained task offloading strategy x∗
mn, we calculate the number

of tasks being offloaded to individual MEC servers. In the case that
M∑

m=1
x∗

mn ≥ 1

for any En, i.e., more than one task is offloaded to En, resource sharing occurs
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at En and the optimal resource allocation strategy should be designed. Let Φn =
{Tm|x∗

mn = 1} denote the set of MD tasks which are offloaded to En.
We denote D̄mn as the task latency when Tm is offloaded to En, i.e., x∗

mn = 1,
we obtain

D̄mn =
Sm

Rmn
+

K∑

k=1

δk,∗
mn

(
pk

nSm

βmnFn
+

rk
nSm

λmnCn

)
. (28)

The resource allocation subproblem can be formulated as

min
αmn,βmn,λmn

∑

Tm∈Φn

D̄mn

s.t. C5 − C10. (29)

It can be proved that the optimization problem formulated in (29) is a convex
problem which can be solved by using the Lagrange dual method. The corre-
sponding Lagrange function can be expressed as

L (αmn, βmn, λmn, ηmn, μmn, γmn, θmn, ωmn, ε, τ, ψ)

=
∑

Tm∈Φn

D̄mn +
∑

Tm∈Φn

ηmn

(
D̄mn − Dmax

m

)

+
∑

Tm∈Φn

μmn

(
Rmin

m − Rmn

)
+

∑

Tm∈Φn

γmn (αmn − 1)

+
∑

Tm∈Φn

θmn (βmn − 1) +
∑

Tm∈Φn

ωmn (λmn − 1)

+ ε(
∑

Tm∈Φn

αmn − 1) + τ(
∑

Tm∈Φn
T

βmn − 1)

+ ψ(
∑

Tm∈Φn

λmn − 1) (30)

where ηmn, μmn, γmn, θmn, ωmn, ε, τ, ψ are Lagrange multipliers. The Lagrange
dual problem is formulated as

max
ηmn,μmn

γmn,θmn,ωmn
ε,τ,ψ

min
αmn,βmn,λmn

L

s.t. ηmn, μmn, γmn, θmn, ωmn, ε, τ, ψ ≥ 0. (31)

For a given set of Lagrange multipliers, the optimal resource allocation strat-
egy can be obtained as

α∗
mn =

[√
(1 + ηmn) Sm

(γmn + ε − μmn) rmn

]+

, (32)

β∗
mn =

[√
(1 + ηmn)Smpk

n

(θmn + τ) Fn

]+

, (33)
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λ∗
mn =

[√
(1 + ηmn)Smrk

n

(ωmn + ψ) Cn

]+

(34)

where [x]+ = max {x, 0}.
Replacing αmn, βmn and λmn by α∗

mn, β∗
mn and λ∗

mn respectively in Dmn,
we will be able to obtain the optimal task latency of Tm at En when sharing
bandwidth, computation and fronthual resource of En with other tasks.

5 Simulation Results

In this section, we evaluate the performance of the proposed algorithm by sim-
ulations. In the simulation, we consider a rectangular region with the size being
100 m × 100 m where the MEC servers and the MDs are randomly located. The
number of MEC servers is set as 2, 3, 4, respectively and the number of tasks is
set from 25 to 35, the total number of CNN layers is set as K = 5 in the simula-
tion. Other simulation parameters employed in the simulations, unless otherwise
mentioned, are summarized in Table 1. The simulation results are averaged over
1000 independent experiments.

Table 1. Simulation parameter

Parameters Value

Input data size (Sm) [1, 10]Mb

Transmission power of MDm (Pm) 0.6 W

Noise power (σ2) −110 dBm

Channel path loss model 128.1 + 27log(d)dB

Bandwidth of En (Bn) 10 MHz

Computation capability of En (Fn) {600, 800}GHz

Fronthaul capacity of En (Cn) 100 Mbps

Reduction ratio (rkn) [0.4, 0.2, 0.16, 0.128, 0.1152]

Computational overhead of unit data (pk
n) [0.5, 1.1, 1.8, 2.84, 3.992]GHz/M

In Fig. 2, we examine the performance of our proposed algorithm, the RLT
algorithm without the Lagrangian dual method (RLT-0), the algorithm proposed
in [9], the average resource allocation (ARA) algorithm, which allocates the
resource of the MEC servers equally to the associated MDs and a benchmark
algorithm, i.e., the minimum distance based task offloading (MDO) algorithm,
which allows the MDs to select the nearest MEC server to offload their tasks.

The overall task latency obtained from different algorithms is shown in Fig. 2.
From the figure, we can observe that while the overall task latency increases as
the number of tasks of MDs increases for all the considered algorithms, our pro-
posed algorithm offers the minimum overall task latency compared with other
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algorithms. This is mainly benefited from the joint optimization of task offload-
ing, CNN layer scheduling and resource allocation, and the combination of RLT
and Lagrange dual method.

In Fig. 3, we plot the overall task latency versus the number of tasks obtained
from our proposed algorithm and the one proposed in [9]. Different number of
MEC servers, i.e., N = 2, 3, 4 is considered in the simulation. From the figure,
we can see that lower overall task latency can be achieved with the increased
number of the MEC servers. Comparing the results obtained from our proposed
algorithm and the one proposed in [9], we can see that our proposed algorithm
offers lower overall task latency. The reason is that our proposed algorithm aims
to minimize the overall task latency while the authors in [9] tend to minimize
the energy consumption required for task execution, hence may result in longer
task latency.

In Fig. 4, we examine the overall task latency versus the available bandwidth
of the MEC servers. The number of MEC servers and tasks are set as 2 and 30,
respectively in the simulation. It can be seen from the figure that the overall task
latency decreases as the bandwidth of the MEC servers increases. Comparing the
results obtained from the proposed algorithm and the algorithm proposed in [9],
we can see that the proposed algorithm offers better performance.

In Fig. 5, we compare the simulation results of our proposed algorithm with
two baseline algorithms which employ different task offloading schemes and no
cooperative computing is applied. For baseline algorithm 1, we assume that tasks
can only be offloaded to the MEC servers and no MCC server is available. For
baseline algorithm 2, we assume that no MEC servers are deployed and tasks
can only be offloaded to the MCC server. From Fig. 5, we can observe that our
proposed algorithm outperforms the two baseline algorithms demonstrating the
performance benefits by conducting cooperative computing between the MEC
servers and the MCC server.
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Fig. 5. Overall task latency versus
number of tasks (different task offload-
ing schemes).

6 Conclusions

In this paper, we consider a cooperative computing system and formulate the
joint task offloading, CNN layer scheduling and resource allocation as an opti-
mization problem which minimizes overall task latency. As the formulated opti-
mization problem is NP-hard, we decompose the original optimization problem
into CNN layer scheduling subproblem, task offloading subproblem and resource
allocation subproblem, and solve the three subproblems based on extensive
search algorithm, the RLT and Lagrangian dual method, respectively. Numeri-
cal results demonstrate the proposed algorithm outperforms previously proposed
algorithms and the baseline algorithms which fail to apply cooperative comput-
ing schemes.
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