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Online Service Placement, Task Scheduling, and

Resource Allocation in Hierarchical Collaborative
MEC Systems

An Du, Jie Jia

Abstract—Mobile edge computing (MEC) pushes cloud com-
puting capabilities to the network edge, which provides real-time
processing and caching flexibility for service-based applications.
Conventionally, the individual node solution is insufficient to tackle
the increasing computation workload and provide diverse services,
especially for unpredictable spatiotemporal service request pat-
terns. To address this, we first propose a hierarchical collaborative
computing (HCC) framework to serve users’ demands by reaping
sufficient computing capability in Cloud, ubiquitous service area
in edge layer, and idle resources in device layer. To better unleash
the benefits of HCC and pursue long-term performance, we inves-
tigate heterogeneity-aware resource management by collaborative
service placement, task scheduling, and resource allocation both
in-node and cross-node. We then propose an online optimization
framework that first decouples the decisions across different slots.
For each instant mixed integer non-linear programming prob-
lem, we introduce the surrogate Lagrangian relaxation method
to reduce complexity and design hybrid numerical techniques to
solve the subproblems. Theoretical analysis and extensive simula-
tion results demonstrate the efficiency of the HCC framework in
decreasing system cost on devices, and our proposed algorithms
can effectively utilize the resources in the collaborative space to
achieve the trade-off between system cost minimization and service
placement cost stability.

Index Terms—Heterogeneity-aware resources management,
hierarchical collaborative computing, long-term performance,
MEC, online framework.
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1. INTRODUCTION

N the past decade, wireless communications and network-
I ing have made tremendous advancements to adapt to the
ever-growing number of mobile devices and mobile Internet
traffic. The breakthroughs provide a high-rate and highly re-
liable air interface to run computing services ranging from
real-time video streaming to surveillance at the remote cloud
data centre [1]. However, the long propagation distance from
the terminal devices (TDs) to the remote cloud centre remains a
key bottleneck to fulfill the increasing expectations towards im-
mersive quality of experience (QoE) for advanced applications,
like augmented reality and autonomous driving. By transfer-
ring mobile computing, network control, and storage from the
centralized cloud to the network edge, mobile edge computing
(MEC) has become an integral component of the beyond fifth
generation (5G) to offer low latency, context awareness, and
mobility support [2]. Nonetheless, with a remarkable increase
in data and heterogeneous service requests, any individual edge
server (ES) with limited computation and storage capacity faces
great challenges in satisfying the quality of service (QoS) re-
quirements. Therefore, collaborative edge computing (CEC) has
emerged as an attractive solution to enable scalable and resource-
optimized operation, and support advanced applications in MEC
systems [3].

The two state-of-the-art CEC frameworks have different ar-
chitectures, which are suitable for different application scenar-
ios. In horizontal collaboration, densely deployed base stations
(BSs) support resource-limited ESs within specific geographic
regions forming a federated resource pool to share placed ser-
vices and collaboratively serve TDs’ demands [4]. Benefiting
from the expanded coverage and resources, TDs connected to
any ES can instantly access the ubiquitous computing power and
services, thereby enhancing service quality. Differently, vertical
collaboration involves the layers with heterogeneous resource
scales, such as the device layer, edge computing layer, and cloud
layer [5]. Specifically, the cloud supports large-scale centralized
computing, the edge provides agile data access and real-time
computing, and the TDs achieve ubiquitous perception and local
computing. Therefore, vertical collaboration facilitates meeting
the demands of diverse applications regarding latency, service
quality, operator profit, and other aspects by unified network
resource management.
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Practical MEC networks are typically characterized by large-
scale deployment, variations in workload distribution over time
and space, diverse application types, and different QoS require-
ments. These factors present significant challenges, including
insufficient resource utilization, unsatisfactory service delays,
and limited scalability in traditional CEC systems. Therefore,
relying solely on collaborative computing, either horizontally
or vertically, is inadequate. To this end, a hierarchical collabo-
rative computing (HCC) solution becomes essential to pursue
the enlarged and multi-level computing power, by reaping the
specific benefits in different layers. Nonetheless, the widely
distributed heterogeneous resources, in terms of locations, mem-
ory, and computing capabilities, increase the complexity of
network management. Moreover, the rapid service response for
complicated applications or real-time inference tasks, such as
industrial robotics, voice assistants, and ad-targeting, requires
the related libraries and well-trained models to be deployed
in advance. However, constrained resources of individual ES
naturally raise the problem of service placement, i.e., where
to place each service and to reap the benefits of resources
in the collaboration space. In addition, service placement de-
termines which type of task to process, thus affecting task
scheduling and resource allocation. Therefore, optimally placing
services, scheduling tasks, and managing network resources are
intractable but significantly crucial for improving overall system
performance.

The problem of optimally placing services has been studied
in several works such as [6], [7], yet customized service provi-
sioning in the HCC framework still faces great challenges. One
is the spatial coupling in the network caused by diverse services
and heterogeneous network infrastructure. For each service
request, the service demand and communication/computation
resources become highly coupled. For example, self-driving
requires more computing resources to achieve rapid response,
while augmented reality requires a larger throughput for im-
mersive experience. For each computing node, resource sharing
leads to the coupling among multiple TDs. Therefore, HCC
requires collaborative resource management, both in-node and
cross-node, thus leading to a complex interaction setting and
making the optimization problem thorny. The other challenge
mainly lies in the temporal coupling, in which the time-based
interests, e.g., rush hour traffic routing services, and channel
conditions are time-varying and non-stationary, thus making
the most of strategies that operate in static CEC scenarios
impractical [8], [9], [10], [11].

Motivated by the above considerations, we investigate the
following problems: how to manage heterogeneous distributed
resources uniformly? How can we efficiently distribute diverse
service requests to the collaborative space without future infor-
mation while maintaining asymptotical optimality? The prob-
lems are challenging and have not been well investigated hith-
erto. In this paper, we propose an HCC-assisted MEC system,
which encompasses horizontal collaboration in both the device
and edge layers for expanded service areas, and vertical end-
edge-cloud collaboration for providing multi-level computing
power. The systematic framework is illustrated in Fig. 1, in which
the heterogeneous resource abstraction and hierarchical resource
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Fig. 1. The systematic framework of hierarchical collaborative MEC system.

management are invoked for efficient resource utilization and
QoS-guaranteed service provisioning.

Considering the diverse service demands are usually
unknown/non-stationary and change spatially and temporally,
we formulate the problem as a multi-stage stochastic optimiza-
tion problem to minimize the long-term sum system cost of
all TDs, subject to the time-averaged service placement cost
of BSs, task delay requirements and hybrid resource capacity.
The Lyapunov optimization and the Markov decision process
(MDP) based approaches were proposed for dynamic resource
allocation in the stochastic network [12]. However, the MDP-
based method may exhibit the curse of dimensionality when
the system enlarges. Aiming to minimize the system cost of
TDs and ensure the long-term service placement cost budget of
BSs, the Lyapunov optimization theory is more suitable since it
can effectively incorporate long-term constraints into real-time
optimizations, and make online decisions without requiring
any a priori future information. Based on this, we develop an
online optimization framework, OJSTR, to transform the time-
averaged optimization problem into a queue stability problem.
Then, a decoupled framework and hybrid-method-based itera-
tive algorithms are proposed to jointly obtain service placement,
task scheduling, and resource allocation decisions. The main
contributions of this paper are summarized as follows.

e To provide satisfactory service for stochastical service
requests cost-efficiently, we investigate a long-term joint
service placement, task scheduling, uplink transmission
power, and computational resources optimization problem
in HCC systems, under the predefined long-term service
placement cost budget on BSs and resource constraints in
multiple dimensions.

e We propose an online optimization framework, which first
applies the Lyapunov optimization technique for time de-
coupling and performance-cost trade-off. Then, to solve
per-slot offline problems in low computational effort, we
develop a two-loop optimization framework based on the
surrogate Lagrangian relaxation method, where the outer
loop obtains the proper Lagrangian multipliers and the
inner loop solves two separable subproblems.

e We invoke dynamic programming algorithm for the ser-
vice placement subproblem and a bilevel optimization
framework for hierarchical task scheduling and resource
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allocation. We design a heuristic matching game for upper-
level task scheduling. We devise a bi-section search al-
gorithm and convex optimization method for lower-level
resource allocation in edge collaboration and device col-
laboration, respectively.

® Numerical results demonstrate that the OJSTR can unleash

the potential of the HCC system, and provide high-quality
services cost-efficiently as well as guarantee the long-term
budget. Moreover, it outperforms the other three bench-
mark schemes regarding different matrices.

The remainder of the paper is organized as follows. In
Section I, we present a brief overview of the related literature. In
Section III, we give the system model and formulate a long-term
system cost minimization problem. In Sections IV and V, we
develop an online optimization framework and its theoretical
analysis. In Section VI, we provide extensive simulations and
contrastive analysis. Finally, Section VII concludes this paper.

II. RELATED WORK

With a remarkable increase in data and heterogeneous service
requests generated by massive devices, collaborative edge com-
puting and efficient resource management schemes have been
widely investigated in recent years to alleviate the dilemma
of computing restrictions of the MEC system with a single
resource-constrained MEC server.

A group of existing works paid plenty of attention to vertical
collaboration. For example, the authors in [13] studied the
service caching problem in cloud-assisted MEC networks, in
which the cloud is constituted as a powerful resort for a single
resource-limited edge server. However, the architecture exhibits
high communication overhead during the task offloading process
between the TDs and the ES/ cloud. To tackle this issue, the idle
resources within the close vicinity TDs can be harvested by
leveraging the Device-to-Device (D2D) communication tech-
nique [14]. Benefiting from this, collaboration among TDs was
considered in [15], in which the computation tasks can be
offloaded to the nearby TDs and the ES. In MEC systems, the
authors in [8], [9], [16], [17], [18] investigated the D2D-assisted
CEC, while limited to vertical end-edge collaboration and end-
edge-cloud collaboration, engaging only single/independent ES.
Therefore, apart from extending the MEC’s capacity to other
computing layers, densely deployed BSs can cooperate hori-
zontally to enhance the service supply capability of the edge
layer.

In the CEC framework, resource management schemes have
been widely studied to ensure QoS demands and save system
costs. For the D2D-assisted MEC system, the authors in [16],
[17] studied the joint optimization of task scheduling(or parti-
tioning) and the computing resources allocation to reduce the
system delay. In addition, the authors in [18] further considered
the bandwidth resources in the wireless access network. Differ-
ently, the authors in [8], [9] focused on the trade-off between per-
formance and cost consumption by joint task offloading and het-
erogeneous resource allocation. Furthermore, the authors in [19]
considered the service placement optimization problem in edge-
cloud cooperation networks to minimize the task processing

TABLE I
IMPORTANT NOTATIONS IN OUR MODEL

Symbol Definition
M The set of BSs integrating ESs, m € M.
N The set of TDs, n € N.
K The set of services, k € K.
£ The set of wired links between BSs, e; ; € £, 4,5 € S.
w; The bandwidth of outgoing link e; ;.
Wi, Frn Maximum storage and computing capacity of BS m.
Py, Fy, Maximum transmission power and computing capacity of n.
Kn Requested service type of TD n.
W The occupied storage capacity of service k.
dy Data size of the service request of service k.
Ck Required CPU cycles number of service k.
Tk Delay upper bound of service k.
C Time averaged budget of service placement budget.
Cm Service placement cost for the ES m.
Qkm Indicator of the service k is placed on m or not.
Bn,u Indicator of the task of TD n is scheduled to node u or not.
DPn The allocated transmission power of TD n.
fru The allocated computing resource of u for TD n.
D Total delay for processing task of TD n on node w.
En,o The transmission energy consumption for TD n.
En,c The computing energy consumption for TD n.

delay, while ignoring the service placement cost and system
energy consumption. In addition, several works have focused
on D2D-assisted heterogeneous collaborative edge caching [ 10],
[20] and cache-enabled MEC networks [21] that combine D2D
communication and edge collaboration. However, different from
these works that pay more attention to storage resources, service
placement requires various resource types for storing application
services and performing atomic functionalities, thus making the
above studies not applicable to the diverse service provisioning
scenarios. Moreover, although several works designed efficient
task offloading and service placement schemes in horizontal col-
laborative MEC systems [22], cloud-assisted MEC networks [6],
[23], and D2D-assisted MEC networks [24], the efficient ser-
vice provisioning in HCC-assisted MEC systems is typically
challenging and still has not been well addressed.

Considering the time-varying and non-stationary environ-
ment, some of the existing works investigated dynamic resource
management in CEC. For example, the authors in [25] inves-
tigated the computation offloading schemes in dynamic D2D-
assisted communication architectures, and proposed an attention
communication deep reinforcement learning algorithm to deal
with a partially observable environment. The authors in [19]
proposed a collaborative service placement, task scheduling,
computing resource, and transmission rate allocation for the sce-
nario with edge-cloud and edge-edge cooperation to minimize
the total task processing delay while guaranteeing long-term task
queuing stability. Nevertheless, collaborative service placement,
task scheduling, and resource management in hierarchical col-
laborative MEC systems are still challenging and have not been
well investigated hitherto.

III. SYSTEM MODEL

In this section, we describe the service placement, task
scheduling, delay and cost model in the HCC system. The main
symbols are summarized in Table I.
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As depicted in Fig. 1, we consider a network G =
{c},E),where M = {1,2,..., M} denotes the set of geograph-
ically distributed BSs equipped with ESs, A" = {1,2,..., N}
denotes the set of TDs, ¢ is the remote cloud, and & =
{e;;,i,7 € S,i# j} is the set of links between BSs. Each ES
m € M is characterized by the tuple of resources in multiple
dimension {W,,,, F),, }, where W,,, and F},, denote the maximum
storage capacity and CPU computing capacity, respectively.
Assume the system involves diverse services, exemplified by
online gaming and voice assistants, that are indexed by I =
{1,2,..., K}. To simplify the system model, we assume the
tasks in a specific service type are similar in request parame-
ters [6], [7]. Each service k € K is characterized by the tuple
{wp, d, cx, 71}, where wy, is the occupied storage capacity
(bits), dj; is the data size of the service request (bits), ¢y, is the
required number of CPU cycles, and 7 is the delay upper bound.

Without loss of generality, each TD runs a wide spectrum
of applications in a stochastic manner since TDs may gain
or lose interest in some services. To better describe the time-
varying nature, we assume the system runs within a finite
time horizon, which is discretized into equal length time slots
T ={1,2,...,T}. BEach TD n € N is characterized by the
tuple {P,,, F,, { K, (t)}1_,}, where P, is the maximum trans-
mission power, F,, is the total CPU computing capacity, and
K, (t) € Kisthe requested service type at time slot t. Moreover,
we assume the geographically closed TDs are randomly moving
within the coverage of different BSs. The location of TD and
BS are denoted as I,, and [,,, respectively, and if ||l,, — L,,|| <
Ry, m € M, we suppose TD n is within the communication
coverage of BS m, where R,, is the covering radius of m.
Similarly, if ||l,, — ;|| < R;,i € N, we suppose TD n is within
the communication coverage of TD ¢, where R; is the D2D
communication range of the TD i. To ease representation, we
denote €2,,, and €2, as the set of TDs covered by BS m and TD
n, respectively.

(MUNU

A. Services Placement

Since the device layer can only support small-scale computing
and the TD may experience significant energy consumption in
serving multiple applications, device collaboration requires the
helper TD to possess the same service requests. Therefore, we
mainly focus on the service placement at the edge layer.

To specify the placement of all services, we define a bi-
nary variable ay ,, (t) as the placement indicator. Specifically,
ak,m(t) =1 indicates that the service k € K hosts on BS
m € M at time slot ¢. Although services can be dynamically
placed among all BSs to deliver a higher QoS, the switching
cost consumed by fetching services from the nearby BSs or
cloud centre and cache updates cannot be ignored. To this end,
we denote the service placement cost on ES m as

K
Cult) =3 (1
k=1

- ak,m(t - 1)) ak:,m(t)cm,k; (1)

where ¢y, j; is the cost of service &k placing on BS m. In addi-
tion, (1 — ag,m(t — 1))ak,m(t) = 1 indicates that the service
replacement occurs on BS m at time slot ¢. Considering the

service provider generally operates within a long-term cost
budget [26], we introduce the time-averaged service placement
cost budget C' over the whole period of T time slots as

T M

L 33 0t ®

t=1 m=1

B. Hierarchical Task Scheduling

HCC supports arrival service requests to be executed across
different layers. Therefore, whether and where to offload diverse
tasks should be determined jointly by taking into account the
service availability, achieved performance, and the required cost.
Let Y = {M UN Uc} denote the set of computing nodes in
collaboration space with the size of || = M + N + 1. Define
a binary variable 3, ,(t),n € N,u € U as the task scheduling
indicator, and 3, ,(t) =1 indicates that the service request
of TD n is executed on the computing node u. In this paper,
we assume each task is atomic and cannot be separated into
subtasks. Therefore, each task can only be scheduled to one of
the nodes in U for task processing, thus we have

{ﬁnu()e{o AL VneN,uel,

S et B = 1,Yn € N. )

In particular, 3, ,,(¢t) = 1 represents that the service request of
TD n is processed locally.

Moreover, scheduling the service request of TD n to ES m
requires the corresponding service has been placed on m, i.e.,
ag, (t),m(t) = 1. Therefore, it also should be ensured that

C3: Bn,m(t) < QK (t),m (t)a m € M. (C))

C. Delay Model

In device collaboration plane, each TD has its own service
requests and may still have the potential to help others. Each
TD adopts the Frequency Division Duplexing (FDD) technique
to support transmitting and receiving tasks simultaneously [9].
To reduce communication interference, we adopt orthogonal
frequency division multiple-access (OFDMA) and overlay D2D
communication techniques for uplink transmission.

1) Device Collaboration: We assume D2D transmission is
completed in “one hop,” which means the helper TD will not
continue to offload after receiving the task. If 5, ; = 1,7 € N\
n, the transmission delay, experienced by TD n to offloading
packets to the helper TD ¢ via uplink, can be expressed as

dr, (1)
D2D __ YK,
n,i,o Tnz(t) ) (5)
where
nhni t
rmi(t) = Bn,i 1Og2 <1 + paé()> ) (6)

is the achieved uplink transmission rate. Specifically, B,, ; is
the allocated bandwidth, p,, is the transmission power of TD n,
hy,i(t) is the channel gain between TD n and its helper, and
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o? is the noise power. Noticeably, if the TD executes the task
locally, we have DP20 = 0.

2) Edge Collaboration: Service requests scheduled to the
edge layer can be processed on the associated BS in “one hop”
or a non-local BS along the routing path [27]. Therefore, if
Bn,i =1,i € M, the transmission delay experienced by TD n
is constituted by the uplink transmission delay and the backhaul
delay. Specifically, the experienced uplink transmission delay
for TD n is given by

dg, (t
pipe = 40 @)

Tnmy ()

where 7, ,,,, is the communication rate between TD n and its
connected BS m,,. The consumed backhaul delay of TD n from
the connected BS m,, to the computing node ¢ can be represented
as

d
ITEC Z K, (t)

€j,kEPmay, i

®)

Wy, k

where w; ., 7, k € S is the bandwidth of outgoing link e, € £
and P,,, ; is the shortest routing path from the connected BS
my, to target BS 4.

3) Total Delay: Considering the computing resources can
be shared for processing the offloaded tasks in parallel, the
processing delay for TD n on node u can be calculated as

CK.L(1)

fru(®)’

where f,, ., (t) is the allocated computing resource for TD n.
According to the aforementioned definitions, the total delay
under different task schedule decisions is given by

Dn,u,c =

€))

DP2D L p. . ueN
D — n,u,o n,u,cr 5 10
nu {D%ff + Dj?fbc + Dy, u€ M. (10)

D. Cost Model

Considering the energy-limited TDs and instances tenanting
from the cloud, we aim to reduce the system cost on devices for
the service provisioning in HCC systems, which mainly includes
energy consumption cost and cloud tenancy cost.

1) Device Energy Consumption: In the HCC system, the en-
ergy consumption on TDs consists of transmission energy con-
sumption for offloading service requests and computing energy
consumption for providing computing services. Specifically, for
TD n, they can be calculated as

Eno=pn ( > BumDMEC + Zﬂn,iD£?,€> , A

mem ieN

and

Ene=>_ Bint)aflcx, (t), (12)
ieN

respectively. k£ > 0 is the energy efficiency parameter deter-

mined by the structure of devices [6].

2) Cloud Tenancy Cost: If no BSs or TDs can provide satis-
factory services, cloud computing is viewed as a last resort, while
accessing services unavoidably causes a high tenancy cost. In
this paper, we adopt on-demand instances as the representative of
cloud service provision that charged proportionally to the usage
of computation resources without upfront fees or long-term
commitments [28].

3) Total Cost: Based on the above definition, the overall cost
for each TD n can be calculated as

\I/n(t) = 'LZJnEn(t) + wcﬂn,c(t)fn(t)v

where 1)y, is the price for unit energy of TD n, 1), is the price
of on-demand instances, F,, = I, , + I, . is the total energy
consumption on TD n, and f,, () = iﬁ . Eig is the tenanted com-
puting resources from cloud to ensure the lowest requirements

of service quality.

13)

E. Problem Formulation

Our aim is to minimize the total cost of the TDs and provide
satisfactory services over a long time span by jointly optimizing
the service placement, task scheduling, uplink transmission
power, and computing resource allocation. We must also ensure
the resource capacity in multiple dimensions and the long-term
service placement cost budget. We thus formulate the problem
as

T N
. 1
(PO) : Jain jlgrgc T ; nz::l U, (t) (14)
s.t. O1—C3, (14a)
K
Z Qg (D)w, < Wpp,m € M, (14b)
k=1
ak’m(t) = {07 1}7Vkv m, (140)
U
Z Bn,u(t)Dn,u < TK”(t)a ueM UN
u=1
(14d)

N
> Boul®) fault) < Fuu € MUN, (l4e)
n=1

0 < p, < Py, Vn, (14f)

where constraint (14b) guarantees the hosted services on each
BS cannot exceed its storage capacity; constraint (14d) ensures
the task deadline for each TD; constraint (14e) ensures the
computing resources allocated for all served TDs by the node u
must not exceed its computation capacity F,,; constraint (14f) is
the transmission power constraint for all TDs.

IV. LYPAPUNOV OPTIMIZATION MODEL TRANSFORMATION

To make our model more realistic and expandable, we as-
sume there is no prior statistical information about the system
dynamics. Moreover, optimizing the time-averaged sum cost
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minimization problem with the long-term placement cost con-
straint is difficult. To address these issues, we adopt Lyapunov
optimization technology to convert problem (P0) into a series
of per-slot queue stability control problems. First, we define
a virtual queue Q(t) to measure the exceeded cost of service
placement by the end of time slot ¢. Its updated equation can be
represented as

Q(t + 1) = max {Q(t) —C+ ), o} :
where C'(t) = Z%:l C (t) is the total service placement cost
attime slot¢. We assume the initial queue length is 0,1i.e., Q(0) =
0. It can be implied that the larger value of Q(t) means the
consumed placement cost has far exceeded the long-term budget.
To ensure the inequality (2) holds, we have:

Lemma 1. The constraint C'1 will always be satisfied when
the virtual queue is mean rate stable, i.e., limy o +E{Q(T)} =
0.

Proof. Please see the detailed proof in the Appendix A,
available online. 0

To make the virtual queue stable, we first invoke the quadratic
Lyapunov function and define it as

1
L(Q() = 501
Then, we define the conditional Lyapunov drift over one slot as

AQ) =E{L(Q(+1) - L(Q®))[Q®)}, (A7)

which is the expected change of the Lyapunov function from
one slot to the next with the given queue state. Intuitively,
minimizing A(Q(t¢)) would push the virtual cost queue to a
lower congestion region. Correspondingly, the original problem
has been decomposed into a series of per-slot optimization
problems. Aiming to coordinate the system cost consumption
while guaranteeing queue stability, we use a drift-plus-penalty
function according to Lyapunov optimization theory [29]:

5)

(16)

N
AQW)+V Y W, (18)
n=1

where V' > 0 is a control parameter to adjust the attention
on the service placement cost queue backlogs and the system
cost consumption. Moreover, the function (18) can provide the
following performance guarantee:

Theorem 1: For arbitrary queue backlogs Q(t) over all
possible control strategies, the drift-plus-penalty function has
the following upper bound:

N
B+ VE{,Q0)} +QWE{c(t) - Clam |, 19

2+ C?) is a finite constant.
Proof: The detailed proof is shown in Appendix B, available
online. U
With Theorem I , minimizing the drift-plus-penalty function
is equivalent to minimizing the right side of (19). Hence, after
removing the constant that is not concerned with the control
decision, the optimal solution can be obtained at each time slot

where B = 1(C2

| The original optimization problem (P0) |
T

Lyapunov optimization technology

| Per-slot offline problem (P1) |

Surrogate Lagrangian Relaxation Method

v

Service placement (P2)

Dynamic programming

Joint optimize task scheduling and
resource allocation (P3)

bilevel optimization framework

Upper level Lower level

a
MEC computing ¢ Device computing
Task scheduling (P3)
Candidate‘ pruning | Resource z:llocation(P4) “ Resource a].]ocali(\n(PS) |
Heuristic matching game Bi-section search Interior point method
B S ./

Fig. 2. The schematics of the proposed OJSTR.

by optimizing the following problem:

N
(P1): min Q()C(t) + ; V,(t) (20)
s.t. 02,03, (14b) — (14f). (20a)

V. JOINT OPTIMIZATION ALGORITHM DESIGN

The per-slot deterministic problem (P1) is a mixed integer
non-linear programming (MINLP) problem, which jointly de-
termines the binary decisions of service placement and task
scheduling, and the system resource allocation decisions. The
commonly used integer programming algorithms, such as the
cutting plane and branch and bound methods, typically require
prohibitively high computational complexity. To address this
challenge, we propose an efficient solution framework based
on hybrid optimization methods, as depicted in Fig. 2. First,
we introduce a surrogate Lagrangian relaxation method to re-
duce computational requirements and develop a two-loop opti-
mization framework, as discussed in Section V-A. The inner
loop optimizes the Lagrangian relaxation problem for given
Lagrangian multipliers, and the outer loop performs multipliers
update via a novel surrogate subgradient method. Moreover,
the service placement subproblem and the joint task scheduling
and resource allocation subproblem are solved via dynamic pro-
gramming in Section V-B and a bilevel optimization algorithm
in Section V-C, respectively. By solving the subproblems in two
loops iteratively until it converges, the near-optimal solution can
thus be obtained.

A. Surrogate Lagrangian Relaxation Method

For problem (P1), service placement « is coupled with
the task scheduling 3 in constraint C'3. Therefore, Lagrangian
relaxation with separability support can be leveraged to obtain a
near-optimal solution in a computationally efficient manner. To
simplify the representation in C'3, we invoke a binary constant
0% = {0,1} to indicate that if the TD n requests service k,
thus we have a g, (1),m = Zszl Qﬁakﬂn. To dualize and penal-
ize C3 into the objective function with Lagrangian multiplier
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= {ftn,m }, the Lagrangian function becomes

N
n=1
N K
Z Hn,m (ﬁn,m - Z Hﬁak,m> .
m=1n=1 k=1
(21)
Then, the Lagrange relaxation of (P1) is given by
(LR) : z(p) = anéigfL(a,ﬁ,p, fou) (22)
s.t. C2,(14b) — (14f). (22a)

Obviously, the relaxed (LR) can be rewritten as two
individual subproblems, i.e., one is the service place-
ment subproblem, and the other is the joint optimiza-
tion of task scheduling and resource allocation subprob-
lem. Given the multipliers, these subproblems are easier
than (P1), and can be solved in a computationally effi-
cient manner by our proposed methods in Sections V-B
and V-C. The resolution of the original problem is thus per-
formed through a two-level iterative approach, where the low
level consists of solving individual subproblems and the high
level performs Lagrange multipliers update.

Moreover, the Lagrangian dual problem is described as

(LD) : max (). (23)

Since the dual function is the pointwise infimum of a family
of affine functions of w, it is always concave regardless of
the characteristics of the original problem [30]. Additionally,
since the original problem is mixed-integer, the dual function
is non-smooth [31]. Therefore, the problem (LD) is convex
and non-smooth. To solve it, the subgradient method is the
most widely used, which requires the relaxed subproblems to
be fully optimized. This is time-consuming, especially as the
problem size increases. Correspondingly, the surrogate subgra-
dient method is developed, which only needs an approximate
optimization for one subproblem to obtain a proper surrogate
subgradient [32]. However, its convergence proof requires the
optimal dual value, which is generally impractical. Inspired
by [31], we adopt the surrogate Lagrangian relaxation method to
guarantee convergence without requiring the optimal dual value,
which selects stepsizes in a way that distances between Lagrange
multipliers at consecutive iterations decrease. Specifically, the

multipliers are updated by
+
)] ,Vs. (24)

K
[u:n,n + 5 G (Z 0ty s B
k=1
Here, ¢ is the iterate number and g,,, ,, is the surrogate subgra-
dient direction by performing an approximate optimization of
(LR). s* is the stepsize, which is updated by

+1
/J’mn_

"M Gm.n (@ s B

st =8, ——
’ ”gm,n(am,n?Bm,n)H

,0<9; < 1.

(25)

Algorithm 1: Per-Slot Optimization Algorithm.

Input: The current virtual queue state () and service
placement scheme a(t — 1).

Output: The near-optimal service placement ¢, task
scheduling 3, and resource allocation p, f.
1: Initialization: Lagrangian multipliers p°

subproblem record Flag = True.
2: By optimizing problem (LR) with u°, obtain {a?, 3°}
and surrogate subgradient g(a, 3°).

3: Iterate number 7 = 1.

4: repeat

5: Update stepsize-setting parameters Ji by using (26).

6: Given 9, ' B update step size s* by using (25).

7. For the given s*, o', 3", update lagrangian multiplier

© 1 by using (24).

if Flag = True then

9: Given multipliers p**1, solve the service placement
subproblem (P2) by the dynamic programming
method and obtain o *?

10: Update Flag = False.

11:  else

12:  Given multipliers u**1, solve the joint optimization
subproblem of task scheduling and resource
allocation (P3) by Algorithm 2 , and obtain
ﬁiJrl7 pi-ﬁ—l’ fitl

13: Update Flag = True.

14:  endif

15:  Calculate the objective function value Obj (7).

16: i=1i+1.

17: until ¢ > I or |Obj(i) —

, step size s°,

*®

Obj(i — 1)] < Tim

To ensure that the multipliers converge to optimal dual value
p*, the stepsize parameter ¢; can be updated as [31]

6221_771’):

Mip ] (26)

_Z'r

where M > 1 and 0 < r < 1. With the novel stepsizing for-
mula, we adopt the approximate optimization of (LR) in an
interleaved manner, where one subproblem is solved at a time
to update multipliers. The main procedure is summarized in
Algorithm 1 ,in which F'lag is used for marking the subproblem
that is required to be optimized in each iteration to obtain a
surrogate subgradient.

Proposition 1: With the stepsizing formula (25) and the §j
update formula (26), the Lagrange multipliers in guaranteed to
converge within limited iterations.

Proof: The detailed proof is shown in Appendix C, available
online. |
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B. Service Placement Subproblem

With the Lagrangian multipliers, the service placement sub-
problem can be rearranged into the following concise form

M K
(Pz) : moitn Z Z Om, kQk,m — Z Z Hn, mz 0nak m

m=1 k=1 m=1n=1
(27)

s.t. (14b), (14¢), (27a)

where 0y, 1, = Q(¢)(1 — g (t — 1))Cm i 18 a constant that
does not affect the placement decision-making. Moreover, the
problem (P2) can be further separated into M individual sub-
problems. For each BS m, its optimization objective function
can be reformulated as

IEaX g < g Hn, mby — om k) Qkom

(28)

Intuitively, the problem can be reduced from a 0-1 knapsack
problem, corresponding to placing K services on the BS m at
a maximized total profit, subject to the total storage constraint
W, where the placement cost of service k is represented as
ij:l ,un,meﬁ — Om, k- To solve the problem effectively, we
adopt the dynamic programming method, and the detail process
is omitted for page limits. By leveraging primal decomposition
and the dynamic programming method, the computational com-
plexity of solving service placement sub-problems for all BSs
isOs =O0(K Y e Wn).

C. Joint Task Scheduling and Resource Allocation Subproblem

From (LR), the other relaxed part is the joint task scheduling
and resource allocation optimization subproblem, which can be
formulated as

(P3 . Llin;nfz an En ,0 + En (‘) + Vwcﬂﬂ (‘( )fn( )

N M
+ Z Z Nn,mﬂn,m

n=1m=1
(29)
s.t. 02, (14d) — (14f),
(29a)

in which the control strategy includes both binary-valued 3
and the continuous-valued p, f. By analyzing (P3), we observe
that the resource allocation problem can be efficiently solved
once the task scheduling is determined. Meanwhile, the perfor-
mance of schedule decisions can be evaluated accurately only
when the optimal resource allocation scheme is obtained. Hence,
the problem can be transformed into a bilevel optimization
problem [33], in which the task scheduling is regarded as the
upper optimization problem to minimize total cost, and the re-
source allocation optimization problem is optimized at the lower
level to minimize the total energy cost. By fully considering
the dependency, we propose a matching game-based bilevel
optimization algorithm, which involves a matching theory-based

heuristic method for the upper level, and a hybrid resource
allocation algorithm for the lower level. The details are presented
in Algorithm 2 .

1) Heuristic Matching-Based Task Scheduling: Resource
allocation decisions made in lower-level are only related
to Bnu,u € N'UM. With resource allocation p,f and La-
grangian multiplier p, the objective function of the optimization
problem in the upper level can thus be transformed into

N M
mln Zan Eno+ En.c) +Zz,unm5nm
n=1 n=1m=1
+ e fult (1 > 6M>, (30)
ueNUM

where o, = Vi, and 0, . = V9. are constants. For each TD,
the cardinality of the candidate set is M + N, and the overall
scheduling decision space is (M + N)™. However, constrained
by the service availability, communication ranges, delay re-
quirements, and resource capacity, several candidates are not
available. Hence, candidate pruning is necessary to accelerate
the task scheduling in the initialization phase.

Remark 1: For each TD n, all computing nodes ¢ in the
following set F,, is feasible for task scheduling

P foin < Frand T, > e, i€ QU {n},
"\ < Frand i, = DY L€ Qu,
(€2)

where ,‘L“;“ is the minimum computing resources required by
TD n and varies among computing modes. r-;'3* is the maximum
transmission rate of TD n to the helper TD i. D,I};i”;lm is the
minimum transmission delay for TD n to the ES m.

Proof: The detailed proof is shown in Appendix D, available
online. O

Nevertheless, obtaining the optimal solution via exhaustive
search is still impractical due to the unacceptable computational
complexity. To find an effective and low-complexity solution,
we model task scheduling as a many-to-one matching problem,
where each TD is scheduled to at most one node, and each node
can serve many TDs. However, different from the traditional
marriage matching problem where each player has a strict prefer-
ence list over the players in the opposite set, the resource sharing
on computing nodes causes the dynamic preference order to vary
with the matching state, which makes the matching problem
with peer effects becomes more complex [34]. Although the
swap matching game for pursuing a two-side exchange-stable
matching state was proposed to cope with the dilemma, the cor-
responding computation complexity will significantly increase
due to the frequent and redundant swap operations and resource
allocation optimization nested in it. To this end, we propose a
heuristic matching-based method.

First, we define the total cost consumption of each TD as the
utility function to measure the preference of the TDs over the
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nodes in the opposite set, which is given by

anan,??/_% + ounfz’ncKn t), ueWnN,
Unpn~D£\L€[£()C + Hnus ue M,
U= J.

Un,cfn7
(32)

= is a many-to-one matching function from the set A/ to the

unordered set of M UN U {@}, where Z(n) = v means TD n
is matched to the node u, and Z(n) = & means TD n will be
scheduled to the center cloud. To decrease the overall system
cost, the preference list for each TD should be constructed by
sorting utilities in J,, according to the following properties:

UFy(E) =

urp U & UF,(u,®) <UF,(u,Z), (33)
which indicates that TD n prefers u = Z(n) than v’ = Z'(n).

Next, we discuss the process of the initialization and update
of preference lists as outlined below.

Initialization (line 4-7 of Algorithm 2): Given the high cloud
outsourcing cost, we aim to accomplish more tasks in edge
layer and device layer. Therefore, we adopt the lower bound
of computing resources, i.e., ,rL“Ln in Remark 1 , for preference
calculation. It can be represented as

iﬁj—:, u € F,N{n},
CKn
S T FaONAn) gy
e
m7 u e fn n M,

where r® = B, ;log,(1 + i)

i d
min — K
n,i 0-2 and Dm.,n,t - 7Ama:cl +
n,mn
DMEC
n,i,b

.o - Then, the utility can be obtained according to (32),
and the preference lists for all TDs can be constructed.

Update (line 9-13 of Algorithm 2): For cost minimization,
each TD should be scheduled to the node at the top of its
preference list. However, the computing resources of TDs that
match with the same node are coupled with each other. Hence,
TDs should be scheduled in a judicious order to decrease the total
system cost and cope with the peer effects. For this purpose, we
develop two ordering schemes for task scheduling.

e Lowest Cost First (LCF): Aiming to minimize energy
consumption on TDs, the TD with the lowest utility among
all preference lists will always be scheduled first.

e Shortest Feasible set First (SFF): Note that the tasks with
large transmission data size, CPU requirements, and strict
delay requirements require more resources, thus enabling
limited feasible sets and undertaking the risk of high
outsourcing costs. Therefore, scheduling the TD with the
shortest feasible set can effectively reduce cloud outsourc-
ing costs. For the TDs with the same cardinality of the
feasible set, the TD with the lowest cost consumption will
be scheduled preferentially.

After selecting the scheduled TD n and the desired node w,
the matching state will be updated by =Z(n) = w and TD n will
be removed from the unmatched TD set N,,,,,. Considering the
TDs that matched with node w are coupled with each other, the
resource allocation f;, ,, in the lower level can be obtained by
the methods proposed in Section V-C2. At the j;j, iteration, the

Algorithm 2: Matching Game-Based Bilevel Optimization.

——

Input: The current Lagrangian multiplier p in (P3).
Output: The current task scheduling 3 and resource
allocation solution p, f.

1: E(n) = @,¥n € N, unmatched TD set Ny, = N.

2: repeat

3. Initialization:

4: forn € Ny, do

5: Generate feasible candidate mode F,, based on (31).

6: Calculate the utility for each feasible candidate and

build preference list according to (32)—(34).

7:  end for

8:  Update:

9: Remove the TDs with empty preference list from
Num.-

10:  Select the scheduled TD n according to LCF or SFF.

11:  Schedule TD n to the first node u in its preference list.

12:  Update matching state =(n) = u and remove the
scheduled TD from Ny,.

13:  Update the remaining computing resources of u based
on (35), Theorem 2 , and 3.

14: until \V,,,,, = @

15: Convert the matching state = into task scheduling 3, and

obtain the optimal resource allocation p*, f*.

remaining computing resources of u is updated as

Fz =F,— Z f;;,ua

neUy,

(35)

Then, the feasible sets and preference lists of all remaining TDs
should be updated according to (31)—(34). Repeating the steps
mentioned above until the unmatched TD set N, is empty,
the task scheduling and resource allocation decisions can be
obtained according to the final matching state =.

For the heuristic matching game at the upper level, the com-
plexity mainly lies in the preference list construction, which
needs at most N + M operations for each TD. Moreover, the
maximum number of iterations needed for the matching is
N — 1. Hence, the complexity of the algorithm can be expressed
as Oy = O((N — 1)(N + M)).

2) Resource Allocation in Edge Collaboration: According
to the task scheduling 3, the TDs with 3, , = 1,u € M, that
adopt edge collaborative computing, can be further divided into
M individual groups. Let U/,,, denote the set of TDs that offload
their computing tasks to ES m. Based on the aforementioned
parameters definition, the resource allocation optimization prob-
lem of the myj, group is formulated as

(P4) : min Z o " 36)
pf = B,log, (1 + %)
st. (14d) — (141), (36a)

where 0,, = V9, is a constant and varies among TDs.
Lemma 2: The optimal solution exists iff. constraint (14d)
preserves equality.
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Proof: The objective function of problem (P4) is mono-
tonically increasing with p. On the premise of ensuring (14d)
and (14f), the optimal solution can be obtained by gradually
decreasing p. Assume (p,f) as the optimal solution, which
preserves the total delay strictly less than the threshold 7, .
Keep decreasing p until (14d) tends to be equal, the new power
allocation guarantees all constraints, while making the function
value smaller than p. Therefore, it is a better solution than the
optimal (p,f), which contradicts the assumption. Therefore,
there always exists a better solution for any (p, f) that makes

(14d) unequal. O
With Lemma 2 , the optimal f;, ,,, can be rewritten as
o CK, (t) (37)
" Tk, — Dyl — DRPC07)

which is a decreasing function of p},. Then, by substituting (37)
into (14e) and removing (14d), the problem (P4) is reduced
into the optimization of p. According to the constraint (14f)
and (37), the lower bound of the f, ,, can be expressed as
fmm = fn.m(Pp). Therefore, it can be inferred that problem
(P4) has feasible solution iff Zg;"l‘ from < Fy,, which guar-
antees all constraints are satisfied. In the following, we further
discuss two cases.

Case I: If Z‘;’{;’”‘ll fro.m = Fy, the optimal solution of TD n €
U, can be represented as (F,, fnm)

Case 2: If Zl?z'l‘ me < F},, we have the following lemma:

Lemma 3: The optimal solution exists only when the con-
straint (14e) preserves equality.

Proof: Assume (p, f) as the optimal solution when (14e) is
at inequality and all constraints are met strictly. Increasing the
allocated computing resources for some of the TDs until (14e)
tends to be equal leading to lower power allocation. Hence, a
better objective function value will be obtained. g

Based on the analyses above, (P4) can be reorganised as

(U |
— pndK
P4 : min on . (38)
[t |
s.t. Z fn,m (pn) - Fma (383)
n=1
0<pn <Py,n€Up,. (38b)

Theorem 2: By leveraging the Karush-Kuhn-Tucker (KKT)
conditions for the problem P4, the close-formed local optimal
solution can be derived as

pl, = min {max{(ﬁl(kfn/Un),O} P}, (39)
where A, is an unique optimum that satisfies
||
(40)

Z fn,m(p;) = F.
n=1

Proof: The detailed proof and the expression of (,, are shown
in Appendix E, available online. O

According to Theorem 2 , the optimal A;, can be effi-
ciently obtained from A, € (07)1) by leveraging a bi-section
search, where A is a sufficiently large value. Given A}, the
optimal power allocation can be directly obtained by calculat-
ing (39). To achieve the precision threshold 73,2, the method
needs O(logQ(ﬁ)) number of iterations to be coverage.
Within each iteration, the computational complexity can be
represented as O(|Uyy,|), which mainly lies in evaluating (40).
Therefore, the complexity of solving (P4) is less than O, =
O(MN (logy(7/:)))-

3) Resource Allocation in Device Collaboration: Given task
scheduling decision 3, the TDs with 3, , = 1,u € N adopt
device collaborative computing. All TDs can be divided into NV
individual groups served by different TDs, and each of them is
constituted by the TDs with a specific type of service request.
Denote U; as the TD set served by the helper TD ¢, and the
resource allocation optimization problem in the 7, group is
formulated as

s |
nd
(P5) :min Y oy, Pndk, oS e,
p.f n=1 Bn 1Og2 (1 -+ p"a#)
(41)
st (14d) — (14f).
(41a)

Lemma 4: The optimal solution exists iff. constraint (14d)
preserves equality.

Proof: The objective function (41) is monotonically increas-
ing with p,, and f,, ;. Assume (p, ) as the optimal solution to
preserve the total delay strictly less than the threshold 7x . De-
creasing the value of any variable while ensuring all constraints
are met will obtain a lower objective function value. Therefore,
there always exists a better solution for any (p, f) that makes
(41a) unequal. O

With Lemma 4 , the optimal resource allocation for n with
Bn.n =1 can be derived as p;, = 0, f;, ; = ig: , and the power
allocation for Vn € U; \ {i} can be expressed as

52 dKy,
x QB — 1) ,
Pn = (

(42)

where v, = Tk, — SEn s a concave function of fn,i- By sub-

stituting p,, into problem (P5), the original problem is reduced
into the following form:

[edi]

— ) 52 dicy
(P5) : min Zldnvnm (27’759” - 1) + Ui“fz,icKn (43)
[4; ]
S.t. 0 < Z fn,i S E7 (4321)
n=1
(;2 dKy,
( o _ 1) < P,.nel. (43b)
hn,i
Constraint (43b) can be further derived into
CK
n,i Z > ) 44
N TN -

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on April 16,2025 at 09:48:09 UTC from IEEE Xplore. Restrictions apply.



DU et al.: ONLINE SERVICE PLACEMENT, TASK SCHEDULING, AND RESOURCE ALLOCATION 993

D2D _ dr,
n,%,0 (Pn) T Bylogy(14+Pphy,i/62)"

—

where D

Theorem 3: Problem (P5) is a convex optimization problem.
Proof: The detailed proof is shown in Appendix F, available
online. o 0
Based on Theorem 3 , problem (P5) can be solved by adopting
the interior point method as the CVX solver. According to [30]
and [35], the complexity of the interior point method can be
approximated by O(y/a(a + b)b?), where a is the number of
inequality constraints, and b is the variable dimension. Let
I denote the number of iterations required for solving each

—

subproblem (P5), the complexity of solving (41) can thus be
approximated by Oy = O(NI(v/'N + 1(2N + 1)N?)).

D. Performance Analysis

1) Complexity Analysis: The OJSTR algorithm with two
nested loops is operated in an iteration manner. Specifically,
complexity in the outer loop mainly lies in the update of the
Lagrangian multipliers. According to (24), its computational
complexity can be formulated as O(NM). In the inner loop,
computational complexity mainly lies in the service placement
optimization via dynamic programming method and joint task
scheduling and resource allocation optimization by adopting a
bilevel optimization framework. Based on the analysis afore-
mentioned, the overall complexity can be approximated by
Os +0i+ 04 + O..

2) Optimality Analysis: Our proposed OJSTR can provide
the following performance guarantee on time-averaged system
cost and service placement cost queue backlogs:

Theorem 4: Let the infimum time average cost performance
with the overall information as W°P¢, the following conditions
will always hold by adopting the OJSTR for any value of V:

1 X B ,
1 & B+ Vyort
A T i ElQM] < e (46)

where € > 01is a small value that represents the distance between
the time-averaged service placement cost consumption by some
control policy and the cost budget, and B = 1(C2,, + C?) is
a finite constant.

Proof: The detailed proof is shown in Appendix G, available
online. O

VI. NUMERICAL RESULTS

In this section, we present simulations to verify the effective-
ness of our algorithms and analysis proposed in the previous
sections. We consider a hierarchical collaborative MEC system
with a cloud, two ESs, and several TDs. Each ES has a radius
of 200 m [10], and the device communication radius is 30
m [36]. All TDs are randomly distributed over the coverage
region, and the services of interest may differ among time slots.
Considering the service diversity, we set up 10 services with

TABLE I

SIMULATION PARAMETERS
Parameters Value
Communication bandwidth W 2MHz [9]
Backhaul link bandwidth w; ;,7,7 € S 100Mbps [38]
Noise power density o2 -174dBm/HZ
Maximum transmit power of TDs P, 0.1W [10]
Maximum storage capacity of ESs ¢ [10, 20]GB
Maximum CPU capacity of ESs Fj 4, 10]JGHz
Maximum CPU capacity of TDs F; 0.9, 1.5]GHz

[

[
Required storage of service requests [2, 10]GB

[

[

Traffic data size of service requests 0.2, 1IMb

Required CPU cycles of service requests 1% 107, 1 % 10%]cycles
Deadline service requests [0.02, 0.05]s

Energy efficiency parameter x 1027

Long term service placement cost budget C [4,8]

—e— surrogate Lagrangian relaxation
05 —b—suggorate subgradient method
” —e— subgradient method

Distance to the optimum

10 20 30 40 50
Tterations

Fig. 3. Convergence performance of Algorithm 1.

different multidimensional resource requirements, e.g., delay-
sensitive, computation-intensive, and storage-hungry services.
The channel gain is assumed to remain constant within each
time slot but may vary among time slots. Similar to [10], [37], the
channel gain is modeled as h,, ,, = 127 + 30 x log d,, ,,, where
d, 4, 18 the distance between the TD 7 and the computing node w.
The other specific system parameters, including service requests
and network settings, are listed in Table II.

For performance evaluation, we consider the following bench-
marks. Moreover, the performance of all algorithms is evaluated
by simulation implemented on the MATLAB platform, where

the problem (P5) in OJSTR is addressed by the CVX package.
All simulations are performed on a computer with a 2.50 GHz
Core i7 CPU and 64GB RAM.

® Global MEC Computing (GMEC): In this scheme, all
service requests can only be executed at the network edge
for satisfactory service provisioning. Otherwise, they will
be scheduled to the cloud [23], [26].

¢ Global D2D Computing (GD2D): In this scheme, all ser-
vice requests can only be computed locally or assisted by
other TDs in the vicinity. Otherwise, cloud outsourcing will
be adopted as the last resort [15].

e Alternating Optimization-based Solution (AOS): The al-
ternating optimization framework is invoked to solve task
scheduling and resource allocation subproblems itera-
tively, where the task scheduling subproblem with integer
variables is solved by relaxing it as a linear programming
(LP) problem [39].

Fig. 3 demonstrates the convergence behavior of the subgra-

dient method, surrogate subgradient method, and our adopted
surrogate Lagrangian relaxation method by comparing with the
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Fig. 4. Convergence performance of Algorithm 2.

optimal value obtained by the exhaustive search method. For
a fair comparison, we adopt the same objective function value
initialized randomly to update stepsizes considering the unavail-
ability of the optimal dual value in practice. In addition, all
subproblems are fully optimized per iteration in the subgradient
method. In contrast, only one subproblem is solved at a time to
update multipliers in the other two surrogate subgradient-based
methods. Therefore, the required computational effort of the
subgradient method increases multiple times compared with
others during the convergence process. In Fig. 3, we observe
that the surrogate Lagrangian relaxation method achieves supe-
rior convergence speed and accuracy performance. Conversely,
the other two methods exhibit obvious zigzagging during the
iteration process and obtain a relatively worse objective function
value at the end. The reason mainly lies in that our initialized
objective value may be larger than the optimal, thus causing
the upper bound of stepsize to violate condition (9) in [31]
and leading to divergence. Conversely, the surrogate Lagrangian
relaxation method adopts a novel stepsizing design as in (25) to
guarantee convergence without requiring the optimal dual value.

Fig. 4 illustrates the convergence performance of Algorithm 2
with different task ordering schemes, i.e., our proposed LCF and
SFF. For a comprehensive evaluation, we randomly generate 10-
time slots with varying system parameters, including the number
of BSs and TDs. It can be seen that the number of iterations
to achieve convergence will not exceed the number of TDs,
thus indicating its linear convergence even in large networks.
In addition, we observe that the objective function value of (P3)
increases significantly when the number of TDs increases due
to more energy consumption and cloud outsourcing costs for
service provisioning. Benefiting from sufficient service place-
ment and enlarged computing capabilities in horizontal edge
collaboration, the convergence value decreases as the number
of ESs increases as expected. We also observe that the task
scheduling with SFF scheme always performs better than LCF,
especially when the network resources are relatively scarce.
This is because SFF emphasizes minimizing the outsourcing
costs alongside taking into account the energy costs of TDs.
Conversely, LCF only focuses on the TDs with the lowest energy
costs, thereby leading to resource-hungry tasks being scheduled
to the cloud with a higher probability.

Fig. 5 shows the long-term average service placement cost
and system cost of OJSTR with various lengths of time slots

under the different setting of service placement cost budgets,
Dot B Om(D) g Tt Toae ¥a@),
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Fig. 5. Performance of OJSTR versus the service placement budget.
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Fig. 6. Performance comparisons versus the threshold of ES computing ca-
pacity.

respectively. It can be observed that the varying curves of the
average service placement cost gradually become stable, and the
long-term cost budget can always be satisfied. This demonstrates
the effectiveness of OJSTR in decreasing the total system cost
as well as stabilizing queue backlogs over the long run. We also
observe that the system cost can be significantly reduced with
the service placement budget increasing when queue stability
is ensured. This can be explained by the fact that the popular
services are enabled to be deployed on demand when the service
placement budget is large, thereby providing service for more
TDs in a lower cost consumption.

Fig. 6 illustrates the impact of computing resource constraints
of ESs on the performance of system cost. Itis easy to see that the
total cost consumption of TDs decreases with an increase in the
MEC computing resources except GD2D, and GMEC exhibits
the most significant reduction. This is because the dependence
on edge resources for these schemes i.e., GMEC, HCC, and
GD2D, decreases sequentially, and enlarging the computing
power of ESs will provide more superior scheduling candidates
for schemes with high dependence. Moreover, our proposed
OJSTR with SFF and LCF task ordering schemes achieves supe-
rior performance compared to other schemes, which verifies the
effectiveness of the HCC framework. Meanwhile, our proposed
OJSTR can obtain proper scheduling decisions to unleash the
collaboration space’s service provisioning capability fully. By
observing that the SSF scheme reaches a great performance
when F),, = SHZ, while LCF requires F,,, = 8HZ to achieve
relatively equivalent performance, we conclude that SSF en-
ables to achieve excellent system performance with constrained
network resources.

Fig. 7 shows the system cost performance of different algo-
rithms when the number of TDs varies from 10 to 30. Obviously,
the system cost increases with the number of TDs for all schemes
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because more energy and outsourcing costs are consumed for
satisfactory service provisioning. It can also be seen that the
system cost of GMEC is rapidly increasing due to the limited
computing resources and increasing computational load. How-
ever, for other algorithms that invoke device collaboration, an
increase in TDs also provides more idle computational capac-
ity, thereby effectively alleviating the network computing load.
Overall, the algorithms within HCC framework achieve better
performance than GMEC and GD2D. Moreover, the bilevel opti-
mization framework with heuristic matching game outperforms
the AO-based method, i.e., the cost of SSF and LCF schedule
schemes is reduced by an average of 17% and 16.5% compared
to AOS, respectively.

Fig. 8 shows the system cost under different settings of delay
upper bound of service requests. Itis evident that the total system
cost of all algorithms exhibits a substantial decrease when the
delay deadline is relaxed while the task workload and total re-
sources remain unchanged. This is because the feasible schedul-
ing range for all tasks expands, and HCC enhances the resource
utilization of different network layers. Moreover, our proposed
OJSTR-SFF consistently outperforms the others. However, all
schemes except GMEC demonstrate similar performance when
the delay upper bound exceeds 0.05 s. This is because the limited
storage resources and the service placement budget restrict the
deployment of services on ESs, resulting in the underutilization
of computing resources in the edge collaboration plane. In
contrast, HCC can further utilize the service programs and idle
resources in proximate devices, thereby increasing the success
rate of scheduling and reducing overall system costs.

Fig. 9 plots the distribution of device energy consumption
and cloud tenancy cost versus the number of BSs. Here, the
device energy consumption of GMEC under M = 2 and M =
3 are 0.0139 and 0.0205, respectively. According to the cost
distribution of GMEC, increasing BS significantly reduces cloud

1
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[ Cloud tenancy cost, M = 2
[Device energy consumption, M =3
5 || Cloud tenancy cost, M =3

Cost distribution
S - 6w s w o a = e
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Fig. 9. Distribution of device energy consumption and cloud tenancy cost
versus the number of BSs
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Fig. 10. Distribution of requests processing in different layers versus the
number of TDs and requests data size

tenancy costs due to the improvement of the system’s service
provisioning ability. Moreover, it is obvious that significant cost
savings for TDs in both energy consumption and cloud tenancy
can be achieved by increasing the number of BSs due to the tiny
energy consumption for workload offloading in edge computing
mode. We also observe that OJSTRA-SFF and OJSTRA-LCF
can always achieve the lowest cloud tenancy cost and device
energy consumption among all algorithms, respectively. This
is mainly because the SFF scheme preferentially schedules the
TDs with the shortest feasible set, while the LCF scheme pays
more attention to the TDs with the lowest energy consumption.

Fig. 10 shows the distribution of all requests on different layers
under different numbers of TDs and service request data sizes.
This helps us understand the importance of different computing
modes when our proposed OJSTR is used. The data clearly
shows that the proportion of computation at the device layer
increases with both an increase in the number of TDs and
offloaded data volume. This means that device collaboration
is important in meeting service demands when network loads
increase. On the one hand, though edge collaboration provides
computing resources at a lower cost, these resources become
scarce as the number of TDs increases. On the other hand, the
consumed cost and delay for edge computing mainly depend on
the data transmission process, thus a heavier transmission load
leads to poor service quality. Benefiting from the idle computing
resources and communication efficiency of device collaboration,
its powerful potential will be fully unleashed as the network load
increases. Therefore, our proposed OJSTR can provide TDs with
satisfactory services at lower costs in different network scenarios
by effectively leveraging the advantages of the HCC framework.
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VII. CONCLUSION

In this paper, we proposed a novel HCC framework, which
adopts horizontal collaboration in both the edge and device
layer and vertical end-edge-cloud collaboration for serving spa-
tially and temporally changing service demand patterns. To
achieve heterogeneity-aware distributed resource management
and uniform task scheduling cost-efficiently, we investigated
a long-term cost consumption minimization problem by joint
service placement, task scheduling, uplink transmission power,
and computational resources allocation, subject to the long-term
service placement cost budget, multidimensional resource con-
straints, and diverse task deadlines. Given the inability to predict
future network information, we proposed an online optimization
framework for problem transformation and solution derivation,
in which the Lyapunov optimization theory was adopted to
turn the problem into a pure queue stability problem, and a
surrogate Lagrangian relaxation-based two-loop optimization
framework was developed for solving the per-slot problems.
Simulation results revealed that our proposed algorithms have
great convergence performance, and the proposed OJSTR can
efficiently manage network resources in the cooperative space to
reduce the total system cost while ensuring the service placement
budget.

REFERENCES

[1] Y. Mao, C. You, J. Zhang, K. Huang, and K. B. Letaief, “A survey on
mobile edge computing: The communication perspective,” I[EEE Commun.
Surveys Tuts., vol. 19, no. 4, pp. 2322-2358, Fourth Quarter, 2017.

[2] F. Spinelli and V. Mancuso, “Toward enabled industrial verticals in 5G: A
survey on MEC-based approaches to provisioning and flexibility,” IEEE
Commun. Surveys Tuts., vol. 23, no. 1, pp. 596-630, First Quarter, 2021.

[3] Y. Sahni, J. Cao, L. Yang, and Y. Ji, “Multi-hop multi-task partial compu-
tation offloading in collaborative edge computing,” IEEE Trans. Parallel
Distrib. Syst., vol. 32, no. 5, pp. 1133-1145, May 2021.

[4] C.Feng, Q. Yang, T. Q. Quek, W. Wu, and K. Guo, “Spatially-temporally
collaborative service placement and task scheduling in MEC networks,”
IEEE Trans. Veh. Technol., vol. 72, no. 12, pp. 16650-16666, Dec. 2023.

[5] L. U. Khan, I. Yaqoob, N. H. Tran, S. M. A. Kazmi, T. N. Dang, and
C. S. Hong, “Edge-computing-enabled smart cities: A comprehensive sur-
vey,” IEEE Internet Things J., vol. 7, no. 10, pp. 10200-10232, Oct. 2020.

[6] L. Chen, C. Shen, P. Zhou, and J. Xu, “Collaborative service placement
for edge computing in dense small cell networks,” IEEE Trans. Mobile
Comput., vol. 20, no. 2, pp. 377-390, Feb. 2021.

[7]1 Y.Lietal., “Cooperative service placement and scheduling in edge clouds:
A deadline-driven approach,” IEEE Trans. Mobile Comput., vol. 21, no. 10,
pp. 3519-3535, Oct. 2022.

[8] T.Fang, F. Yuan, L. Ao, and J. Chen, “Joint task offloading, D2D pairing,
and resource allocation in device-enhanced MEC: A potential game ap-
proach,” IEEE Internet Things J., vol. 9, no. 5, pp. 3226-3237, Mar. 2022.

[9] Y. Pan, C. Pan, K. Wang, H. Zhu, and J. Wang, “Cost minimization
for cooperative computation framework in MEC networks,” IEEE Trans.
Wireless Commun., vol. 20, no. 6, pp. 3670-3684, Jun. 2021.

[10] Z.Xiaoetal., “Multi-objective parallel task offloading and content caching
in D2D-aided MEC networks,” IEEE Trans. Mobile Comput., vol. 22,
no. 11, pp. 6599-6615, Nov. 2023.

[11] H. Xiao,J. Huang, Z. Hu, M. Zheng, and K. Li, “Collaborative cloud-edge-
end task offloading in MEC-based small cell networks with distributed
wireless backhaul,” IEEE Trans. Netw. Service Manag., vol. 20, no. 4,
pp. 45424557, Dec. 2023.

[12] Y. Cui, V. K. N. Lau, R. Wang, H. Huang, and S. Zhang, “A survey
on delay-aware resource control for wireless systems—Ilarge deviation
theory, stochastic Lyapunov drift, and distributed stochastic learning,”
1EEE Trans. Inf. Theory, vol. 58, no. 3, pp. 1677-1701, Mar., 2012.

[13] W. Chu, P. Yu, Z. Yu, J. C. Lui, and Y. Lin, “Online optimal service
selection, resource allocation and task offloading for multi-access edge
computing: A utility-based approach,” IEEE Trans. Mobile Comput.,
vol. 22, no. 7, pp. 41504167, Jul. 2023.

[14] X.lJiang, F.R. Yu, T. Song, and V. C. M. Leung, “A survey on multi-access
edge computing applied to video streaming: Some research issues and
challenges,” IEEE Commun. Surveys Tuts., vol. 23, no. 2, pp. 871-903,
Second Quarter, 2021.

[15] U. Saleem, Y. Liu, S. Jangsher, Y. Li, and T. Jiang, “Mobility-aware
joint task scheduling and resource allocation for cooperative mobile edge
computing,” IEEE Trans. Wireless Commun., vol. 20, no. 1, pp. 360-374,
Jan. 2021.

[16] J. Peng, H. Qiu, J. Cai, W. Xu, and J. Wang, “D2D-assisted multi-user
cooperative partial offloading, transmission scheduling and computation
allocating for MEC,” IEEE Trans. Wireless Commun., vol. 20, no. 8,
pp. 48584873, Aug. 2021.

[17] X. Wang, Y. Han, H. Shi, and Z. Qian, “JOAGT: Latency-oriented
joint optimization of computation offloading and resource allocation in
D2D-assisted MEC system,” IEEE Wireless Commun. Lett., vol. 11, no. 9,
pp. 1780-1784, Sep. 2022.

[18] H. Xing, L. Liu, J. Xu, and A. Nallanathan, “Joint task assignment
and resource allocation for D2D-enabled mobile-edge computing,” I[EEE
Trans. Commun., vol. 67, no. 6, pp. 4193-4207, Jun. 2019.

[19] W. Fan et al., “Collaborative service placement, task scheduling, and
resource allocation for task offloading with edge-cloud cooperation,” IEEE
Trans. Mobile Comput., vol. 23, no. 1, pp. 238-256, Jan. 2024.

[20] Z.Teng,J. Fang, and Y. Liu, “Combining Lyapunov optimization and deep
reinforcement learning for D2D assisted heterogeneous collaborative edge
caching,” IEEE Trans. Netw. Service Manag.,vol.21,no. 3, pp. 3236-3248,
Jun., 2024.

[21] Y. Zhao, A. Xiao, S. Wu, C. Jiang, L. Kuang, and Y. Shi, “Adaptive
partitioning and placement for two-layer collaborative caching in mobile
edge computing networks,” IEEE Trans. Wireless Commun., vol. 23, no. 8,
pp. 8215-8231, Aug. 2024.

[22] X.Li, X.Zhang, and T. Huang, “Joint task offloading and service placement
for mobile edge computing: An online two-timescale approach,” IEEE
Trans. Cloud Comput., vol. 11, no. 4, pp. 3656-3671, Fourth Quarter,
2023.

[23] K. Poularakis, J. Llorca, A. M. Tulino, I. Taylor, and L. Tassiulas, “Service
placement and request routing in MEC networks with storage, computa-
tion, and communication constraints,” IEEE/ACM Trans. Netw., vol. 28,
no. 3, pp. 1047-1060, Jun. 2020.

[24] J. Li, W. Liang, M. Chen, and Z. Xu, “Mobility-aware dynamic service
placement in D2D-assisted MEC environments,” in Proc. 2021 IEEE
Wireless Commun. Netw. Conf., 2021, pp. 1-6.

[25] K. Li, X. Wang, Q. He, M. Yang, M. Huang, and S. Dustdar, “Task
computation offloading for multi-access edge computing via attention
communication deep reinforcement learning,” IEEE Trans. Serv. Comput.,
vol. 16, no. 4, pp. 2985-2999, Jul./Aug. 2023.

[26] X. Chen et al., “Dynamic service migration and request routing for
microservice in multicell mobile-edge computing,” IEEE Internet Things
J., vol. 9, no. 15, pp. 13126-13143, Aug. 2022.

[27] Z. Xu, W. Liang, M. Jia, M. Huang, and G. Mao, “Task offloading with
network function requirements in a mobile edge-cloud network,” IEEE
Trans. Mobile Comput., vol. 18, no. 11, pp. 2672-2685, Nov. 2019.

[28] X.Ma, S. Zhang, P. Yang, N. Zhang, C. Lin, and X. Shen, “Cost-efficient
resource provisioning in cloud assisted mobile edge computing,” in Proc.
2017 IEEE Glob. Commun. Conf., 2017, pp. 1-6.

[29] S. Bi, L. Huang, H. Wang, and Y.-J. A. Zhang, “Lyapunov-guided deep
reinforcement learning for stable online computation offloading in mobile-
edge computing networks,” IEEE Trans. Wireless Commun., vol. 20,
no. 11, pp. 7519-7537, Nov. 2021.

[30] S. Boyd and L. Vandenberghe, Convex Optimization. Cambridge, U.K.:
Cambridge Univ. Press, 2004.

[31] M. A. Bragin, P. B. Luh, J. H. Yan, N. Yu, and G. A. Stern, “Convergence
of the surrogate Lagrangian relaxation method,” J. Optim. Theory Appl.,
vol. 164, pp. 173-201, 2015.

[32] X. Zhao, P. Luh, and J. Wang, “The surrogate gradient algorithm for
Lagrangian relaxation method,” in Proc. 36th IEEE Conf. Decis. Control,
1997, pp. 305-310 vol.1.

[33] A. Sinha, P. Malo, and K. Deb, “A review on bilevel optimization: From
classical to evolutionary approaches and applications,” IEEE Trans. Evol.
Comput., vol. 22, no. 2, pp. 276-295, Apr. 2018.

[34] W. He, D. He, X. Ma, X. Chen, Y. Fang, and W. Zhang, “Joint user
association, resource allocation, and beamforming in RIS-assisted multi-
server MEC systems,” IEEE Trans. Wireless Commun., vol. 23, no. 4,
pp- 29172932, Apr. 2024.

[35] F. Jarre, “Interior-point methods for convex programming,” Appl. Math.
Optim., vol. 26, no. 3, pp. 287-311, Nov. 1992. [Online]. Available:
https://doi.org/10.1007/BF01371086

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on April 16,2025 at 09:48:09 UTC from IEEE Xplore. Restrictions apply.


https://doi.org/10.1007/BF01371086

DU et al.: ONLINE SERVICE PLACEMENT, TASK SCHEDULING, AND RESOURCE ALLOCATION 997

[36]

[37]

(38]

[39]

X. Dai etal., “Task co-offloading for D2D-assisted mobile edge computing
in industrial Internet of Things,” IEEE Trans. Ind. Informat., vol. 19, no. 1,
pp- 480-490, Jan. 2023.

S. Wang, Y. Guo, N. Zhang, P. Yang, A. Zhou, and X. Shen, “Delay-
aware microservice coordination in mobile edge computing: A reinforce-
ment learning approach,” IEEE Trans. Mobile Comput., vol. 20, no. 3,
pp- 939-951, Mar. 2021.

Q. Yuan, J. Li, H. Zhou, T. Lin, G. Luo, and X. Shen, “A joint ser-
vice migration and mobility optimization approach for vehicular edge
computing,” IEEE Trans. Veh. Technol., vol. 69, no. 8, pp. 9041-9052,
Aug. 2020.

Y. Qu et al., “Service provisioning for UAV-enabled mobile edge com-
puting,” IEEE J. Sel. Areas Commun., vol. 39, no. 11, pp. 3287-3305,
Nov. 2021.

An Du received the BS degree in computer science
and technology from Taiyuan Normal University,
China, in 2019, and the MS degree in computer
technology from Northeastern University, Shenyang,
China, in 2021, where she is currently working toward
the PhD degree in computer science and technology.
Her research interests include edge computing, edge
intelligence, machine learning, and network function
virtualization.

Jie Jia (Member, IEEE) received the PhD degree
in computer system architecture from Northeastern
University, China, in 2009. She is currently working
as a professor with the School of Computer Science
and Engineering, Northeastern University. In 2016,
she worked as a visiting research associate with the
Department of Informatics, King’s College London
(KCL). She has published more than 100 technical
papers on various aspects of wireless networks. Her
current research mainly focuses on HetNets, IoT, and
cognitive radio networks. She is a member of various

international societies, such as China Computer Federation (CCF).

Schahram Dustdar (Fellow, IEEE) is a full professor
of computer science (informatics) with a focus on In-
ternet Technologies heading the Distributed Systems
Group, TU Wien. He is founding co-editor-in-chief of
ACM Transactions on Internet of Things (ACM TIoT)
as well as editor-in-chief of the Computing (Springer).
He is an associate editor of /IEEE Transactions on
Services Computing, IEEE Transactions on Cloud
Computing, ACM Computing Surveys, ACM Transac-
tions on the Web, and ACM Transactions on Internet
Technology, as well as on the editorial board of IEEE
Internet Computing and IEEE Computer. He is recipient of multiple awards: TCI
Distinguished Service Award (2021), IEEE TCSVC Outstanding Leadership
Award (2018), IEEE TCSC Award for Excellence in Scalable Computing (2019),
ACM Distinguished Scientist (2009), ACM Distinguished Speaker (2021), IBM
Faculty Award (2012).

Jian Chen (Member, IEEE) received the PhD degree
in computer application technology from Northeast-
ern University, in 2010. He is currently working as
an professor with the School of Computer Science
and Engineering, Northeastern University. In 2016,
he worked as a visiting research associate with the
Department of Informatics, King’s College London
(KCL). His research interests include intelligent re-
configurable surface (IRS), D2D communication, lo-
cation technology, network management, and signal
and image processing.

Xingwei Wang (Member, IEEE) received the BS,
MS, and PhD degrees in computer science from the
Northeastern University, Shenyang, China, in 1989,
1992, and 1998, respectively. He is currently a profes-
sor with the College of Computer Science and Engi-
neering, Northeastern University, Shenyang, China.
His research interests include cloud computing and
future Internet, etc. He has published more than 100
journal articles, books and book chapters, and refer-
eed conference papers. He has received several best
paper awards.

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on April 16,2025 at 09:48:09 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


