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Abstract. Container-based microservice provisioning, with its elastic-
ity in terms of the layered structure, enables the sharing of common lay-
ers among different edge computing tasks, both within and across edge
servers (ES). However, due to the potential hardware breakdowns, each
ES may prone to failures, affecting its lifetime (i.e., the time-length that
an ES works continuously without interruptions), and in turn leading
to the collapse of their hosted/provided microservices or the other ESs’
microservices requesting common layers from it. Obviously, if such an
issue cannot be well addressed, the reliability of microservices in serving
corresponding tasks may be severely reduced. In this paper, we study
the microservice deployment optimization with layer sharing for maxi-
mizing the system-wide reliability while satisfying all tasks’ delay require-
ments. Considering dynamic task generations and the asynchronization
of various decision variables with different triggers, we design an online
optimization algorithm by leveraging an improved Lyapunov technique
integrating randomized rounding and Lagrangian method, which itera-
tively solves the problem over different timescales. Theoretical analyses
and simulations evaluate the performance of the proposed solution, and
show its superiority over counterparts.

Keywords: Edge computing - microservice deployment - layer sharing -
reliability enhancement - online optimization

1 Introduction

To cope with the sky-rocketing amount of computing services and extremely
high-quality while low-latency user demands, it is desirable to have light-weight
and easydeploying service provision at the edge servers (ESs). This necessitates
an emerging technique, called container-based microservice provisioning [1,2].
Via this approach, multiple containers can share the machine’s operating system
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(OS) kernel and thereby do not require an OS per container, driving higher
efficiencies, suitable for resource-limited edge nodes.

It is worth noting that each container-based microservice is in a layered struc-
ture, which packages all required items, such as runtime tools, system tools, libs
and system dependencies, in different layers [3], while different container-based
microservices may share several common base layers. For example, Cassandra,
JAVA and Python are all based on the same nonlatest Linux distribution layer
of Debian [1]. By such a way, at a minimum, only one copy of the shared com-
mon layer need to be downloaded from the cloud repository to ESs. In addition,
recent studies have revealed that common layers of microservices can be shared
by computing tasks executed on the same ES (i.e., intra-ES sharing) [3] or across
different ESs via distributed file systems (i.e., inter-ESs sharing) [4]. All these
indicate that the microservice deployment problem is essentially equivalent to
the layer placement and loading problems, i.e., which layer should be placed
directly on each ES, and which layer should be loaded by each required ES from
which ESs having already placed this layer.

A key factor which should to be particularly considered in layer placement
and loading problems is that, in practice, each ES may suffer from a variety
of runtime failures caused by potential hardware breakdowns and configuration
errors [5]. This can significantly affect ESs’ lifetime (i.e., the time-length that
an ES works continuously without interruptions), and consequently reducing
the reliability of their hosted/provided container-based microservices in serving
computing tasks. To be more specific, when each task arrives at its associated
ES requesting a certain microservice, it may be scheduled to any ES (including
its associated one) depending on the resource capacities and layer placement and
loading decisions. If an ES crashes afterwards, not only its microservices for the
assigned tasks collapse, but also the other ESs’ mircoservcies loading common
layers from it for serving all other tasks collapse.

How to enhance the system-wide reliability with aforementioned features is
of great importance, while has not yet been studied in the literature. Techni-
cally, such an issue is challenged by the following aspects: i) To maximize the
system-wide reliability of edge computing, it is necessary to jointly optimize
the task scheduling among ESs, layer placement and loading of container-based
microservices, along with the computing resource allocation. Furthermore, since
ESs may encounter failures accidentally, meaning that their lifetime is uncertain,
and tasks may be generated randomly requesting heterogeneous microservices,
all optimization decisions should be dynamically adjusted. This results in an
online optimization and its long-term performance guarantee requires the statis-
tics of future network dynamics, which is difficult to be obtained [6,7]. i) For
each ES, frequent layer placements may cause the storage space fragmentation
[8], while the layer loading, task scheduling and computing resource allocation
are triggered by task generations and ESs’ runtime failures, which need to be
adapted in a much higher frequency. These imply that decision variables in such
an online problem should be optimized asynchronously in different timescales
rather than a single one as those in conventional studies [3].
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To fill the gap of the literature, in this paper, we design a novel two-
timescale online management framework for edge computing with container-
based microservice provisioning, including the optimization of ¢) placing which
layer on each ES in the large timescale, and i) selecting which ES to load which
required layer for each ES and determining the computing resource allocation
and task scheduling in the small timescale. Particularly, we aim to maximize the
long-term average reliability of all microservices in serving computing tasks while
ensuring not only the system stability but also the constrained delay require-
ments and caching capacities. Besides, the uncertainty of ESs’ lifetime and the
randomness of task generations requesting different microservices are taken into
account. To this end, we propose a two-timescale online algorithm based on
modified Lyapunov optimization and stochastic rounding method to decouple
decisions into different timescales and solve them separately. Theoretical analy-
ses show that the proposed solution can well address the original problem with
a low computational complexity.

The main contributions are summarized in the following.

— We formulate a two-timescale online optimization problem for adaptively
determining the task scheduling among ESs, the layer placement and load-
ing of different microservices along with the computing resource allocation
under network dynamics, for maximizing the long-term system-wide average
reliability.

— Taking an equivalent problem reformulation, we propose an online algorithm
based on the improved Lyapunov optimization method, which decomposes
the long-term problem into a series of deterministic ones. Then, we decouple
decisions into two different timescales, and develop an iterative algorithm to
reach a near-optimum.

— Extensive numerical simulations are conducted to examine the feasibility of
the proposed solution, and demonstrate its superiority compared to the coun-
terparts.

The rest of this paper is organized as follows. In Sect. 2, we introduce the
system model and problem formulation. Section 3 presents the detail of the pro-
posed solution along with comprehensive analyses. Simulation results are given
in Sect. 4, followed by conclusions in Sect. 5.

2 System Model

Consider an edge computing system consisting of multiple geographically dis-
tributed ESs, represented by set M with a cardinality of | M |= M, and a
container repository, which is deployed on a remotely located cloud center, that
stores a set £ of container layers for supporting different microservices. Each ES
can host several microservices, and the set of all kinds of microservices can be
denoted by § = {1,2,---, S}, where each of them aims to handle a specific type
of tasks. If an ES intends to serve a certain type of tasks, it has to prepare all
layers of the microservice requested by such type of tasks. This can be done by
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either placing the required layers downloaded from the cloud repository or load
them from other peer ESs having already placed these layers. Let o, (1) € NT be
the amount of tasks that arrive on ES m and request microservice s € S, and
their unit task size (measured by bits) be vs.

Note that, layer placement may not be able to vary frequently in real-time
because of the storage space fragmentation [8]. In contrast, the layer loading, task
scheduling and computing resource allocation require immediate and frequent
responses to accommodate time-varying task generations and uncertain ESs’
runtime failures. To this end, we propose an online optimization framework,
where the layer placement is operated at the large timescale, while the layer
loading, task scheduling and computing resource allocation are operated at the
small timescale. Specifically, the timeline is divided into T' € NT coarse-grained
time frames, and each frame can be further regarded as a combination of K € N*
fine-grained time slots, where the length of each slot is 7. Define t = {0,1,...,T—
1} be the index of the ¢-th time frame, and the index of the 7-th time slot in the
t-th time frame as 7 € T, = {tK,tK +1,...,tK + K — 1}.

2.1 Task Scheduling and Computation

Container-based microservices are often managed by applying container orches-
tration tool (e.g., Kubernetes [1]), which can adjust the microservice menu of
ESs based on the requests of tasks, facilitating a better organization of layer
placement and loading [3,9]. Since the preparation of such miroservice menus
may be complicated and costly for ESs, we introduce a large-timescale vari-
able A% (t) € {0,1} to denote whether microservice s should be added to the
microservice menu of ES m (A2, (t) = 1) or not (A$,(¢) = 0) in each time frame ¢.
This implies that each ES’s microservice menu changes over time frames rather
than time slots, resulting in a relatively small overhead. We represent the task
scheduling decision as variables z;, _.(7) € NT indicating the amount of tasks
requesting microservice s scheduled from ES m to another ES m’ € M. Obvi-
ously, the tasks requesting microservice s from ES m can be scheduled to ES m/’
if and only if m’ has included s in this manu, and thus

b o (T) <A (H)al (1),Vs € S. (1)

m,m’

Here, we do not rule out the possibility that m = m/, i.e.,

Zm’EM Ty (T) = a5, (7), Vs € S. (2)

Furthermore, the transmission delay for the tasks requesting microservice
s € S scheduled from ES m’ to m in time slot 7 € 7; can be calculated as

s,tra _ Tfn/,m("')vs tra . . /
Dy (1) = Ty where 7,7 (7) is the transmission rate between m’ and
m/m

m. Then the maximum delay for ES m to collect all tasks requesting microservice
s from all ESs can be given by D" (1) = max{Df,ifTﬁl(T)},Vm’ € M.

For each ES m, denote pg, (7) € [0,1] as a small-timescale decision variable
indicating the proportion of edge computing resource allocated to tasks request-
ing microservice s € S in time slot 7 € 7;, which should meet the following
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conditions:
> P SLVsES. (3)

Then, for each type of tasks requesting microservice s in ES m, the edge pro-
cessing delay for executing all of them in time slot 7 € 7; can be given by

Dz?;,g (T) — [a;n,(T)“"Zm,’eM(pzs;n(/;y)nf(;)f‘r;n,m/ (T))]Usﬁs 7 Where fsf represents CPU
computation speed (measured by cycles/s) of each ES m € M, f, is the number

of CPU cycles required to complete each bit of these tasks.

2.2 Layer Placement and Loading

Let the large-timescale decision variable d!, (t) € {0,1} denote whether layer
I € L should be placed from the cloud repository to ES m € M (d.,(t) = 1) or
not (d,(t) = 0). It is worth noting that the total amount of layers that can be
cached on each ES m € M is limited by ES m’s caching capacity, denoted by
2¢¢. Therefore, we have

l ca
Zleﬁ d,, (v, < 02 Nm € M, (4)

where v; is the size (measured by bits) of layer | € L. Besides, for each ES
m € M, the layer placement delay DP!(t) can be calculated as DP(t) =
ier dfn( Jur/rEl.(t), where 5% (t) is the transmission rate from cloud to ES

Let the small-timescale variable 9! () € {0,1} be the layer loading deci-
sion of ES m in time slot 7, where 19m .m(7) = 1 indicates that layer [ will be

loaded from ES m’ € M, and ﬁinm,( ) = 0 otherwise. Specifically, a layer | can
be loaded from ES m’ only if ES m’ has placed the intended layer I, i.e.,

Oy (7) < dby (1), VL € L,Ym,m/ € M. (5)

Note that there may coexist multiple replicas of the same layer placed on different
ESs. Each ES m € M can select at most one ES m’ € M (including itself, i.e.,
m =m’) to load a certain layer, i.e.,

Z ﬂm m’( ) <LVvie ‘C7vm7m/ e M. (6)
m’eM

For each ES m € M, the corresponding layer loading delay is introduced in
all time slots, calculated as the maximum delay of loading all required layers

from all ESs, i.e., D!%%(7) = mam{%ﬁm} Vi € L,¥Ym' € M, where 7o (t)

denotes the loading rate between ES m and ES m/ on a wired commumcatlon
link.

For each container-based microservice s € S provided by each ES m, it can
be successfully initiated only if all required layers are completely prepared via
layer placement and loading. That is,

A (D) < di, (8) + Zm’eM Do (7); (7)
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where binary variable ! € {0,1} indicates whether microservice s € S requires
layer | € £ (w! = 1) or not (=} = 0).

Taking into account all above, the total delay for tasks requesting microser-
vice s € S at ES m in each time frame ¢ can be derived as DI (t) =
DPla(t) + > rer, Dins(7), where DPla(t) is the layer placement delay in time
frame ¢, and D;7(7) is the edge execution delay for executing tasks requesting

microservice s in time slot 7, i.e., D&Y¢(7) = DIo%() + Do (1) 4+ Dish (1), con-
sisting of layer loading delay D!%(7), edge processing delay D5 (1) and the

delay to collect all tasks requesting miroservice s, i.e., DfﬂcyhS (7).

2.3 Problem Formulation

The lifetime of an ES refers to the time-length from the point of starting the
operation to that of occurring malfunctions. Following the conventions in the
literature [5], in each time slot 7, the lifetime D!f¢(7) of ES m is defined to be an
exponentially distributed random variable with parameter c¢,, (1) € [¢mi", cmaz],
meaning that Pr(D'%f¢(r) < 4) = 1 — e~ ()7 where v is the length of each
time slot.

Due to the layer sharing, if a certain ES collapses, it can potentially dis-
rupt the availability and the normal operation time-length (i.e., uptime) of all
microservices supported by any of its shared layers. Additionally, since the life-
time of different ESs are independent, the uptime of a microservice on each
ES’s menu actually corresponds to the minimum lifetime of all ESs that provide
common layers to this ES (i.e., all ESs loaded by this ES for acquiring com-
mon layers). Accordingly, the uptime of microservice s € S on ES m € M in
time slot 7 can be expressed as D (1) = min{ D¢ (7)), m' € M'(r), where
M (1) ={m' | 9}, .. (1) =1,m’ € M,l € L} represents the set of ESs loaded by
ES m for acquiring common layers in serving tasks requesting microservice s in
time slot 7. Note that, if the edge execution delay Dgr(7) exceeds DiP’(7), the
microservice for this type of tasks will collapse. Consequently, the probability
that microservice s on ES m collapses in time slot 7, denoted by FJ%! (D& (7)),
can be calculated as

Fleil (D35 (r)) = Pr{D(r) < Dige(r)}

m,s m,s m,s

— life exe
- 1 o Hm’GM/(T) PT{DTVL/ (T) > Dm,s(T)} (8)

=1—e Zm/e/\/ﬂ(f) Cm'(T)Df‘:,‘;(T).

Then, the reliability in serving tasks requesting microservice s at ES m in time
slot 7 € 7; can be computed by REL;, (1) = 1 — FJ®(Dr%(7)),Vs € §,Vm €
M. Taking the average reliability of all microservices over all time frames as the
performance measurement, the system-wide reliability of edge computing can be

defined as
KT-1

L s
R= ﬁ Z7'=0 ZnLEM ZSES RELW (T) (9)
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For maximizing R, we are required to optimize i) microservice manu deci-
sion in any time frame ¢, i) layer placement decision for each ES m in any
time frame ¢, i) layer loading decision for each ES m in any time slot
T € Ty, iv) task scheduling decision in any time slot 7 € 7;, and v) the
computing resource allocation in any time slot 7 € 7;, denoted in short by

Ta(t) = AN, (1), di, (1)}, Tp(7) = {0, (1), P50 (7), 23, i (7)}, Which can be

formulated as
Po : max lim R
Ja(t),Ip (1) T—o0

s.t. (1),(2), (3), (4) -7 (10)

TIE};OTZ D'fr(:ls D'frizlsv
where besides the aforementioned constraints (1), (2), (3), (4)—(7), (10) is the
long-term average delay constraint, in which foj’s denotes a pre-determined
delay threshold of all tasks requesting microservice s.

Solving problem Py is very challenging because constraints (2) and (3) indi-
cate the inclusion of discrete decision variables, while constraints (4)—(7) are
nonlinear, and moreover J4(t) and Jg(7) are operated at different timescales,
making Py become a two-timescale mixed integer nonlinear programming prob-
lem (two-timescale MINLP). This indicates that the traditional Lyapunov opti-
mization method [6,10] is no longer applicable. To address this issue, we develop
a two-timescale online optimization algorithm for joint microservice deploy-
ment, layer placement and loading, computing resource management and task
scheduling (called OMLRC). Specifically, we first decompose the long-term
stochastic problem into a series of deterministic instant problems, each of which
is further decoupled into two subproblems in different timescales. Then, we pro-
pose an iterative algorithm integrating randomized rounding and Lagrangian
method to solve these subproblems.

3 A Two-Timescale Online Algorithm

It can be observed from Py that the delay caused by the layer placement are
on the large timescale, while those caused by task execution (including task
computing and layer loading) are on the small timescale. To facilitate analysis,
we evenly distribute the layer placement delay in each time frame ¢ into all
time slots within this frame. Then, the total delay of ES m € M in serving
tasks requesting microservice s € S in time slot 7 € 7; can be converted to

la
DE! (1) = Dbe*(1) + Dgre(r), where DEV(T) = % represents the layer
placement delay in each time frame ¢ evenly distributed into all | 7; |= K time

slots, respectively. Therefore, we have

min lim F
Ja(t),Ip(7) T—0

s.t. (1),(2), (3), (4) —(7) (11)
. TK-1 to Dih
Tlgréo ﬁ ZT 0 mla ) < K’
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where F = = Zf:TO_l Zle FJo(Dgre(r)). Note that the reformulated prob-
lem P; is equivalent to the original problem Py with exactly the same optimiza-
tion variables remaining in two different timescales.

3.1 Problem Decomposition and Decoupling

First, we define a delay overflow queue to describe the deviation between the
total delay for tasks requesting microservice s at ES m in time slot 7 and the
long-term delay budget. The dynamic evolution of such an overflow queue is as
follows

Q5 (T +1) = [Dl(r) = DY KT* + Q3 (7), (12)

with initial state Q%,(0) = 0. Then, we introduce the quadratic Lyapunov func-
tion: L(O(1)) 2 1% s Ynent Qiu()?, where O(1) = [QL(7),..., Q5% (7)]:
The Lyapunov function serves as a quantitative indicator of the congestion in
all queues, and it is crucial to consistently strive for its minimization to ensure
the stability of the queues. In accordance with [11,12], the conditional Lyapunov
drift can be written as A(O(7)) = E[L(O(t + K)) — L(©(7)) | ©(7)], which
measures the difference of the Lyapunov function between K consecutive time
slots. Intuitively, by minimizing the Lyapunov drift, we can prevent the queue
backlogs from unbounded growth, and thus preserve @2, (7) to not violating the
desirable constraints. Accordingly, the Lyapunov drift-plus-penalty function can
be expressed as Ay (O(7)) = A(O(1)) + V - E[F | O(7)], where V € (0, +00) is
a control parameter. The following theorem gives an analytical upper bound of
such drift-plus-penalty in each time slot 7.

Theorem 1. Let V € (0,+00). For an arbitrary Ja(t), Jg(7),Vs € S§,Vm €
M, the drift-plus-penalty bounded under any possible decisions in any time slot
T can be expressed as

Av B+ 3 B{Q(n)IDEL(1)(O(r) DL /K]|O(r)}+V EIF,
(13)

th
where B = 1[Dl! (max) — DI§ |2 is a positive constant that adjusts the reliability

and the satisfaction degree of the long-term total delay constraints.

Proof. This proof is omitted due to the page limit.

Theorem 1 shows that the drift-plus-penalty is deterministically upper
bounded in each time slot 7 (i.e., the small timescale). Then, with slight
mathematical manipulations, the upper bound of the drift-plus-penalty in each
time frame t (i.e., the large timescale) can also be derived as Ay (O(t)) <
BE+Y pien Yues Yorer BLQ3 (DDIEL (1) = DI /K)|O()}+ V-5, . E[F].
Following the convention of the Lyapunov optimization method, the long-term
stochastic optimization problem P; can be decomposed into a series of deter-
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Algorithm 1: Procedure of JMLO

Initialize: At the beginning of time frame ¢, collect the state information of all
microservice s € S and ES m € M;
Linear relaxation: A% (t) € {0,1} — A% (¢) € [0,1], d',(¢) € {0,1} — d. () € [0, 1];
Obtain {12, (t)} and {d',(¢t)} through linear programming while satisfying the constraints
(4) and (7);
for s € S do
‘ Set an(t) = 1 with the probability A%, (t);
end
for m € M do
Define £ as the set of potential layers to be placed;

if L=0 then
‘ Set d! () = 1 with the probability §;(t);
end
else
‘ Set (ji]m (t) = 1 with the probability &;(¢);
end
end

Output: Solution of Py: AS (t) and d! (t).

m m

ministic instant problem P,, which is given by

Ps min  Gp, s(t
2 Qi Gt

Z ZZ{QS Dtol( ) Dth/K}—l—V ZTET 7

meM seS TeT,

s.t. (1), (2),(3),(4) = (7).

Note that decisions Ja(t) = {5, (), d., (t)} and Tp(r) = {0, .. (1), pi, (1),
T, m(7)} Temain unchanged, and thus problem Pj is still a two-timescale

MINLP. Different from the traditional MINLP problem with single timescale,
decision variables of P, are required to be iterated at two timescales.

3.2 Algorithm Design for Large-Timescale Decisions

Joint Microservice Manu Decision and Layer Placement Optimization
in Time Frame t. Given the current backlogs of delay overflow queues for all
type of tasks requesting different microservices at ES m, as well as the instan-
taneous reliability performance, the problem of making joint microservice manu
decision and layer placement in each time frame ¢ becomes

P;:  min Z Z Q3. (t)[DPl(t) + D)+ V - F

g, (t),dL,
(1), mGM seS

s.t. (1), (4), (7).

In order to solve this integer programming problem P,, we adopt randomized
rounding technique [13] and design a corresponding solution algorithm for joint
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microservice manu decision and layer placement optimization, called JMLO,
which is summarized in Algorithm 1.

First, we relax the constraints of decision variables A, (t) and d., (t) as
As (1) € {0,1} — Xs.(t) € [0,1], d\,(t) € {0,1} — d.,(t) € [0,1]. Then, P
can be solved in a polynomial time by using the linear programming solver, and
we denote {A$,(t)} and {d.,(t)} as the corresponding optimal solutions. Our
remaining issue is to round {\,(¢)} and {d.,(t)} to obtain integer solutions,
denoted by {2 (¢)} and {d. (t)}. First, we round {\% (¢)} to 1 with probability
{A5,(t)}. Then, each ES can obtain the information about which microservices
should be added in its microservice menu in time frame ¢t. Based on {an(t)},
{d,(t)} can be determined as follows. For each ES m € M, denote £ by the
set of potential layers need to be placed. If L =0, ES m will load the required
layers with a probability &%, ()" given by

l Lo if X3,(6) > [Leg (1~ di (1)),
LRI0 R NS A R
[Mez(1—dl (1)’ ’

Otherwise, ES m will place the layer [ € L downloaded from the cloud repository

: Titw 8 1 A
with the probability d,, ((t)" = yROR

Lemma 1. The gap between the solution returned by JMLO, denoted by 73t,
and the optimal solution, denoted by P;, is bounded by Py — PF < A, where

A= Zme/\/l Zses an(t){ZleL ZmeM ﬁzm + D#LG(T)} +V.

Proof. This proof is omitted due to the page limit.

Layer Loading Optimization in Time Slot 7 = tK. In this section, we
fixed microservice manu decision A$ (t) and layer placement decision dqm (t), and
then the subproblem to decide layer loading ﬁfn’m,(tK ) at the first time slot in
frame t, i.e., 7 = tK, as shown below

’

Puc:  min >N Qn (tK) DI (tK) + VF
ﬁm,m’ (tK) meM seS (14)

s.t. (5) — (7).

By relaxing the integer decision variable 9!  (tK) € [0,1], problem P;K

m,m’

becomes a linear program (LP) problem, which can be solved by Lagrangian
tK) to {0,1} by a rounding

method. Finally, set the obtained solution 9
manner.

m,m/(

Task Scheduling and Resource Allocation Optimization in Time Slot
T = tK. Similar to problem P, , the optimal computing resource allocation
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for each MD i at time slot 7 = tK can be obtained by solving the following
problem:

Pt mln >0 QLK) [DE (tK) + Dy (tK)] + VF
o (TP (T) S 55 (15)

s.t. (1),(2),(3).

It is not difficult to verify that ’PtHK is a convex problem, and thus standard
convex algorithms can be used.

Overall Iterative Optimization-Based Algorithm. The overall iterative
optimization-based algorithm OMLRC is described in Algorithm 2. The key idea
is to iteratively optimize microservice manu decision A, (¢)f, layer placement
d. (t)T, layer loading ¥ tK)T, task scheduling tK)T and resource allo-

cation p3 (tK)T, respectively.

mm’( mm/(

3.3 Algorithm Design for Small-Timescale Decisions

In this section, the subproblem to decide layer loading 19m e (7), task schedul-
ing x;,,,(7) and computing resource allocation p;,(7), 7 € 7;,7 # tK as
shown below

Przix © min Z Z Q3 (tK)DS™ (1) +V - F
I (T#LK) meM seS (16)

s.t. (1),(2),(3),(5) — (7).

Algorithm 2: Iterative Algorithm OMLRC
Initialize: Observe the instantaneous queue set @ (t), task generation a3, (7) and
ESs’ lifetime DifE(T); for each time frame t do
Set the initial iteration index j = 1; while |gf:,l’s(t) - gﬂ,;;l(t)\ > ¢’ do
for s€ S, m e M do
Obtain A%, (t) and dl, () by Algorithm 1; for time slot 7 = tK do
With fixed XS, (t) and dl,, (t), obtain @ tK), 7 tK) and

P2, (tK) by solving problem PtK and PtK? respectively;

mm/( mm/(

end
Update the value of delay overflow queue Q2 (¢);
end
Update the iteration index j = j + 1;
end
end

Output: A3, (), dby (&)1, 0L (tK)T, @2, (tK)T, i, (KT,

For time slot 7 € T3, 7 # tK, the microservice manu decision A? (¢) and layer
placement d!, (t) are deterministic, and the algorithm for solving Py is similar

to P;K and P;/K
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4 Simulation Results

Table 1. Simulation Parameters

Param Value Param Value Param Value

K 10 M 10 Vs [0.5,2] Mb
i (t) 5 Mb/s e 50 Gb Cn(7) [0.01,0.5]
ag, (1) 20, 50] et i (t) [10,20] Mb/s fm 20 GHz

vy [1,3] Gb Bs 300 cycles/bit S 10

Simulations are conducted to numerically evaluate the performance of the pro-
posed OMLRC. Table 1 lists the values of main simulation parameters. Further-
more, to show the superiority of the proposed OMLRC, the performances of the
following schemes are also evaluated as benchmarks: ) JMDLS [3]: The layer
placement, layer loading and computing resource allocation are jointly optimized
to improve the edge throughput. However, this scheme is executed synchronously
in a single timescale, and the dynamic task generations and uncertain lifetime
of ESs are ignored. i7) O2TL [14]: The layer placement is decided in the large
timescale, and computing resource allocation are decided in the small timescale.
However, this scheme ignores the layer sharing and task scheduling. iii) EGO
[15]: The dynamic task generations is modeled, and computing resource alloca-
tion is optimized to improve the reliability. However, this scheme is executed in
a single timescale and does not enable layer sharing.

40 f
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=-Proposed OMLRC]| =§U3{’§” OMLRC
* < IMDLS [EoaTL
0o — o2TL 090 ]G0

A\ |/ Wy E 30 EGO B
09 > 08 =
£ |1 255 > =
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Soss M VA e v Wy, Qg = g
© p 3 =
@ S & =
© o V=t 2 o L B
[v=8x10° £ = =
310 = =
el AR A . g =
5 = =
g g
0 — —

4

0 50 100 150 200 1 2 3 4 5 6 4 14
Time Frame Transmission Rate of ES-Cloud (Mbps) ES Lifetime (s)

Fig. 1. The convergence  Fig. 2. Execution delay  Fig. 3. Reliability w.r.t
of solving Po. w.r.t rf,f?c (7). ESs’ lifetime.

In Fig. 1, we evaluate the convergence property of the proposed OMLRC in
solving problem Py while varying the value of parameter V from 10° to 8 x 106.
With time elapses, OMLRC demonstrates quick convergence for each value of
V', leading to a stable average service reliability. This verifies the stability of
the proposed algorithm. In addition, when V = 8 x 106, OMLRC converges
faster than the other benchmark schemes. This can be attributed to the decrease
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in V, which indicates a higher utilization rate of edge resources in the edge
computing system, resulting in reduced execution delay and improved reliability.
Consequently, it becomes necessary to perform multiple iterations between layer
placement and layer loading in order to achieve optimal decisions.

Figure 2 shows the performance comparison of execution delay with respect to
the transmission rate of cloud-ES. As the transmission rate of ES-cloud increases,
the execution delay under all algorithms decrease, indirectly improving relia-
bility. This is because ESs can download the required layers from the cloud
repository at a faster rate, which greatly decreases the layer placement delay
Drle(t). Furthermore, this figure demonstrates that EGO and O2TL have lim-
ited control over execution delay, primarily due to their neglect of container
layer sharing, resulting in frequent preparation of common layers in a single ES
and consequently increasing the delay in layer placement and loading. In con-
trast, OMLRC effectively reduces execution delay by employing a two-timescale
control mechanism for layer placement and layer loading.

Figure 3 shows the performance comparison of reliability with respect to ESs’
lifetime. In this figure, as ESs’ lifetime increases, the reliability also increases cor-
respondingly. This trend can be attributed to the fact that with a longer ESs’
lifetime, tasks requesting microservices can be more easily executed within the
ESs’ lifetime range. Additionally, ESs tend to prioritize layer loading over layer
placement to avoid the placement delay, thereby enhancing reliability. In addi-
tion, we can see from these figures that EGO and O2TL have a poor control effect
on reliability, which is due to its neglect of layer loading among ESs. Although
JMDLS considers layer loading, but its single timescale strategy also fails to
show advantages in the dynamic system. In contrast, the proposed OMLRC
increases the reliability by about 12.4% due to its two-timescale control over
layer placement and layer loading for each ES, in an online manner.

5 Conclusion

This paper delves into a novel reliability-enhanced microservice deployment
problem tailored for edge computing with layer sharing. By establishing a quan-
tifiable relationship between system-wide edge computing service reliability and
the lifetime of ESs, we present a comprehensive investigation of a two-timescale
joint optimization encompassing crucial aspects such as layer placement, layer
loading and task scheduling across multiple ESs. Extensive simulations demon-
strate that our proposed solution exhibits remarkable enhancements.
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