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Abstract—The advent of edge computing leverages large,
distributed infrastructures of edge nodes for executing com-
plex applications. These applications are typically based on the
composition of multiple micro-services. The problem of optimal
allocation of micro-services to the infrastructure is a typical prob-
lem that aims to reduce power consumption and response time.
However, as the workload changes, a trade-off arises between
the need to define new deployments to support the changed
system conditions and avoiding complex re-configurations of the
infrastructure that may negatively impact the system availability
(due to the need to switch on and off nodes and due to the
number micro-services migrations).

We propose an optimization model based on dynamic pro-
gramming that is explicitly designed to reduce the disruption
on the edge node infrastructure by limiting the number of
reconfiguration operations while still guaranteeing the respect
of Service Level Agreements in terms of average response time
for the various applications. Our model considers the co-existence
of micro-services belonging to different applications on the same
nodes as well as the impact of network delays. A comparison with
a naive alternative that defines a new deployment every time that
the workload changes demonstrates that the proposed dynamic
programming approach can reduce the number of infrastructure
re-configurations by at least 75% and the number of nodes
switched on/off by 72%, while still guaranteeing that the power
consumption is close to the minimum and response time can still
satisfy the SLA requirements.

I. INTRODUCTION

Edge computing is a novel paradigm for the execution of
complex applications where the computation is pushed as
close as possible to the users or to the data sources. Mobile
applications for end users can benefit from the reduction in
network latency compared to a cloud-based alternative, while
IoT applications can benefit from the possibility to filter,
aggregate, and pre-process data close to the sensors, thus
reducing the amount of data to transfer to the cloud data
centers.

A typical application designed for edge computing is com-
posed of several micro-services following a mash-up approach.
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These micro-services are sequentially executed in such a way
that the output of a micro-service is the input of the subsequent
one [1]. Orchestrators can either rely on simple strategies
for deployment (e.g., placement with overload avoidance con-
straints [2]) or can aim to define an optimization problem
(either to reduce response time [1] or to minimize power
consumption and/or costs by powering off some nodes [3]).

However, once the deployment has been implemented,
changes in the incoming request flows may determine the need
to continuously adapt the micro-service deployment over the
edge infrastructure. In some cases, this adaption requires a
new execution of the optimization algorithm [3], while other
approaches involve a deployment planning that spans multiple
re-deployment slots in the future [4]. As most micro-services
rely on containerized infrastructures that do not support live
migration like VMs, re-deployment leads to some level of
service disruption. In this paper, we follow a slightly different
approach, formulating a new optimization problem aiming to
minimize the amount of re-configuration to satisfy the Service
Level Agreement (SLA) requirements while maintaining the
power consumption to be as low as possible. In particular, the
main contribution of our study can be summarized as follows:

e We define a model based on dynamic programming to
define how micro-services should be migrated and how
to reconfigure the infrastructure as the workload changes
over time;

« We define two different operating scenarios for the testing
of such problems;

o We test our proposal against a traditional static program-
ming approach, demonstrating our solution’s advantages.

The rest of the paper is organized as follows. Section II
presents the problem of micro-service placement in edge com-
puting outlining the performance and energy models as well as
the static and the dynamic programming models used to solve
this problem. Section III discusses the experiments carried out



to compare the traditional model based on static programming
and our proposal based on dynamic programming. Finally,
Section IV provides some concluding remarks and outlines
the future research directions.

II. PLACEMENT STRATEGIES
A. Problem overview

We now formally model the problem that is at the core of
our research.

We assume to have a set A of applications that are com-
posed of a sequence of micro-services. Let a € A be a generic
application. Application a is composed of a sequence of micro-
services m € M, that must be executed. It receives at time
t requests with a rate \,(¢), and the user-perceived response
time for the application is R,(t). We consider that an SLA
for each application a requires the average response time to
be: R,(t) < TSLA, for every considered time t.

Let M = (J,c4Ma be the set of all micro-services.
Each micro-service m € M composing an application is
characterized by an average service time S, and a standard
deviation o,,, in the execution time.

The micro-services composing the applications are deployed
over an infrastructure of edge nodes e € £. The computational
capacity of each edge node determines a speedup C such that
the average service time of micro-service m is Sy, /C. when
the service is executed on edge node e.

In this paper, we consider that power consumption for an
edge node can be modeled using a linear formulation, where
the power consumption ranges from P, that is, the power
consumption when the edge node e is idle, to PM when the
edge node is fully utilized (as described in Sec. II-C).

We define the micro-service placement problem as a multi-
objective optimization problem with two separate goals:

e Minimize power consumption of the infrastructure;
« Minimize average execution for each application modeled
as a chain of micro-services.

In our problem, we consider time as a discrete sequence
of time slots indexed by t. Placement of a micro-service over
an edge node at time ¢ is represented using a binary variable
Tm,e(t), where zp, (f) = 1 means that micro-service m is
hosted on node e at time ¢, while x,, () = 0 means that the
micro-service is hosted elsewhere. Edge nodes can be turned
on or off. This is represented by a second binary variable
Ye(t), taking the value 1 if the edge node e is turned on and
0 otherwise. Edge nodes that are turned off will not host any
micro-service, that is @, (t) = 0,Ym € M and Ve : y.(t) =
0.

Throughout the paper, we refer to Table I as a summary of
the notation adopted in this paper.

B. Performance model

Let us now focus on a single edge node turned on at time
t. The performance of such an edge node can be modeled
according to queuing theory as in [1]. The service processing
time at node e is an aleatory variable whose probability density

TABLE I: Notation and parameters for the proposed model.

Model parameters

M Set of micro-services

Ma Set of micro-services composing application a
E Set of edge nodes

A Set of applications

Am (t) Request rate to micro-service m at time ¢
Ae(t) Request rate to edge node e at time ¢

Aa(t) Request rate to application a at time ¢

A(t) Global request rate at time ¢

Sm Average service time for micro-service m

Om Standard deviation of S,

Ce Computational power of edge node e

Se(t) Average service time on edge node e at time ¢
oe(t) Standard deviation of S at time ¢

We(t) Average waiting time on edge node e at time ¢
R (t) Average response time for application a at time ¢
T3kA SLA requirement of application a

Om,n execution order of micro-services m, n

de,r(t)  mnetwork delay between edge nodes e and f
P Power consumption of edge node e when idle
pM Maximum power consumption of edge node e

Model indices

e An edge node
a An application
m A micro-service
t A time slot

Decision variables

Allocation of micro-service m to edge e at time ¢
Use of edge node e at time ¢

follows a mixture of distributions related to the hosted micro-
services. The mixture has an average service S.(¢) and a
variance o2(t) defined as:

1 Am
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In Egs. (1) and (2), A.(t) is the arrival request rate on edge
node e at time ¢ defined as Ao (f) = D, c vq Tm,e(t) A (t).

Under the assumption that the arrival process follows a
Poisson distribution, we can apply the Pollaczek-Khinchin
formula to describe the waiting time W, (¢) of an M/G/1
system:

_ Se(t) +o2(t)

We(t) = Ae(f)

2 1= Ae(t)Se(t)

Previous studies [1] demonstrated that this model is accurate
as long as either several micro-services are located on the
same edge node or the coefficient of variation (that is, the
ratio between standard deviation o,,, and mean value S,,) of
the service time of the micro-services is close to 1.

3)



Based on this result, we can describe the response time of
an application a as the sum of: (i) the service times of the
composing micro-services, (ii) the waiting time on the edge
nodes hosting the micro-services, and (iii) the network delays.
We can formalize this result as:

S.
Lot (We (t) + =" > +
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+ Z Om,nTm,e (t)xn,f (t)6e,f (t) 4
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e,feE

R,(t) =

In Eq. (4), 0, is a parameter used to identify consecutive
micro-services in a service chain: o, , =1 < m < n,
meaning that service m is invoked just before n in the service
chain.

C. Energy model

We assume that power consumption P, (t) at edge node e
at time ¢ depends only on the node utilization, with a linear
function correlating node utilization and power consumption
as in [5].

Pe(t) = ye(t)PY + (PM — PO)A(1)Se(t) (5)

The energy consumption of edge node e depends on two
factors: a minimum power if the node is turned on (i.e, y.(t) =
1), and a contribution proportional to the node utilization (that
is Ae(t)Se ().

It is worth noting that, aiming to minimize power consump-
tion and assuming that the edge infrastructure is composed of
homogeneous nodes, the problem can be reduced to minimize
the number of turned-on edge nodes, that is >_ y.(t).

D. Static placement problem

Given the previously described model for the energy and
for the performance of an edge infrastructure, we can define
the problem of the static placement of micro-services over the
infrastructure as follows:

min P(t) = Z P.(t) (6)
ec
. _ o Aalt)
min R(t) = ) A R, (1) (7)
acA
subject to:
D ame(t) =1, ¥meM, (8)
ecé
Ac(t)Se(t) < (1 —€)ye(t), Veeck, 9
Ro(t) < TS Vae A, (10)
Tme(t) € {0,1}, Vme M,ecé&, (11
ye(t) € {0,1}, Ve€&, (12)

The variables describing the state of the infrastructure that
is, @ (t) for micro-service placement and y.(t) for the

power state of the edge node, are the decision variables of
the problem.

Eq. (6) is the first objective function of the problem and is
related to minimizing the energy consumption of the infras-
tructure. The power consumption P, (t) is defined in Eq. (5).
The second objective function, to be optimized as long as the
power consumption remains minimal, is described in Eq. (7)
and refers to the average response time of the applications
(weighted according to their invocation frequency). The re-
sponse time R, (t) is based on the performance model in
Eq. (4). The two objective functions can be combined into
a single objective Obj(t) = P(t)+e- R(t), where ¢ is a small
value and means that the second goal is taken into account as
long as the energy consumption remains minimum.

The solution space of the optimization problem is bounded
by these constraints:

o Eq. (8) forces the allocation of each micro-service to
exactly one edge node;

« Constraint (9) avoids overload condition for every edge
node (A.(t)Se(t) is the load on edge node e at time ?).
They mean that the load must remain strictly below 1
thanks to the arbitrarily small value ¢, but for turned-off
nodes (that is when y.(t) = 0), the load must be 0;

o Constraint (10) captures the SLA requirement of each
service chain. In accordance with the literature [4], we
consider 7214 = K - > e, Sm- where K = 10;

o Egs. (11) and (12) describe the Boolean nature of the
decision variables x,, () and y.(t).

E. Dynamic placement problem

The dynamic placement problem assumes to have a de-
ployment already available at time ¢ — 1 that is described
by parameter Z,, .(t — 1). The incoming request rate at time
t —1is Ap(t —1). At time ¢, the new incoming load is
described by the vector of request rates A,,(t). In this type
of problem, the decision variables concern the changes in the
existing deployment to satisfy the new requirements. To this
aim, we describe the new decision variables in Table II.

TABLE II: Additional notation for the dynamic programming
model.

Status variables

Zm,e(t —1) Allocation of micro-service m to edge e at ¢t — 1
Pe(t —1) Use of edge node e at time ¢ — 1

Decision variables
Zome(t) Migration of micro-service m from edge e at t
ol e (t) Migration of micro-service m to edge e at ¢
Yo (t) Power-down edge node e at time ¢
ya (1) Power-up edge node e at time ¢

The new decision variables x,, .(t), x}, .(t), yo (t), and
yZ (t) can be mapped over the new status of the infrastructure
as follows:



Ye(t) = Je(t — 1) —yo (t) + yl (), Vee&, (13)
Tme(t) = Tme(t — 1) —ap, (8) +af (t), VmeM,eek,
(14)

This model also introduces the following additional con-
straints:

The=> Tme YmeM, (15)
ec& ec&

T o(t) STt —1), Vme M,e€&, (16)

a:;[w(t) <1—Zpme(t—1), VYmeM,ecé,
(17)
The() + 2, (1) <1, VmeMe€k, (18)
ye (1) < et — 1), Ve€E, (19)
Yo (1) <1=ge(t—1), Veek, (20)

In particular:

o Eq. (13) defines the new power status at the edge nodes
as the status of the previous time slot g.(¢ — 1) plus the
newly powered-up edge nodes y (¢), minus the powered-
down edge nodes y_ (t);

o In a similar way the new placement of the micro-services
over the edge nodes described in Eq. (14) states that the
new allocation x,, .(t) differs from the allocation at the
previous time slot Z,, (¢t — 1) depending on the micro-
services migrations x,, .(t), ¥, .(t);

e Eq. (15) states that a micro-service migrating from an
edge node must also migrate to an edge node;

o Constraint (16) states that a micro-service can migrate
only to an edge node, where the service is not already
allocated, while constraint (17) states that a micro-service
can migrate from an edge node only if the service is
allocated on that node;

o Constraint (18) states that a micro-service migrating from
an edge node must not return to that node;

o Constraints (19) and (20) state that only powered-up edge
nodes can be turned off and only powered-down edge
nodes can be turned on, respectively.

Other constraints (such as overload and SLA avoidance) are
inherited from the problem described in Sec. II-D.

The objective function, instead, re-defines the energy-related
objective P(t) as follows:

Paya(t) = > (Wyryd () + W, g (8)+
ec&
+ Y Wa(pe(t) + a7, () +

m,eEM
ec

+szpe(t)

ec&

2n

The first part of the objective function concerns the penalty
for powering up or down an edge node. The weights W; and
W, are weights introduced to evaluate how much disruption
this operation introduces on the infrastructure. We consider

two different weight for the two operations as the power on
of a node takes typically a longer time and is statistically more
likely to fail and cause service disruptions. In a similar way,
the second term concerns the disruption due to micro-service
migration with its weight W,. Finally, the third term models
the actual power consumption of the infrastructure and weighs
equal to W,.

III. EXPERIMENTAL RESULTS
A. Experimental setup

In our experiments, we compare the two previously consid-
ered approaches by means of synthetically-generated traces.
In our tests, we rely on K-Nitro [6] as the problem solver.
The traces are used to create an AMPL model [7] that will
represent the problem instance. Each trace comprises 24+1
vectors describing the request arrival rates to the available
applications. For the computation of energetic values, we
consider each time slot to last for 1 hour so that the whole
experiment lasts for 24 hours. For the first time slot ¢ = 0
the incoming request rate is randomly distributed across the
different applications. Subsequent time slots (¢ € [1,24]) are
described as variations in the request arrival rate from the
previous time slot. The initial problem (that is, for ¢ = 0) is
always solved using the static algorithm, while for subsequent
time slots, the problems are solved using both the static and
the dynamic programming approaches described in Sec. II-D
and II-E.

The edge nodes are considered identical in terms of com-
putational power, and we assume their power consumption
to range from P2 = 200 W when the edge node is idle to
PM = 400 W for full node utilization. These values are
obtained from preliminary tests on a computing node with
an Xeon processor, 32 GB of RAM, and 4 disks in RAID
configuration.

In order to tune our experimental setup, we considered sets
of 3 to 5 applications, where each application is composed of 3
to 6 micro-services. For space reasons, we describe the results
only for the case where we have 3 applications (|.4| = 3), and
each application is composed of 4 to 5 micro-services. For the
sake of simplicity, we consider that while micro-services can
have a significant variance in the service time, the sum of the
service times for each application is constant and equals 10
ms. As a consequence, due to the SLA definition in Sec. II-D,
the maximum allowed response time for an application is 100
ms.

We consider two different scenarios for the evolution of
request arrival frequencies over the different time slots:

o The constant-intensity workload, where the sum of the
different workload intensities for the considered applica-
tions remains more or less constant over time;

o The variable-intensity workload where the global arrival
request rate follows a ramp pattern.

The constant-intensity workload is described in Fig. 1a: We

observe that some applications (e.g., a1) have a request rate
that decreases through time, while other applications (as, as)



ay ag

AL ILTITIIUIHH“J :‘ . IIHH :\
200 ll TIK IT{I

4 o il

<100 -

250

/

freq
« [req

50 ;IlluﬂHTINIIHTHIM

0 5 10 15 20 25 0 5 10 15 20 25
Timeslot Timeslot

(a) Constant-intensity (b) Variable-intensity

Fig. 1: Workload intensity

increase the request frequency over the time slots. How-
ever, The global workload intensity remains nearly constant
throughout the experiment. This means that, while service
migrations can occur over the infrastructure, the number of
powered-on edge nodes should not change significantly over
time.

On the other hand, for the variable-intensity workload
(Fig. 1b), the global workload intensity grows steadily up to
time slot 12 and then decreases. This means that infrastructure
re-configurations that alter the number of active edge nodes are
more likely than in the previous scenario.

Over the remaining part of the experimental evaluation,
we focus on the output of the optimization problem solver.
Specifically, we consider the main performance metrics:

e The energy consumption of edge nodes active at each

time slot;

o The average response time of the applications at each
time slot;

o The number of re-configurations of the infrastructure (that
include micro-service migrations, edge node power-ups,
and power-downs).

For the objective function, we consider the weights of
the contribution to the overall objective in such a way that
W, > I/Vy+ > Wy_ > W,. In particular, an initial round
of experiments to tune the problem suggested that the values
{Wy, WF, W, W, } = {20,10,5,1} are consistent with the
best practices in the management of a distributed infrastructure
and ensure a fast convergence of the solvers. Additional
experiments with weight within 20% of the considered values
provide similar results.

B. Results for constant-intensity workload

As the constant-intensity workload does not require sig-
nificant changes in the computation power supplied by the
infrastructure over time, both the static and dynamic placement
can find the optimal number of edge nodes to keep powered
on to guarantee that the response time satisfies the SLA (we
do not report a figure for this result as it would be trivial).
Referring to Tab. III, we observe that the power consumption
is close to 26 KWh in the range of 24 hours.

The response time remains below the SLA for every con-
sidered timeslot (No figure added for space reasons).

The most notable result is presented in Fig. 2, which shows
the number of re-configurations in each time slot. The color
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Fig. 2: Re-configurations, constant workload

scheme shows again in blue the static placement approach
and in orange the proposed dynamic placement alternative.
Different line styles outline the different changes: dashed line
with round points for the number of migrations, solid line with
square points for power on of new edge nodes; dotted line with
crosses for power down of edge nodes.

Observing the number of migrations (dashed line), we
notice that the dynamic placement approach can significantly
outperform the static alternative with a number of migrations
that is reduced by 94% in our experiments: from 249 to 15
over the time slots (a summary is provided in Tab. III, column
labeled A%).

In a similar way, it is worth noting that, even if the number
of edge nodes powered on is the same for both placement
approaches, the static placement turns on and off roughly
the same, significant, number of edge nodes at every time
slot (the solid and dotted lines are almost overlapped in the
graph). Again, referring to Tab. III, we observe that dynamic
placement can reduce the number of switches by 94% and can
reduce to 0 the number of powered-down edge nodes.

TABLE III: Summary of results

| Static | Dynamic | A %

Energy[Wh] | 26076.0 | 26076.0 0%

Migrations 249 15 94.0%
On 39 3 92.3%
Off 36 0 100.0%

C. Results for variable-intensity workload

We now discuss the variable-intensity workload, where all
the applications gradually increase their arrival rate and then
start decreasing it at time slot 13. We omit the response time
representation for space reason, bu we confirm that also in this
case both algorithms can satisfy SLA requirements.

A slightly different behavior between the two approaches
is shown when we analyze the energy consumption for the
variable-intensity workload (Fig. 1b). In this case, the number
of edge nodes changes over time to follow the global request
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incoming rate. The static approach is more effective in finding
the optimal power configuration on and off-edge nodes that
can minimize power consumption. Referring to Tab. IV, the
energy consumption for the dynamic alternative is roughly
7.4% higher compared to the static one (48.7 KWh vs. 45.1
KWh). However, the power saving comes at the price of a high
number of changes in the infrastructure status. Considering
the number of power-on, power-off, and migration events, we
observe that the dynamic approach can save between 72%
and 75% re-configuration operations compared to the static
alternative (as pointed out in the column A% of Tab. IV),
confirming that it can significantly reduce service disruption
even in a highly dynamic scenario.

TABLE IV: Summary of results

| Static | Dynamic | A %

Energy [Wh] | 45100 48700 7.39%
Migrations 328 81 75.3%
On 59 17 72.0%

Off 56 14 75.0%

IV. CONCLUSIONS AND FUTURE WORK

In this paper, we presented the problem of managing large
infrastructures of edge nodes hosting complex applications
based on multiple micro-services. In particular, we outline
that, as the workload changes over time, the need to re-
configure the infrastructure arises. We propose a power-and-
performance model for the deployment of multiple co-located
micro-services from different applications and we introduce
two optimization problems. The first one, namely the static
approach, re-computes from scratch at every time slot the
optimal placement of the micro-services together with the on-
or-off status of the edge nodes. The second approach relies on
dynamic programming and takes as input the new workload of
the infrastructure and the previous deployment decisions. The
model computes the new deployment that satisfies the SLA and
powers off unused edge nodes to reduce power consumption

but, at the same time, reduces the number of re-configurations
to minimize service disruption.

Our tests carried out on different workload scenarios,
demonstrate that the dynamic programming approach is quite
effective in reducing the amount of re-configurations. The
percentage of re-configurations saved is in the order of 72%
or more while ensuring a power consumption that is at most
7.4% higher compared to the static alternative.

However, this paper is just a starting point for a new research
line. In the future, we aim to carry out additional experiments
to evaluate more workload scenarios to better quantify the
potential benefits of our proposal. We also aim to study in
greater detail the impact of the model parameters, such as
the weights of the re-configuration costs. Furthermore, we
aim to propose and test heuristics for solving the considered
optimization problems.
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