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SPACE4AI-D: A Design-time Tool for Al
Applications Resource Selection
in Computing Continua
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Abstract—Nowadays, Artificial Intelligence (Al) applications are becoming increasingly popular in a wide range of industries, mainly
thanks to Deep Neural Networks (DNNs) that needs powerful resources. Cloud computing is a promising approach to serve Al
applications thanks to its high processing power, but this sometimes results in an unacceptable latency because of long-distance
communication. Vice versa, edge computing is close to where data are generated and therefore it is becoming crucial for their timely,
flexible, and secure management. Given the more distributed nature of the edge and the heterogeneity of its resources, efficient
component placement and resource allocation approaches become critical in orchestrating the application execution.

In this paper, we formulate the resource selection and Al applications component placement problem in a computing continuum as a
Mixed Integer Non-Linear Problem (MINLP), and we propose a design-time tool for its efficient solution. We first propose a Random
Greedy algorithm to minimize the cost of the placement while guaranteeing some response time performance constraints. Then, we

develop some heuristic methods such as Local Search, Tabu Search, Simulated Annealing and Genetic Algorithms, to improve the
initial solutions provided by the Random Greedy. To evaluate our proposed approach, we designed an extensive experimental
campaign, comparing the heuristics methods with one another and then the best heuristic against Best Cost Performance Constraint
(BCPC) algorithm, a state-of-the-art approach. The results demonstrate that our proposed approach finds lower-cost solution than
BCPC (27.6% on average) under the same time limit in large-scale systems. Finally, during the validation in a real edge system
including Faa$S resources our approach finds the globally optimal solution, suffering a deviation of around 12% between actual and

predicted costs.

Index Terms—Cloud Edge computing, Al services, Component placement, Resource selection.

1 INTRODUCTION

Artificial Intelligence (AI) applications and Deep Learn-
ing (DL) are now pervasive. IDC expects overall worldwide
Al Services spending to reach $52.6 billion by 2025, at a
CAGR of 21.9% [1]. The Cloud Computing paradigm sup-
ports the Al development, but cloud resources are far from
end users and Internet of Things (IoT) devices producing
data, which causes long delays. To better support novel
AI and big-data applications, the computation is migrating
towards mobile computing and IoT: having the computing
resources at the periphery of the network reduces latency
and bandwidth requirements while increasing energy effi-
ciency and privacy protection. On the other hand, the lim-
ited capacity of edge devices may prevent them from execut-
ing Al applications requiring heavy processing, particularly
under Quality of Service (QoS) response time constraints.
Therefore, in the emerging computing continuum edge and
cloud computing cooperate for the optimal deployment of
Al applications, whose components are distributed among
devices with highly heterogeneous capacities [2]-[4]. More-
over, since Al applications frequently include Deep Neu-
ral Networks (DNNs) that require a large computational
capacity, partitioning the DNN components is a common
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approach to optimize the resources usage (see, e.g., [5], [6]).

In computing continua, the fragmentation and hetero-
geneity of the available devices (both in terms of com-
putational power and execution costs) make the resource
selection and component placement problems very chal-
lenging. In this paper, we propose SPACE4AI-D (System
PerformAnce and Cost Evaluation on Cloud for Al appli-
cations Design), a tool to tackle these problems at design-
time, where a user is allowed to define multiple candidate
resources. Given an expected load, SPACE4AI-D selects the
resources that will be used in production to serve and Al
inference pipeline with the goal of minimizing the cost and
fulfilling the performance constraints. Each Al application
component is assumed to be a single DNN, which might
be partitioned differently, giving rise to many candidate
deployments.!

SPACE4AI-D develops an efficient Random Greedy (RG)
algorithm, with the goal of identifying the minimum-cost
placement across heterogeneous resources, including edge
devices, cloud GPU-based VMs and FaaS configurations,
under QoS response time constraints. Furthermore, the tool
includes several heuristic algorithms, i.e., Local Search (LS),
Tabu Search (TS), Simulated Annealing (SA) and Genetic
Algorithms (GAs), implemented to enhance the RG solution.

To the best of our knowledge, this is the first work that

1. In the following we will use partition placement and component
placement alternatively.
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considers alternative deployments for the Al applications
components, including different DNN partitions and dif-
ferent resource candidates, with the goal of selecting the
optimal deployment and resources while guaranteeing the
QoS performance constraints.

This paper extends our previous work [3], introducing
the following main contributions:

1) A Mixed Integer Non-linear Program to model the joint
resource selection and components placement problem.

2) We consider both Machine Learning-based models and
queuing theory to predict the performance of the DNN
components and we tackle the optimization problem by
proposing an efficient RG algorithm and several solution-
enhancing heuristics (ranging from LS to GAs).

3) We compare the performance of the proposed algorithms
with the Best Cost Performance Constraint (BCPC) state-
of-the-art algorithm proposed in [7]. Experimental results
show that our heuristics yield a significant cost reduction,
up to 80% with respect to [7].

4) We validate our results on a real system including
Rasperry Pi, Odroid devices, private VMs at the edge,
Amazon EC2 VMs and AWS Lambda functions in the
cloud. The deviations between actual and predicted cost
and time are around 12% and 20%, respectively.

The remainder of this paper is organized as follows.
Section 2 introduces the application and the computing con-
tinuum model considered in this work. Section 3 describes
a running example to illustrate how our approach can be
applied in a real scenario. Section 4 reports the mathematical
formulation of our problem, while Section 5.1 and Sec-
tion 5.2 introduce RG and the other heuristic algorithms we
propose to tackle it. The experimental results are presented
in Section 6. Related works are discussed in Section 7, while
conclusions are finally drawn in Section 8.

2 APPLICATION AND RESOURCE MODELS

In this section, we introduce the general model devel-
oped for our resource selection and application components
placement tool. In particular, we describe the application
model in Section 2.1, we discuss the Quality of Service
requirements in Section 2.2, and we introduce the comput-
ing continuum resource model in Section 2.3. Sections 2.4
and 2.5 introduce the network model and the description
of the system costs, respectively. For the reader’s conve-
nience, all the problem parameters and decision variables
introduced in the next sections are summarized in Appendix
in Table 3 and 4.

It is worth noting we assume that, as in other literature
approaches (see, e.g., [8]-[13]), the input parameters (e.g.,
data exchange size among Al pipeline components, initial
estimates of individual component service demands, net-
work bandwidth) are known and fixed at nominal values,
without considering the influence of data uncertainties,
which is beyond the scope of this paper. The dynamic nature
of some parameters, such as workload fluctuations, pertains
to runtime problems, which we have discussed in detail
in [12]. However, making correct decisions at design time
is critical for addressing runtime problems, as incorrect re-
source selection may prevent runtime tools from effectively
identifying feasible re-configurations, particularly for edge
devices with limited capacity that often become perfor-
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mance bottlenecks if the input workload increases. There-
fore, we consider a fixed peak input exogenous workload at
design time.

2.1 Application components model

As in other literature works ([14]-[17], we model each
application as a directed acyclic graph (DAG), see Figure 1a,
whose nodes represent the application components. We
assume that each component is a Python function which can
run in a Docker container deployed in an edge device, in a
cloud Virtual Machine (VM) or according to the Function as
a Service (FaaS) paradigm. For the sake of simplicity and
according to other literature proposals [18]-[20], we assume
that the DAG includes a single entry point, characterized
by the input exogenous workload A (expressed in terms
of requests/sec), and a single exit point. We assume that
the inter-arrival time of requests, i.e., 1/J, is exponentially
distributed. Moreover, we consider DAGs including only
sequential execution and branches, since, as in [18], we
assume that loops are unfolded (or peeled) while parallel
execution is not supported in this work. We denote the set
of all application components by Z. The directed edge from
node i to node k is labelled with (pi*, §*), where p'* is
the transition probability from component ¢ to component
k, and 8% denotes the size of data transferred between the
components. Each component i € 7 is also characterized
by a total load A’ that depends on A and on the transition
probabilities related to all its predecessors (i.e., all compo-
nents k € Z such that p** > 0). If Prec’ is the set of all
components k executed immediately before ¢, then:

A= Z pFIAR, )
keEPreciCT

Al applications components are often Deep Neural Net-
works (DNNs), which might be partitioned differently ac-
cording to resources capacity and network settings. Thus,
we characterize the components by multiple candidate de-
ployments, where a deployment denotes a set of different
DNN partitions. Each partition can run on a device indepen-
dently. We denote by C? the set of all candidate deployments
for component i € Z. Each element ¢! € C' is defined
as ¢, = {7} tnepi, where 7 denotes a DNN partition.
The set H! is defined as the set of indices h of all the
partitions 7}, in the candidate deployment c{. An example of
Al application component (denoted by i = 1) with its candi-
date deployments is reported in Figure 1. Three alternative
deployments are available: ¢} and c3, characterized by two
partitions and denoted by ¢} = {7}, 73} and ¢} = {73, 71},
respectively, and c}, characterized by three partitions and
denoted by ¢} = {7}, 74, w1}, In this setting, we will define
HE = {1,2}, H = {3,4}, and H} = {5,6,7}. Without
the loss of generality, generic Python code not running an
Al inference function (implementing, e.g., intermediate data
transformation or processing) can be modeled with a single
deployment including a single partition.

Alongside p** (which is related to the transition from
component ¢ to component k), we introduce a parameter
Pje to define the probability that partition ¢ is executed just
after partition ;. Mechanisms as early stopping [5] entail
that not all the partitions in a deployment are necessarily
executed, which dictates the necessity of defining the prob-
ability of actually move from one to the other. Similarly, we
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(a) DAG of components.

(b) Component 1

(c) Candidate ci

(d) Candidate ¢} (e) Candidate c}

Figure 1: Example of Al application component DAG with its candidate deployments

define 5}15 as the size of data transferred from 7} to Wé, and
we introduce the load 5\2 as:
v > ﬁé,}xé if Prec, # 0
A, = réeprec; )
Y otherwise,

where Preci denotes the set of all partitions preceding
T}, i-e., the set of all partitions 7¢ such that pg;, > 0. Note
that, due to the definition of deployment, Prec;, is either a
singleton set or it is empty, if 7} is the very first partition
in component i. In the latter case, }L corresponds to the
component load A*.

Finally, each partition 772 of component ¢ € 7 is, charac-
terized by the memory requirement 1}, (expressed in MB).

2.2 Quality of Service requirements

The main QoS requirement we consider in our system is
the response time. For each component ; € 7, R denotes
the expected response time. This includes the sum of the
response times R}, of all partitions 7}, in the chosen deploy-
ment, plus additional terms due to network transmissions,
as will be detailed in Section 2.4 and Section 4.2.

We define execution paths as sequences of application
components, going from the entry point to the exit point of
the DAG. The set of all execution paths ep in the DAG is
denoted by £P. We also define a path P as a set of consec-
utive components included in an execution path ep € EP.
We denote by Rp the response time of each path P C ep.

QoS requirements may be imposed on both the response
time of a single component and the response time of all
components included in a path. Formally, we define local
constraint an upper bound threshold LR; for the response
time of an individual component i € Z. We characterize the
set of local constraints as:

£C ={(i,LR;): i € Z, R" < LR;}. 3)

Similarly, a global constraint is a threshold GRp for the

response time of the set of components included in a given
path P. The set of global constraints is:

GC ={(P,GRp): PCep, ep€EP, Rp < GRp}. ()

2.3 BResources general model
Computing continuum resources include devices located
in the edge, cloud Virtual Machines (VMs) and Function as
a Service (FaaS) configurations. FaaS is a category of cloud
computing services where functions are executed transpar-
ently in Docker containers [21]. According to the underlying
container status, there are two types of requests in FaaS: hot
requests and cold requests. When a user invokes a function,
the FaaS paradigm keeps the container running for a certain
expiration time after the function execution (this time is
provider-specific: according to the experiments performed
in [22], the expiration time is about 10 minutes in AWS

Lambda, Google Cloud Function and IBM Cloud Functions,
and about 20 minutes for Azure Functions). If another
request is raised before the shutdown, it is served instan-
taneously (hot request). When there are no hot containers
available for the new incoming request (cold request), the
provider has to bring up a new container, which causes
a delay between the function invocation and execution
(however, users do not pay for the resources during the
delay).

We define different computational layers, including edge
or cloud resources. The first layer includes local devices
generating data (such as drones, as in the use case discussed
in Section 3). The second layer is usually located at the
edge and includes more powerful resources as smartphones,
PCs or edge servers. For what concerns cloud resources, for
the sake of simplicity, we assume that all the VMs come
from a single cloud provider catalogue. The VMs selected
at a given layer are homogeneous and evenly share the
workload due to the execution of one or multiple partitions.
If VMs with GPUs are available, we limit our selection
to those characterized by a single GPU. Indeed, according
to the current pricing models [23]-[25] costs and inference
performance scale linearly with the number of GPUs, thus
relying on such configurations improves the whole system
availability. Finally, we include all FaaS configurations in
the same layer, because each function runs on its own
container independently. Each partition can be executed on
FaaS configurations with different memory settings.

We denote the set of the candidate edge nodes by Jz =
{1, ..., E}}, the set of the candidate VM types in the cloud
provider catalogue by Je = {E + 1, ..., E + C}, and the set
of all Faa$ configurations by Jr = { E+C+1, ..., E+C+F}.
Consequently, the set of all candidate computing continuum
resources will be denoted as J = Jg U Jc U J*.

For each Edge or VM resource j € Jg U Jc, we denote
by n; € N the total number of instances that can be selected
in the placement. Moreover, for each partition 7 in all the
candidate deployments c% characterizing component i € Z,
we need to determine the compatibility with the available
resources, i.e., we need to determine if a device j € J
can be used to execute 7T}iz. To achieve this, we introduce
a compatibility matrix A = [aj ;] defined as follows:

i 1, if partition 7}, can run on node j € J
@hj = 0, otherwise.

©)

2.4 Network model

Communications in the computing continuum are en-
abled by a set D of network domains connecting edge de-
vices with each other and with the remote cloud back-end.
Each d € D is associated with a given technology, character-
ized by the access time a? and the bandwidth B¢. Resource
layers are included in, possibly, multiple network domains.
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For each network domain d, we define \° D = {l,---
as the set of layers included in the network domain.

’ lnd}

To properly evaluate the response time of components,
we need to compute the network delay due to data transmis-
sions between consecutive partitions executed on different
devices belonging to the same network domain d € D,
depending on a?, B? and the amount of transferred data
(see, e.g., [8]). Moreover, the network transfer time between
consecutive components is needed to correctly evaluate the
global execution time of a path, as detailed in Section 4.3.

Note that, given the gap between edge communication
and cloud back-ends network performance, we can usually
neglect the network delay in cloud since all VMs and all
function instances are executed in the same data center.

2.5 System costs

The computing continuum resources are characterized
by different costs. The costs of edge devices are amortized
costs estimated for the single run of the target application
(considering, e.g., the sum of the investment cost amor-
tized along the lifetime horizon of the device, and the
yearly management cost divided by the number of times
the application is executed over a year). In the cloud, we
consider hourly costs for the VMs, while FaaS costs are
expressed in GB-second (see the AWS and Azure pricing
models [24], [25]) and depend on the memory size, the
functions duration, and the total number of invocations.

When the FaaS paradigm is considered, an additional
cost might be incurred for each invocation: some providers
(see, e.g., AWS Step Functions [25] and Azure Logic Apps [24])
offer a serverless orchestration service that allows users to
combine AWS Lambda functions to build their business ap-
plications. In that case, a state transition cost is introduced to
account for the message passing and coordination between
two successive functions. Note that, with some third-party
frameworks (e.g., SCAR [26] or OSCAR [27]) the orches-
tration can be supported by an architectural component
avoiding transition costs.

3 A RUNNING EXAMPLE

To motivate our work, we investigate a use case related
to the maintenance and inspection of a wind farm where the
damages in wind turbines blades is identified in a comput-
ing continuum, based on images collected by drones. The
application software is characterized by multiple compo-
nents, consisting of DNNs that can be executed locally (on
the drone, or on operators” PCs, or on local edge servers
in the operators’ van) or remotely in the cloud (in a VM
or through FaaS). The set of components is illustrated in
Figure 2 and can be executed overall on four layers. The
dotted arrows connecting each component to the different
resources denote the corresponding compatibility (i.e., they
correspond to the elements of the compatibility matrix).

As an initial step, a drone with entry level or mid-range
computation board (which configuration to buy is a decision
that is taken by SPACE4AI-D), controlled remotely by a
human operator, takes pictures of the wind turbine. Images
are processed in batches and define the incoming workload
A. Each batch of pictures is subject to a first exposure check,
identified in Figure 2 as component C;, which determines
if the image quality is sufficient for further processing. If
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not, the component, which is executed directly on the drone,
triggers the acquisition of new images.

All pictures that pass the first check are subject to a
second test, which is the preliminary analysis of the images
(e.g., identifying if it is a part of the blade or not), imple-
mented by Cy, while C identifies the parts and the position
of the image elements on the blade. These components re-
quire a significant amount of computing and storage power,
but executing them at the edge may help in reducing the
time needed to complete the maintenance and inspection
process, if further data are needed to better identify the
damages. C4 is denoted as damage-free check and, as the
name implies, checks if the inspected part is damaged or
not (and in that case the computation can stop). Finally,
Cs is responsible for classifying the damage. Since these
two last components need heavy computation, they are
always performed in the cloud. Cloud resources are based
on VMs and FaaS. The four computational layers belong, as
described in Section 2.4, to three different network domains.
In particular, drones and all edge resources communicate
through a Wi-Fi network. Virtual Machines and the FaaS
resources in the cloud are connected via a fiber optic net-
work, while information are transferred from edge to cloud
resources through a 5G network.

All components can, in principle, be characterized by
multiple candidate deployments. E.g., for component Cy
we consider two deployments as in Figure 3: ] and cj are
both characterized by two network partitions, with different
computational loads and early-stopping probabilities. We
assume that, in both cases, the first partition is preferably
executed on edge resources, while the second in the cloud.
Moreover, the early-stopping probability in the second de-
ployment will be higher, since, in that case, most of the
computation is executed in the first partition. If no damages
are identified, computations will solely occur at the edge.

4 PROBLEM FORMULATION

This section presents the mathematical formulation of
our problem: Section 4.1 introduces decision variables and
placement constraints; the performance model is described
in Section 4.2; Section 4.3 illustrates how we model the
network transfer time, and QoS constraints are defined in
Section 2.2. The system costs are modeled in Section 2.5,
and the complete model is finally presented in Section 4.6.
4.1 Decision variables and allocation constraints

The resource selection and component placement prob-
lem we tackle in this paper is formulated as a Mixed Integer
Non-Linear Programming (MINLP) optimization problem,
aiming at minimizing the deployment cost at design time,
while satisfying local and global QoS requirements for an
Al inference pipeline.

We define the assignment decisions (i.e., we characterize
which resource is selected at each computational layer,
which candidate deployment is selected for each component
and how the corresponding partitions are assigned to the
available devices), by introducing the binary variables:

1 ifnode j € J is used
T3 = {O otherwise, ©)
i { 1 if deployment . is selected for component i € Z
®7 10 otherwise,

@)
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Figure 2: A Use case of identifying wind turbines blade damage.
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Figure 3: Candidate deployments of component Cy
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i )1 if partition 7}, is deployed on node j € J
Yri =3 0 otherwise.

Note that exactly one deployment c. must be selected
for each component ¢, which can be expressed as follows:
> zi=1 Viel
siclect
Moreover, only one resource can be selected at each
physical and virtual layer, namely:
daj=1 VI L' CTUT
ject
Once a deployment ¢! is selected, we can assign the
corresponding partitions to the most suitable resource. To
assess the compatibility of the selected device, we prescribe:
yh; <ah;  Vi€Z,VheH., Vs:chec. (11)
Moreover, the assignment variable y;lj can be raised to
one (i.e., a given partition 7}, can be assigned to a device j)
only if the partition is included in the deployment selected
for component . This can be prescribed by setting:

Vi€, Vh e H;, Vs e, €C. (12)
Finally, each partition must be assigned to a single re-
source, which can be expressed by the following constraints:
> yhj=1 VieI VheH, Vs:ic,eC.  (13)

jeT

Note that the maximum number of partitions that can be
co-located in each device j is limited by the available mem-
ory M. Let 1}, be the memory required by partition 7}, as
described in Section 2.1. The total memory requirement on
device j € J can be defined by summing the contribution
of all partitions possibly executed on j, which entails:

DD Dty <My ViEJ,
1€L s:cleCt heH}

Finally, requests cannot move back from cloud to edge.
This means that, if a partition F;L is executed on cloud, the
next partitions wg in all the subsequent components must
not be executed on edge. Thus, we impose:

®)

©)

(10)

7 i
yhj S Zs

(14)

ﬁ%gy;‘m‘ < Z yév VieI, Vs:c el
veEJcUITF
Vh EHL, Vi ETeUTr (1)
p““yij < Z yfv VikeT,s:c ec,

veETcUITF

Constraints (15) enforce that, for each component, if a
partition is allocated on Cloud, the subsequent partitions do
not run on an Edge device. Constraints (16) enforce that,
if a component has a partition running on Cloud, all the
partitions of the next components must run on Cloud.

4.2 Performance Model

This section discusses the performance models that we
used to characterize the response time of partitions executed
on different resource types. Specifically, response times on
edge nodes and cloud VMs (Section 4.2.1) can be modeled
by relying on the queuing theory (as in other Edge-Cloud
systems research works[8]-[11]) or estimated through Ma-
chine Learning (ML) models that adopt component load,
the total number of used cores or some variants as a fea-
tures (see [28]-[30]). For FaaS configurations, we rely on an
external tool proposed in [31] (see Section 4.2.2).

4.2.1 Edge Nodes and Cloud Virtual Machines

For each computational layer [ including edge resources
or cloud VMs, we denote by Dﬁj the demanding time to
run a partition 7¢ on a node j € £! C Jz U J¢, ie., the
average time required to run 7j, on node j without resource
contention (a single request to execute component : is served
by the node, see [32]). As mentioned in Section 2.3, we
denote by n; the maximum number of instances of device j
that can be selected in the placement (e.g., associated with
reserved instances [24], [25], [33], [34]), and we introduce a
variable 7 ,; to count the number of instances assigned to a
partition 7. Note that, by assumption, the load is shared
evenly among all devices used to run a single partition.
Moreover, we define §; as follows:

p=_  omax (Gy) YWeTUZ 7
Vi€eZ, s:icteC?, heH

If, as in [8], each edge node and cloud VM type is

modeled as single server multiple class queue system (i.e.,

as an individual M/G/1 queue), the response time of a

partition 7} possibly deployed at the edge or cloud in any

device j € £! C Je U Jc can be computed as:

N Dj iy
R! — —hgghy 18
-y (P, as)
1L CTg jeLt
where Uj is the utilization of device j, defined as:
S ker Looiek ek et DEYEAE
U = keT ickeck Zugenk FE59¢5 f' (19)

Y

We further need to prescribje that, if any partition is
executed on a device j, this is not saturated, i.e., that
the equilibrium conditions for the M/G/1 queue hold. In
particular, this is equivalent to prescribe:

U, >0 = U; <1, (20)
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which can be written as:

yh] + MC(]- - yh]) >0

Un; + Mc(1 yh]) >3 2 X Alngyfj 1)
k€L g:ckeck cerk
:/yvaLj < Mcyiy

where M¢ is a “large enough” constant.

If, vice versa, the response time of a partition is estimated
by relying on ML models, then R} can be expressed as
a black box R} = f(/\h,yhj) where f(-) is a non-linear
regression function (see also [30] and Section 6.4).

4.2.2 Function as a Service

We denote by dl "9 and dl <! the execution time of a
hot and cold request for partltlon 7} on a Faa$ configuration
j € LY C Tr, res_pectlvely Moreqver we define the average
execution time dj,; of partition 7}, on function configuration
j € L' C Jr, which depends, as discussed in [31], on
dl ot dl cold " the expiration threshold and the arrival rate

of functlon J, that is equal to the incoming workload )\ of
the partition ¢ running on the function.

According to these definitions, we can write the response
time of every partition 7}, possibly running at the function
j € L C Jr as follows:

2

R, =
LLICTF,jeLt
where di . is computed relying on the tool proposed
in [31]. In that research work, a continuous-time Semi-
Markov Process is leveraged, which allows to achieve a
percentage error of about 10-15% (which is accurate enough
for design-time decisions [32]).
4.3 Network transfer time
As mentioned in Section 2.4, to evaluate the global
execution time of a component i € Z we need to com-
pute the network delay due to data transmissions between
consecutive partitions. To estimate this, we introduce, for
each pair of partitions (7}, 71'2) in component 7, and for each
network domain d € D, the binary variable whg, which is 1
if 7}, and 712 are consecutive (i.e., ]5%5 > 0) and are executed
on different devices in the same network domain d.
Thus, we obtain the list of network domains that can
support the data transmission between the two part1t1ons
Whg—{deD yhj—l ysr—l V],TGZ/IC} (23)
where U£? is the set of resource indexes included in the
network domain d € D, namely:
uct= | J c'.
N leNDd
Note that W,ﬁg is empty when the resources assigned
to the two partitions do not have any shared network
domain, otherwise it contains at least one domain (if the
partitions assignment are compatible according to matrix
A). The network domain exploited for the communication
is denoted by the variable ngr defined as:

dijyiﬁ (22)

(24)

. 5h§ ) ip T
y argmin (a + == if Whe #0
Whe = dewj, B (25)
0 otherwise,

Since there is not any network delay between two par-
titions running on the same resource, we define binary
variable fy¢ to characterize if two partitions 7}, and 7r§ are
located in the same resource as follows:

1 if yiy =1, ver = 1,5 # 1,
Vi,k € Z,s:cheCo:chech,
h€Hi 6 € My Vir € {Je U e}
0 otherwise,
where i and k can be the same or different components.
This allows us to express the network delay between the
pair of partitions (;,, m¢) such that p;, > 0 as:

- ahe + 6h§ Tre
th§ = Bwhg

00 otherwise.
Therefore, taking into account early-stopping probabili-
ties of the partitions, the overall intra-component expected
delay for component 1 is:

IHi-1 / n

i ~i i

t = E Dijkjir | Uonknys .
n=1 \j=1 U Ui LY, R

On the other hand, to compute the response time of a

path P, we also need to define the network transfer time
due to data transmissions between consecutive components.
Note that the data transmissions between component i and
k happen between the last executed partition in component
i (which vary due to early stopping) and the first running
partition of component k.
As before, indicating with 7}, the partitions of component i
and with 7Té€ the first partition of component k, we define
the list of network domains that can support the data
transmission between the two components as:

Wit ={deD:y,; =1, %;:1Aa§:1,vﬁreucﬁ.a&
We define the variable wh5 as:

fre =

if whe #0 26)

(27)

ik
" argmin(a + 0 d) if Wig #0
Whe = dew;k B (29)
0 otherwise,

and characterize the network delay between all the
running partitions of component i and the first partition of
component £ as:

o 6
ik hs + Lk fh§
the = W

00 otherwise.
Eventually, the overall expected transmission delay be-
tween component ¢ and component k reads:

if wi # 0

(30)

==t s

~7 ik
pznwnt;ng)}

4.4 Local and global QoS constraints

As mentioned in Section 2.3, given the definitions in
Equations (18) and (22), as well as the network transfer time
defined in Equation (31), we can compute the response time
R’ of a specific component i € T as:

(H ﬁi;km ) R;CnJrl

j=1

[HE

> (Tt

n=2 “j=1 IHE]

(v}

'H1 21—1 ak=1

€]

7|1

R' = th.
ey E i 7+
n=1 {kn }" 1 EHg

z*l

32)
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The first term corresponds to the execution time of the
first partition in the selected deployment, while the second
one represents the total transfer time among such partitions.

If we consider any path P, i.e., any sequence of com-
ponents, the relative response time Rp can be defined as

follows: By = ZRi N Z g
i€P i,k€ Prizk
where the first term represents the response time of all
components in the path and the last one denotes the net-
work delay due to data transfer operations among different
components. Note that, contrary to the approach adopted
for the components, we do not compute the expected path
response time by using components execution probabilities.
Instead, we define Rp as the algebraic sum of the response
time of the components forming the path. This yields a
conservative estimate of the actual path response time.

In order to guarantee QoS requirements of the appli-
cation, we can define global response time constraints for
the different paths, as mentioned in Section 2.1. This means
setting a threshold GRp and prescribing:

(33)

Rp <GRp VY (P,GRp)€gcC. (34)
We can also prescribe local constraints thresholds for the
response times of single components, as follows:
R'<IR;
4.5 System costs
As introduced in Section 2.5, edge devices are charac-
terized by the estimated amortized costs for the single run
of the target application, cloud VMs are characterized by
hourly costs, and FaaS configurations costs are expressed in
GB-second. To compute them, we denote by 1" the overall
time an application is active for a single run, and we assume
that T is less than or equal to one hour.
The execution cost of all edge devices is defined as:

B
Cg = E cj xj,

JjE€Te
where c]E is the amortized cost of the edge device j € Jg,
while the total execution cost on VMs can be computed as:

Ce = Z 5 s,

VSV
where cjC and §; denote the hourly cost and the maxi-
mum number of running VMs of type j € J¢, respectively.
Let cif be the GB-second unit cost for executing 7}, on
the FaaS configuration j € Jr. FaaS total costs depend
on memory size, functions duration, and total number of

invocations. The execution cost of the FaaS layer is:

Cr=>_ > 3 > eid " yi M T
1€T s:cleCl heH: JETF

Note that the cost of the used memory is embedded in
cif Indeed, as mentioned, d;;;m is inversely proportional

to the memory 7}, allocated to partition 7}, (see [7]).
According to some FaaS providers (see, e.g., [24], [25]),
we need to introduce a state transition cost, denoted here
with ¢?, to model the additional charge for the message
passing and coordination between two successive functions.
If, however, the orchestration is supported by an architec-
tural component (see, e.g., [26], [27]), this cost is set to

Y (i, LR:) € LC. (35)

(36)

(37)

(38)

7

¢ = 0. Without loss of generality, we can thus formulate
the transition cost as:

Cr = Z Z Z Z cTy}LjS\lhT.
1€T s:cleC? heHL JETF

Given that the size of tensors between layers is usually

small (e.g., in the widely adopted YOLOVS it is at most 6MB

[13]), we assume the cloud provider cost for the data transfer

is negligible. However, our model can be easily extended to

account for data transfer costs. This extension would involve

incorporating a cost for the network domains that would

be non-zero only for wide area network connections (e.g.,

5G) and would include network and cloud provider data
transfer costs.

4.6 Optimization problem
The optimization model proposed in this work aims at
describing an edge/cloud component placement problem
for an Al inference pipeline, whose objective is the mini-
mization of the total application execution costs.
The Mixed Integer Non-Linear Programming (MINLP)
formulation of the problem reads:
minCg +Cc + Cr + Cr

(39)

(P1a)
Subject to:
©), 1), (12), (13), (14), (15), (16) (21), (34), (35) and

vh; < 5 VieTI, s:ciec’, heH, jeJ, (Pb)

Th; < 0 VieT, s:c.eC heH, jeTeUTe, (Pl

Yy < Tny Vi€ s:cieC heMH,, jeTeUTe, (Pld)

Ty < nyy; VieT, s:cieC,heH, jeTeUTce, (Ple)

gj < njx; Vj € Je UJce, (Pl
ST oap =1 Vi e I, (Plg)

s:ctect

hE’Hi

Uhy 05 €N VieZ, s:clec, heH, jeTeuTe, (Plh)

yhs i ap € {0,1} celec, het, jeTeuTe. (PL)
Constraints (P1b) bound the allocation of components
to the devices. Constraints (P1c) bound the number of allo-
cated VMs to the maximum number of running VMs of type
j, while Constraints (P1d) avoid running a component on
VMs that are not assigned to it. Constraints (Ple) guarantee
that the number of VMs of type j assigned to a component
does not exceed the maximum available number n;, and
Constraints (P1f) guarantee that the cluster size does not
exceed the maximum number of available resources for the
selected devices. Finally, Constraints (P1g) impose that only
a single partition can be the first running in each compo-
nent. Constraints (P1i) - (P1h) define the decision variables
domain.

VieZ, s

5 HEURISTIC ALGORITHMS

Due to the QoS performance constraints, both if ex-
pressed through M/G/1 models or ML, our mathematical
formulation is non linear. Moreover, it can be seen as an
extension of [35] due to the presence of multiple alternative
deployments for each component. Since the problem in [35]
is NP-hard, also our problem is NP-hard.

To determine a good-quality solution that limits oper-
ational costs while meeting hardware, memory and QoS
constraints, we propose several heuristic methods. They
all share an initial Random Greedy phase (see Section 5.1)
that iteratively constructs a pool of k candidate solutions.
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Then, each method is characterized by a specific solution
enhancement process, as detailed in Section 5.2.

5.1 The Random Greedy algorithm

The Random Greedy (RG) method (see Algorithm 1)
receives as input the complete system description, including
all components and resources and the corresponding char-
acteristics, and a maximum running time (A T). At each it-
eration, it constructs a new candidate solution by: randomly
selecting a resource j in each computational layer (lines 5-
7) and a NN deployment ¢, for each component i € Z (line
9); assigning each partition 7}, of the chosen deployment to
a randomly selected compatible resource (lines 10-12); ran-
domly choosing the number of instances to consider for each
Edge device and Cloud VM (lines 14-16). If the generated
solution is feasible (i.e., it satisfies Constraints (P1b)-(P1f),
(14), (15), (16) (35), (34) from Section 4.6), we tentatively
reduce the number of Edge device and Cloud VM instances
currently in use (lines 18-20) to limit the operational costs.
When the loop terminates because the maximum algorithm
runtime is reached, the method returns the k candidate
solutions with lower cost (lines 25-27).

Algorithm 1 Random Greedy algorithm
1: Input: J¢, Je, I, L£,C, H, ND, A, DAG, LC,GC,¢, ¢, ¢, MT, k

2: Initialization: Solutions < 0, StartTime < CurrentTime
3: while CurrentTime — StartTime < MT do

4 2+ [0,y + [0, « [0]
5: forl € L do
6: Randomly pick a node j € £! and set z; + 1
7: end for
8: fori € Z do
9: Randomly pick a deployment % € C?
10: for h € H% do
11: Randomly pick j € J s.t. z; = 1A azj =1; set yflj «—1
12: end for
13: end for
14: for j € {Jg U Jc} such thatz; =1 do
15: %j + random[1,n;] - ijW € I,Vh € H!
16: end for
17: if IsFeasible({z,y,y)) then
18: for j € J¢ U Jc such that z; = 1 do
19: ReduceV M Cluster Size(j)
20: end for
21: Solutions < Solutions U (z,y,7)
22: end if

23: end while

24: if Solutions # () then

25: Sort Solutions by cost

26: return top k solutions of Solutions
27: else

28: No feasible solution found

29: end if

5.2 The solution enhancement process

The heuristic methods we propose improve the candi-
date RG solutions by exploring their neighborhoods, de-
fined as detailed in Section 5.2.1, leveraging algorithms
based on Local or Tabu Search (LS and TS, Section 5.2.2),
Simulated Annealing (SA, Section 5.2.3) and Genetic Al-
gorithm (GA, Section 5.2.4). In particular, LS, TS and SA
adopt a multi-start approach considering the k best solu-
tions returned by RG, while GA starts from a population
proportional to k.

5.2.1 Generating neighbors

This section describes the list of moves we propose to
explore the neighborhood of each candidate solution sol.
We use the running example in Section 3 to clarify the
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understanding of generating neighbors, assuming that the
initial RG solution assigns component C'; to the first drone
of CLy, Cy and C3 on PC, C4y on VM type 1 and Cs on
FaaS. In general, moves consist of defining a suitable set of
candidate source nodes Js and iterate over js; € J, applying
the required changes until a new feasible solution sol’ is
found.

o Change component placement: Js includes all the running
nodes, sorted in increasing order of utilization and
cost. Selected j;, we migrate each partition 7} running
on it to the least-used (or less expensive) compatible
resource, chosen among those that are already running
or that are hosted in a currently-inactive computational
layer. In Figure 2, migrating C or C3 from PC to
VM type 1 or 2 can generate four distinct candidate
sol’. Note that although these moves might not be
immediately beneficial, they could prove advantageous
in subsequent alterations of the current solution.

o Change resource type: J, includes the running Edge
nodes and Cloud VMs, sorted as in the previous move.
We tentatively substitute j; with an alternative node
type, selected among those compatible with all parti-
tions running on j,. In the running example, migrating
both C and ('3 from PC to VM type 1 or 2, thereby
eliminating the use of PC, can generate two candidate
neighbors for the initial solution.

o Migrate to FaaS: Defining J, as in the previous move,
we tentatively migrate all partitions running on js to
the largest (in terms of memory and cost) compatible
FaaS instance, if any. If all partitions can be moved, j, is
switched off in the new solution. In Figure 2, migrating
Cy from VM type 1 to FaaS can yield a beneficial
solution, as FaaS is typically more cost-efficient than
Cloud VMs.

o Migrate from FaaS: Js corresponds to the set Jr of FaaS
configurations, and we tentatively migrate the partition
running on j, to a compatible Edge node or Cloud VM,
considered in increasing order of utilization and cost.

e Change Faa$ instance: Defining J; as in the previous
move, we select the destination node to migrate each
7 among the alternative (compatible) Faa$ instances.

Note that, in all moves, we iteratively explore the nodes
in J until the first feasible neighbor is found. The only ex-
ception is the last move, where we generate a new candidate
sol’ for each node in J, = J~.

5.2.2 Local Search and Tabu Search

LS [36] is a solution-enhancement procedure that starts
from an initial feasible solution and iteratively updates it
by exploring its neighbors. To mitigate the risk of getting
stuck in local minima, an Iterated version (ILS) can be
implemented by considering a pool of initial solutions. Each
neighborhood exploration is performed independently, thus
the knowledge obtained during each LS phase is isolated
and not used by the other ones. SPACE4AI-D implements
ILS by considering the k candidate RG solutions, and ex-
plores the feasible neighborhoods exhaustively by applying
the moves described in Section 5.2.1, picking the best neigh-
bor for the next move. Our LS terminates when no feasible
neighbor exists or a predefined maximum time threshold
(MT) is reached, returning the best achieved result.
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TS [37] is a metaheuristic that implements an iterative,
memory-based neighborhood-search method that explores
the solution space by replacing the current solution with the
best not-yet-visited neighbor, aiming to overcome the limi-
tations of local optimality. The most recent explored moves
are kept in a fixed-size tabu list to guarantee that we do not
loop twice over the same solution. SPACE4AI-D implements
a random TS, generating the neighborhoods with the same
moves of LS but randomly selecting one neighbor among all
the generated ones instead of considering the best neighbor
in each step. This allows to choose worse solutions and to
avoid getting stuck in local optima. The procedure will stop
when all the currently generated neighbors are already in
the tabu list or the maximum time is over.

5.2.3 Simulated Annealing

SA [38] is a metaheuristic method to approximate the
optimal solution, inspired by an annealing process: high
temperatures turn the state unstable by providing the en-
ergy needed to break bonds, so that free atoms can move to
new positions quickly. In turn, the cooling process leads to
atoms stabilization and consequently to an equilibrium. In
our implementation, we generate the solutions neighbors as
in Section 5.2.1, and we initialize the temperature to a large
number. When the temperature is high, we accept neighbors
that worsen the cost to allow further exploration of the
solution space. Progressively lowering the temperature, we
select only neighbors that improve the cost. We stop when
the temperature is small enough or we reach MT.

5.2.4 Genetic Algorithms

GAs [38] are metaheuristics inspired by biological evo-
lution, applied to solve both constrained and unconstrained
optimization problems through an intelligent exploitation
of random search. The algorithm repeatedly modifies a
population of solutions using mutation and crossover actions.
At each iteration, GAs select solutions from the current
population of parents and generate children for the next
generation. To apply GA in SPACE4AI-D, we define genes
and chromosomes as shown in Figure 4. Each gene G;
is a matrix that specifies the resource assignment of the
partitions related to component i (see Figure 4a), i.e., it
corresponds to the matrix Z‘Tﬁj for a fixed ¢. A chromosome,
which represents a solution (’y“‘@Vi), consists of a list of all
components (genes) in the application DAG (see Figure 4b).

1 2 191
1 1 0 0
2 0 1 0
|]{1'+}[2'+...+7-[“L,,||' 0 0 0
(a) Gene G;.
[ G [ G ] [ G |

(b) Chromosome.
Figure 4: Definition of gene and chromosome in GA.

We define the mutation and crossover functions as:

e Mutate compares a given MutationRate with a ran-
dom number r € (0,1). If r is lower, we randomly
select one of the implemented moves to generate sol’.
Otherwise, we return sol without any modification.

o Crossover receives two parent solutions (P, and P»)
and generates a partition point in the parents chro-
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mosomes. These are both split to obtain two children,
mixing the first part of P; chromosome with the second
part of P» chromosome, and vice versa. Due to some
problem-specific constraints, such as selecting a single
resource in each computational layer, mixing directly
the chromosome parts will likely result in an infea-
sible solution. We designed Algorithm 2 (reported in
Appendix) to preserve the feasibility throughout the
mixing operation, making the search more effective.

As the other methods, GA stops when it reaches MT'.

6 EXPERIMENTAL RESULTS

To evaluate the performance and scalability of
SPACE4AI-D, we ran multiple experiments generating in-
stances with both light and strict constraints. In particular,
we extended the validation of our previous work [3], where
we considered only sequential execution of application com-
ponents, by introducing application DAGs with branches.
Moreover, we validated our tool by considering a prototype
application run in a real edge system and we compare our
solution with the stat-of-the-art approach proposed in [7].

The setup of our experiments is described in Section 6.1.
In Section 6.2, we present an ablation study where we
compare the outcomes of the pure RG method with the
results achieved by the heuristics implemented by consid-
ering the solution enhancement strategies presented in Sec-
tion 5.2. Then, we compare our Local Search with the BCPC
method [7] in Section 6.3. The validation in a real system is
described in Section 6.4.

Note that considering the maximum algorithm runtime
(MT) as stopping criterion instead of the maximum number
of iterations increases the fairness of the comparison, since
the execution time of a single iteration with different heuris-
tics may significantly differ. To quantitatively compare a
target method with a baseline, we define the Cost ratio as:
(Baseline M ethodCost — Target M ethodCost) (40

Target MethodCost
where the baseline methods are RG (run for MT) in

Section 6.2 and the BCPC method in Section 6.3, respectively,
while the target methods are the other heuristics (and RG
running for 2MT) in Section 6.2, and LS in Section 6.3. Note
that a positive Cost ratio is achieved when the target method
outperforms the baseline, since the latter yields a higher cost
and we are facing a minimization problem.

All the experiments were run on a Linux Ubuntu server
with 2.2 GHz CPU Intel with 40 cores and 32 GB memory.

6.1 Experiments setup

In our experiments, we randomly generated a set of
instances representative of real systems. Similarly to our
previous work [3] and to [7], we consider three different
scenarios at different scales including application DAGs
with 7, 10 and 15 components. We report the average
Cost ratio and execution time achieved by considering 10
random instances with the same size. As in [7], we ran-
domly generated the application DAG for every instance
by relying on Networkx. We randomly selected between
1 and 3 deployments for each component and between 1
and 4 partitions for each deployment. We also considered
at most 4 computational layers in edge, including up to
4 different node types each in the largest scenarios, and 3
computational layers in the cloud, with 5 different VM types

Cost ratio =
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each and a maximum number of VM instances randomly
selected between 3 and 5 for each type. We introduced up to
5 local and global constraints. Local and global constraints
thresholds (expressed in seconds) related to light constraints
are set randomly in the range of [50,100]s and [200, 300]s,
respectively, while the same thresholds for strict constraints
scenario are set in the range of [7, 10]s and [20, 25]s. Further
details are reported in Appendix in Table 5.

For serverless functions, we use the tool proposed in
[31] to predict the performance of partitions running on
FaaS. The number of requests per second () is normalized
between 0 and 1.

In the experiments comparing the heuristics (Section
6.2), the full DNN service demands were randomly gen-
erated in the range of 1, 5]s for edge resources, [0.5, 2]s for
VMs (as in [19]), and [2, 5]s for cold and warm Faa$S requests
(as in [39]). The service demands of partitions are propor-
tional to the number of DNN layers within the partitions
(see e.g., [13]) In all these experiments, we use M/G/1 queu-
ing models to predict the performance of partitions running
on the edge nodes and cloud VMs, which can be estimated
with a percentage error of about 10% [8]. In Section 6.3, to
obtain a fair comparison with the BCPC method, the service
demands are set equal to those considered in [7]. For the
evaluation in a real system (Section 6.4), we use ML models
to predict the performance of components running on edge
nodes and AWS cloud instances.

The same £ best RG solutions (£ = 10 at most, according
to how many feasible candidates can be generated) were
used as starting points by LS, TS and SA. The Tabu list size
is set to 50. Initial temperature in SA is set to 5 and it is
reduced exponentially by factor of 0.99 in each step to reach
out to e = 1075, Since GA generates the solutions mostly
based on random behaviour, it needs a larger number of
initial random solutions; therefore, we used the 4k best RG
solutions as initial population. The mutation and crossover
rate are set to 0.7 and 0.5, respectively.

The code used to run our experiments and all the input
and output files are available as open data on Zenodo?

6.2 Comparison of heuristic methods

In this section, we compare the RG method with the
other heuristics. Since all heuristic methods need one or
more initial solutions, first we run RG up to M7, and then
we feed the results of RG to all heuristics and run them for
additional M T seconds. Note that, since we use a multi-start
approach (with k best solutions of RG as starting points)
for LS, TS and SA, each neighborhood is explored for %
seconds. To guarantee a fair comparison and give the same
execution time to all methods, we also run RG for 2MT.

The results of different scenarios for MT equal to
[60, 600, 1800]s, averaged among normalized As between
0 and 1, are presented in Table 1. All the plots in this
section are related to the light-constraints scenario, while
the results for strict constraints are reported in Appendix.
In particular, Figure 5 presents the Cost ratio in a large-
scale scenario with varying A. The Cost ratio is computed by
Equation (40) considering pure RG running for M1 seconds
as baseline and each other heuristic - and RG with 2MT -

2. https:/ /zenodo.org/record /7436599#.ZGd25uxBz0p ,
https:/ /zenodo.org/record /7963161#.ZGzch-xBxj8
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as target. As reported, pure RG running for 2M7T yields the
lowest improvement in almost all scenarios. GA moderately
improves the initial RG solutions, while LS, TS and SA are
the methods that achieve the best results, particularly in
large systems, where the improvement is of about 40%.

The same conclusion is drawn when counting how many
times a method is the one yielding the lowest cost (i.e., it is
the winner), as reported in Figure 6a.

Figure 6b reports the number of objective function eval-
uations for each method across all runs. This depends on
different factors, such as the method runtime and the sys-
tem scale. Indeed, at a larger scale the solution generation
process is longer, and a lower number of solutions can be
evaluated in a given time limit. Moreover, we only evaluate
the feasible solutions, so the number of evaluations also
depends on how easy it is to generate a feasible candidate.
We can observe that GA and SA have the highest number
of objective function evaluations, particularly in small-scale
scenarios since the solution generation is faster. On average,
among all experiments for light constraints, the improve-
ments of GA, SA, TS, LS methods and RG with 2MT over
the pure RG are 10.75%, 18.47%, 18.43%, 18.46% and 4.08%,
respectively. The same averages for the strict-constraints
scenario are 10.16%, 18.84%, 18.57%, 18.81% and 3.78%.

It is worth noting that the worst case in terms of average
running time happens when the local and global constraint
thresholds are set to slightly larger numbers. Indeed, since
each iteration terminates as soon as any constraint is vio-
lated, strict thresholds imply more frequent violations and
the scenario performs a higher number of iterations in a
certain execution time. Since among the best performing
heuristics (e.i., LS, TS and SA) LS requires lower number
of parameters to fine tune, we chose it for our comparison
with state-of-the-art method.

6.3 Comparison with a state-of-the-art method

In this section, we compare the LS algorithm with the
BCPC (Best Cost under Performance Constraint) method pro-
posed in [7]. A comparison with HyperOpt, another state-of-
the-art tool based on Bayesian Optimization, was presented
in our previous work [3].

BCPC optimizes DAG-serverless workflows by leverag-
ing a critical path approach to choose the optimal memory
configuration for each function, minimizing the execution
cost while satisfying a given performance constraint. The
authors consider a bundle of candidate memory configura-
tions for each function (component) between 128 MB and
3,008 MB, in 64 MB increments. Their solution considers all
possible simple paths between the start and end node of
an application DAG and defines the performance constraint
such that the sum of the end-to-end response time among
all the paths is less than a threshold.

To adapt our problem to [7], we considered a single
computational layer of FaaS instances and introduced a
global constraint on the whole application execution. To
have a fair comparison, we first run BCPC to extract system
parameters as the components demand time and cost which
relies on AWS Step Functions [40], and then we used them
accordingly, to generate 10 different random instances in
BCPC with 7, 10 or 15 components as in the previous setting.
We considered 46 candidate memory configurations for each
function and 100 different performance constraint thresh-
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https://zenodo.org/record/7963161#.ZGzch-xBxj8
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Time limit | #Components Cost ratio (%) of methods (light constraints) Cost ratio (%) of methods (strict constraints)
GA SA RG (2MT) TS LS GA SA RG (2MT) TS LS

7 1035 1594 425 16.12 1612 | 0.68 1.60 0.88 1.61 1.61

1 min 10 1749  28.36 4.46 28.27 2827 | 2149 3216 10.10 3214 3218
15 9.10 2793 13.06 2743  27.69 | 1297  30.86 8.87 30.85  30.25

7 0.06 0.09 0.01 0.09 0.09 0.03 0.16 0.01 0.16 0.16

10 min 10 5.81 7.28 1.30 7.30 7.30 9.61 1255 3.93 1276  13.00
15 2371  40.71 525 40.70  40.70 17.82  43.10 3.59 40.09 4257

7 0.05 0.08 0.04 0.08 0.08 0.07 0.15 0.10 0.15 0.15

30 min 10 5.94 6.48 1.35 6.50 6.50 6.19 8.52 1.89 8.81 8.85
15 2430  39.38 7.09 39.38  39.38 | 22.64 40.51 470 40.59  40.51

Table 1: Comparison of the methods, average cost ratio among normalized A between 0 and 1.

40
—GA 40
407 ——sA
—Ts =
S| —1s K30 K30
£30) —RG (2MaxTime) S <
£ 3 S|
<20 =20 =
i/ —a 0 =2
S — ——SA
© 10 —Ts ° | —7s
10 —1Ls ) —Ls
0 ——RG (2MaxTime) 10 ——RG (2MaxTime)
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
A (rea/s) A (req/s) A (reaf/s)

(a) 15 Components, one min time limit.

(b) 15 Components, 10 min time limit.

(c) 15 Components, 30 min time limit.

Figure 5: Comparison of the proposed heuristic methods, light constraints scenario.
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Figure 6: Heuristic methods number of wins and objective function
evaluations, light constraints scenario.

olds, obtained by considering the maximum and minimum
memory configuration and normalizing the corresponding
end-to-end execution time, considered as global constraint,
between 1 and 100 (100 corresponds to the largest execution
time threshold, i.e., corresponds to lighter constraint). Run-
ning BCPC first, we could also gather the time it needs to
determine a solution, which on average ranges in the inter-
vals [1.17,2.32]s, [7.23,40]s and [325, 3451]s, respectively,
for scenarios with 7, 10 and 15 components. We set MT' to
roughly half this time to guarantee a fair comparison.

The results are shown in Figures 7a—7c. For the 7-
components scenario, if we give equal execution time to the
BCPC algorithm and to the RG+LS (red curve in Figure 7a),
LS obtains better results than BCPC in 50% of the cases,
while if we give two minutes to the RG+LS, the LS always
wins and improves the cost ratio up to 70% (orange curve in

Figure 7a). A similar comparison for 10 components shows
that by running LS for two minutes, it wins most of time
with a cost ratio up to 75%, while losses are observed only
for few large thresholds (i.e., for light constraints, when the
performance constraint is close to 100%), with a cost ratio
lower than 10% (see Figure 7b). For the largest scale, LS wins
in 63% of the cases with more strict constraints when we
run the BCPC algorithm and the RG+LS with the same time
limit, and its gain is up to about 81%. Instead, it loses up
to 48% in 37% of the cases with light constraints (red curve
in Figure 7c). When we raise the running time of RG+LS
to one hour, the LS wins in 72% of the cases, and its gain
is up to about 84%, while in 28% of the cases LS loses up
to 33% (purple curve in Figure 7c). For 15 components, LS
gains 27.6% and 36.5% on average, respectively, when the
time limit is set to the execution time of the BCPC algorithm
or one hour.

We run a robust ANCOVA [41] test to assess whether the
difference among costs achieved by LS and BCPC, in the
presence of a numerical covariate represented by the time
constraint threshold, is statistically significant. Figures 7d-
7f report the average differences and confidence intervals for
the 7, 10 and 15-components scenarios, respectively (where
the total execution time of the two approaches is the same).
We observe statistical significance (p-value lower than 10~%)
in all cases except when the threshold is equal to 100 (in the
10-components scenario) and between 80 and 90 (in the 15-
components scenario)

Note that response time is one of the most important
constraints for near-real-time Al applications [42]. Conse-
quently, strict thresholds are more critical than light ones for
these applications. It can be observed that LS always finds
cheaper solutions than the BCPC algorithm under strict and
medium-constraints scenarios.

6.4 Real system evaluation

We validated SPACE4AI-D considering a video process-
ing application characterized by seven components, which
can be executed locally on edge (computational layers C'L;,
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Figure 7: Comparison among the solution costs with LS and BCPC [7]. The x-axis reports the normalized global constraint threshold, so that 100
corresponds to the lightest constraint; the y-axis in 7d-7f reports the average difference between method costs, alongside with the confidence
intervals: when the confidence intervals do not intersect the horizontal dashed line in y = 0, the difference is statistically significant.

CLy) or remotely in AWS public cloud (CL3, CL4, C'Ls and
CLg). The two alternative resources in C'L; are a Raspberry
Pi and an Odroid, which are connected to C'Ly through
WiFi. CL;y includes a private cluster which can host two
different VM types, VM1 and VM2. Each computational
layer in cloud has two different VM flavors (méidn.xlarge
and m4.xlarge in C'L3, m4.2xlarge and m4.4xlarge in C'Ly,
méid.2xlarge and mb.xlarge in C'Ls), and the last compu-
tational layer, C'Lg, includes two AWS Lambda functions
with 8G and 9G memory size. All computational layers in
the cloud are connected together through a fast network
(negligible network delay) while C'Ls is connected to the
cloud through a 5G with 1 Gbps bandwidth. Further details
on the available resources and the components compatibility
are provided in Table 6 in Appendix.

In our experiment, 1-minute-long videos are processed
in batches of 12 elements. Component C'; (ffmpeg_0) extracts
the audio track from the input video, saves it as a file and
sends both video and audio to Cy (Librosa). The goal of
(> is to analyze the audio track to indicate the end of a
sentence. Whenever the noise falls below a threshold, C
writes the timestamp in a text file and sends it, together
with the compressed video, to Cs (ffmpeg_1), which uses
the timestamps to cut the video into clips. Component Cy
(ffmpeg_2) extracts the audio track and decreases its sample
rate to 16000 Hz to make it compatible with C'5 (DeepSpeech),
which transcribes the audio track of the clips using an open-
source recurrent neural network implemented by Mozilla
and then sends the transcription text file and the clips
to Cs (ffmpeg_3). This extracts from the clips one frame
every five seconds, and sends them to C'; (object_detector),
which applies a Yolo neural network to detect and label the
objects in the frames. The sets of local and global constraints
are defined as £LC = {(Cs,80s), (C3,30s), (Cs5,65s)} and
QC = {<(Cl, CQ, Cg, 04, 05, 067 07), 190$>} The applica-
tion arrival rate is A = 25 req/hour.

The components response times are estimated through

ML models trained using the OSCAR-P profiling tool and
aMLLibrary as described in [30]. The preliminary evalua-
tion of the performance models accuracy performed in [30]
shows a mean absolute percentage error of about 10%. The
resources selected by SPACE4AI-D in the optimal solution
are reported in Table 6 in the Appendix. The actual applica-
tion execution time measured in the real system is of about
180s, which is in line with the 190s global constraint thresh-
old, while the value predicted by the ML models is more
optimistic, i.e., of 123.6s. Therefore, the deviation is about
33%. Table 2 reports a comparison between the predicted
and actual response times of components involved in local
constraints, as well as the cost of application execution. The
number of VM instances suggested by SPACE4AI-D for C'
and Cj is equal to the one required in the real system to fulfil
the local constraints (determined by inspection considering
multiple configurations). For C’5, instead, the tool suggested
three more VMs, which leads to around 12% prediction error
in the total system cost.

Cs [oF Cs
Actual Exec. time 59.33 22.16 59.9
Predicted Exec. time 66.94 17.61 47.64
Exec. time deviation 12% 20% 19%
Actual #VM 2 2 6
Predicted #VM 2 2 9
Actual cost Predicted cost | Total deviation cost
4.64 5.22 12.4%

Table 2: Predicted and actual time in seconds and cost of the video
processing application.

To enhance the robustness of our real system experiment,
we defined a baseline method based on exhaustive search,
examining all possible placements. This approach is feasible
given the relatively small scale of the system and limited
search space. Specifically, we have five components that
can run on either the Edge or the Cloud, and each com-
ponent has two alternative candidate resources. Therefore,
the search space consists of 32 possible placements. For
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each one, we initially set the number of all resources to the
maximum available instances and then tentatively reduce
the number of edge device and cloud VM instances until
the constraints are violated. We observed that our proposed
approach found exactly the same solution as the baseline
method (see Table 6 in Appendix), which is the globally
optimal solution.

7 RELATED WORK

The considerable growth of DL in many application
areas during the past few years, on one hand, and the need
for powerful resource to run DNNs on the other hand, drew
a lot of attention to Al applications component placement
in computing continuum, as opposed to traditional data
center model. Frequently, optimization is conducted across
a spectrum of granularities, spanning from end-devices to
edge-cloud resources. For example, [43] developed a Mixed
Integer Non-Linear Programming (MINLP) to solve a task
allocation problem among end-users’ device, fog and cloud.
The goal is to minimize the energy consumption of task
execution and transmission while guaranteeing delay con-
straints. They used successive convex approximation and
primal-dual decomposition techniques as well as Hungar-
ian algorithm to solve the problem. Similarly, the paper
in [44] focuses on minimizing energy consumption in a
Mobile Edge Computing (MEC) system by optimizing task
offloading and resource allocation. Considering heteroge-
neous delay constraints and resource competition, a heuris-
tic algorithm incrementally constructs subsets of tasks for
offloading and repeatedly solves the offloading sub-problem
until further energy reduction is not feasible. Authors in [45]
consider applications based on microservices as a DAG and
develop a tool to place them at the edge and cloud. The
tool clusters the microservices based on their dependencies
(data exchanged and number of messages) using Louvain,
which is a community detection method, and then deploys
the communities that communicate directly with end-users
to the edge nodes, and the other communities to the edge
or cloud. Similarly, [46] tackled a service-placement prob-
lem aiming at minimizing the migration, bandwidth and
computation costs while fulfilling the service performance
requirements. The authors split the problem into two parts,
where the first one demonstrates how to determine the
minimum number of CPU resources required for every
service to meet the latency requirements, and the second one
shows the service placement problem as an integer linear
program (ILP). They propose an algorithm leveraging some
bounded amount of resource augmentation to solve the ILP.
Some recent papers applied Deep Reinforcement Learning
(DRL) to solve the resource allocation problem in computing
continuum. In [10], the focus was on generating DNN-based
tasks from end-devices, considering light-weight and full
DNN models. An optimization problem was formulated
to minimize delay and error while ensuring task queue
stability and inference accuracy. A DRL algorithm made
decisions on DNN deployment, task offloading, resource
allocation, and channel allocation in each time slot. A sub-
optimization problem was addressed using Lyapunov op-
timization to determine optimal data sizes meeting qual-
ity requirements. Differently, in [47], the authors consider
multiple inference services, each functioning as an inde-
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pendent component with varying levels of accuracy, to
be executed on a computing continuum. They develop a
multi-objective optimization problem to maximize the num-
ber of deployed services, overall accuracy, and remaining
cloud bandwidth, along with a heuristic algorithm for its
solution. Likewise, [48] proposes a multi-variant service
deployment model for a single independent component on
heterogeneous edge devices, focusing on Al applications
within the Edge paradigm. This approach is constrained by
the limited resources of edge nodes. They also formulate
the DNN model variant selection and placement problem,
considering inference latency, communication latency, and
edge node utilization cost, and propose a heuristic solution.

DNN partitioning is a strategy used to address limited
computing resources. Some studies focus on how to place
DNN partitions within computing environments. In one
such study by [2], experiments were conducted to highlight
the benefits of DNN partitioning. They compared running
an entire DNN on a mobile device, on a cloud VM, and
partially on both. The results indicated that partitioning the
DNN reduces latency and energy consumption compared
to running it solely on the cloud. Authors in [49] devised
a framework to execute DNN inference between the mobile
phone and the edge. The framework includes: 1) a DNN
profiler, which profiles different DNNs from the fine-grained
layer and provides performance prediction of DNN layers
running on different devices; 2) a DNN partitioner, which
determines a unique partitioning point by solving a multi-
objective optimization problem minimizing the time and en-
ergy while guaranteeing a threshold for latency and mobile
phone energy consumption; 3) a Context-Driven Offloading,
which specifies how the inference partitions offload and
distribute between the mobile phone and the edge.

To the best of our knowledge, our research addresses
a gap in existing literature by accounting for resource
contention in application performance estimation, a factor
overlooked by previous design-time tools focusing solely
on single application instances. The novelty of our paper
lays on considering resource contention in the application
performance estimation.

8 CONCLUSIONS

In this paper, we modeled the design-time component
placement and resource selection problem for Al applica-
tions in computing continua as an MINLP. We introduced
a RG algorithm to address this problem and further refined
its solution by incorporating various heuristics including LS,
TS, SA, and GA. An extensive experimental analysis shows
that all the heuristics always improve the RG solution.
Among the best performing heuristics, we compared LS
with the BCPC method and we achieved up to 40% cost
reduction, 27.6% on average, under the same time limit. The
validation in a real prototype environment shows a 12% gap
between the actual and predicted costs. As future work, we
will consider the runtime problem counterpart, where the
input exogenous workload dynamically fluctuates imposing
stricter execution time for the problem solution.
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APPENDIX

For the sake of space, we provide the tables summarizing
the parameters and variables of our MINLP formulation,
the description of the crossover operator of the Genetic
Algorithm and the experimental results related to the strict-
constraints scenario in the following subsections.

Parameters and decision variables

The parameters and decision variables of our problem
formulation are shown in Table 3 and Table 4, respectively.

Parameters - components

z Set of component indices
A Incoming workload of component ¢
ptk Probability of running component k after component ¢
s Amount of data transferred between components ¢ and
ik
k
Ci_ Set of candidate deployments ¢, for component i
He Set of indices h such that partition 7}, is included in cj
/\Z Incoming workload of partition 7},
D, ¢ Probability of running partition wé after partition 7},
5i Amount of data transferred between partition 7 and
he partition 7}
mé Memory requirement of partition 7},
Parameters - resources
Jc Set of indices of all VM types in the cloud backend
NE Set of indices of all devices available on the edge
Jr Set of indices of all possible function configurations
J Set of indices of all computing continuum resources
o Set of resource indices at layer [
n; Number of available devices of type j € Jc
aj, j 1 if partition 7} can be executed on device j € J
cf Execution cost on device type j € Jg
CJ_C Execution cost on VM type j € Jc
cgf Execution cost of partition T}, on function j € Jr
c Transition cost for AWS lambda functions
pil. Demanding time of partition 7}, on device j € Ll C
hi (Je U Jc) _
dp,; Average execution time of partition 7} on j € Jr
d;’]}.mt Hot request execution time of partition 7 on j € Jr
d;’;(’ld Cold request execution time of partition 7% on j € Jr
Parameters - network
D Set of existing network domains
ND?  Set of layers | included in the network domain d
a? Access time of network domain d
B Bandwidth of network domain d
urcd Set of indices of all devices contained in any I € N'D?
Parameters - constraints
e Set of tuples including a component 7 and an upper
bound threshold for the response time of component ¢
P Set of paths in the application DAG
e Set of of tuples including a path P and a threshold for
the total response time of path P
IR Upper bound threshold for the response time of compo-
¢ nent ¢
=5 Upper bound threshold for the total response time of a
GRp
path P
Other parameters
A Input exogenous workload
T Time unit (one hour)
Mg Constant for equilibrium conditions in edge
Mc Constant for equilibrium conditions in cloud
My Constant for defining network delays

Table 3: Problem Parameters
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Decision Variables

x; 1if device j € J i‘s used, 0 otherwise

i 1 if deployment ¢, is selected for component 3, 0 other-
z .

s wise
vy, j 1 if partition 7}, runs on device j € J, 0 otherwise
i Number of instances of device j € Je U J¢ assigned to
Ynj partition 7},

7 Maximum number of running devices of type j € Jg U
7 Je

Bid 1 if partitions ¥ and ﬂ'é are consecutive and deployed
3 on different devices in the same network domain d

W Index of the network domain exploited by 7}, and 7; to
h¢ communicate

fre 1if ﬂi and 7r§ are executed in different resources

E;zg Network transfer time between 7 and w’g

tt Intra-component expected delay

wik Index of the network domain exploited by ¢ and 7réC to
h¢ communicate

fik Network transfer time between ”;z and the first partition

hg of component &

al 1if 7} is the first partition of component 4, 0 otherwise

R}L Response time of partition 7¢

U, Utilization of device j € Jg U J¢

R} Response time of component 4

R P Response time of a path P

Cg Cost of edge devices

Co Cost of cloud Virtual Machines

Cr,Cr  Execution cost and transition cost of FaaS configurations

Table 4: Decision Variables
Algorithm 2 MixParts

: Input: Partl, Part2

: Children < 0

: Childl < Partl + Part2

. ActiveCL1, ActiveC L2 < Get all active CLs in Partl and Part2

: SharedCL < ActiveC L1 N ActiveC L2

. if SharedCL is not None then

TwoChildren < False

for ¢l € SharedCL do
ActiveResl < Get active resource of ¢l in Partl

10: ActiveRes2 < Get active resource of cl in Part2

11: if ActiveResl == ActiveRes2 then

12: Continue

13: else

14: if Not TwoChildren then

15: Child2 < Partl + Part2

16: TwoChildren < True

17: end if

18: Move all partitions running on ActiveRes2 to
ActiveResl and ActiveResl to ActiveRes2 in Childl and Child2,
respectively.

19: end if

20: end for

21: end if

22: Children < Children U Childl

23: if TwoChildren then

24: Children < Children U Child2

25: end if

26: return Children

O ONO U WN =

Genetic Algorithm Crossover Operator Implementation

As discussed in Section 5.2.4, due to some constraints
specific to our problem, such as selecting only one resource
in each computational layer, mixing directly the chromo-
some parts will likely result in an infeasible solution. To
avoid this and make the search more effective, in the im-
plementation of the crossover operator we mix the two
parents chromosome parts preserving the feasibility of the
assignment by relying on Algorithm 2. We first mix the two
chromosome parts to generate C'hildl and then, for both
parts, we extract ActiveCLList (see Section 5.2.1) and get
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(a) Light scenario.
Scenario #Components #Nodes in Computational Layers (CL) #Local and global
constraints
CLy CLy CLs CLy CLs CLg CL7 CLg CLg
1 7 Edge:2  Edge:3  Edge:3 VM: 4 VM:4  FaaS:2 - - - 3,3
2 10 Edge:2  Edge:3 Edge:3  VM:4  VM:4 FaaS:3 - - - 4,4
3 15 Edge:2 Edge:4 Edge:4 Edge:4 VM:5 VM:5 VM:5 VM:5 FaaS:5 55
(b) Strict scenario.
Scenario #Components #Nodes in Computational Layers (CL) #Local and global constraints
CLl CL2 CL3 CL4 CL5 CL6 CL7
1 7 Edge:1  Edge:3  VM:4  VM:4 FaaS:3 - 3,3
2 10 Edge:1 Edge:4 Edge:4 VM:4 VM:4  FaaS:4 4,4
3 15 Edge:1 Edge:4 Edge:5 VM:5 VM: 5 VM: 5 FaaS: 5 55
Table 5: Comparative analyses parameters.
Resources and #Candidate Nodes in Computational Layers (CL)
components
CLl CL2 CL3 CL4 CL5 CLG
Candidate resource name | (RasPi, Odroid) (VM1, VM2)  (mé6idn.xlarge, m4.xlarge)  (m4.2xlarge, m4.4xlarge)  ( mé6id.2xlarge, m5.xlarge) ~ (AWS_Ai, AWS_X3)
Resource cost ($/h) (0.6,0.8) (0.675, 0.85) (0.318,0.2) (04,0.8) (0.4746, 0.192) (0.56196, 0.6325)
Number of cores 4, 4) 4, 4) (4,4) (8, 16) 4, 8) (-,-)
Number of instances (12, 6) 8,4) (12, 6) 6, 3) (12, 6) 1,1
Components (C1) (C2) (C3) (Cy) (Cs) (Cs, C7)
Selected resources \ RasPi VM1 m4.xlarge m4.2xlarge mb.xlarge (AWS_X\1, AWS_)5)

Table 6: Real system configuration.

the shared active layers between the two chromosome parts
(lines 1-5). If there are no shared active layers, it means
that the chromosomes can be mixed directly without any
violations; otherwise, we must change the generated child
to avoid violations. Therefore, for each shared active layer,
we get the resources used in the two chromosome parts as
active resources (lines 6-10). If both active resources are the
same, no changes are needed (lines 11-12). Otherwise, we
generate a second solution C'hild2 so that, at the current
layer, the first child selects the active resource coming from
the first chromosome part, and the second child selects the
one coming from the second gene part (lines 13-21). Finally,
all the generated children are returned (lines 22-26).

Experimental setup parameters

The details of experimental setup related to light and
strict scenarios is presented in Table 5 and the details of real

system configuration is provided in Table 6.
Strict constraints results

This section summarizes the results of the same analyses
reported in Section 6.2 related to strict constraints where the
local and global constraints are about 10 times lower than
light constraints and A is considered 10 times higher than the
light version. As in the previous sections, A is normalized
between 0 and 1.

Comparison of heuristic methods

Figure 8 shows the comparison among all the heuristic
methods. Similar to light constraints scenario, LS, TS and SA
obtain similar and better results compared with the RG and
GA. Figure 9a confirms that these three heuristic methods
are the winners in most of the cases and Figure 9b shows
that GA makes the largest number of objective function eval-
uations being more efficient in generating random solutions.
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Figure 8: Comparison of the proposed methods, strict constraints scenario.
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Figure 9: Heuristic methods number of wins and objective function evaluations, light constraints scenario.
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