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Abstract

The cloud is evolving into a computing continuum by extending its
capabilities toward the edge. This continuum better addresses the
needs of modern applications, but it also introduces new challenges,
particularly in resource management and scheduling. Serverless
is a driving force in consolidating the continuum, allowing quick
adaptations toward the edge level while keeping the applications’
footprints low. Data-centric applications that deal with massive
data and require deploying large software environments are be-
coming a common use-case for the combination of these new tech-
nologies. Standard cloud scheduling policies are based on greedy
algorithms that do not efficiently handle platforms’ heterogeneity
nor deal with problems such as cold start delays. In this paper, we
address these issues by extending a methodology to investigate
serverless platforms on the edge-cloud continuum, and to study
new scheduling policies in simulated environments. We also pro-
pose a multi-objective algorithm to allocate serverless functions in
the continuum while considering heterogeneity to optimize energy
consumption, data transfers, makespan, and resource utilization.
As a baseline, we are inspired by a standard greedy algorithm from
a widely used platform, Kubernetes. Our approach outperforms the
baseline regarding energy consumption, data transfers, makespan,
and resource utilization by up to three orders of magnitude.

CCS Concepts

« Computing methodologies — Modeling and simulation; «
Theory of computation — Scheduling algorithms; « Hardware
— Power estimation and optimization.
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1 Introduction

Cloud computing has been overwhelmed by the demands of new-
generation applications, characterized by massive data, shorter
execution times, and security and privacy vulnerabilities. Edge
computing has emerged as a complement to cloud computing, with
their integration, alongside intermediate infrastructures and multi-
cluster scenarios, forming the paradigm of an edge-cloud computing
continuum [33]. The edge-cloud continuum, illustrated in Figure 1,
interconnects multi-layer infrastructures as cloud clusters, edge
clusters and edge resources. Such interconnection of different layers
enhance the use of heterogeneous resources while keeping a unified
control through common abstractions and mechanisms per cluster.
The continuum addresses the demands of next-generation applica-
tions but introduces new challenges and complexities, particularly
in management and scheduling, to handle such heterogeneous,
multi-layered infrastructures.

In parallel, serverless computing has emerged as an innova-
tive paradigm for programming and deploying applications in
the cloud [25]. It enables the seamless deployment and execution
of fast-running functions, optimizing resource usage through im-
proved scaling mechanisms, efficient management of concurrent
requests, and smoother adaptation to heterogeneous resources at
the edge of the continuum. Nevertheless, serverless computing still
requires adaptations to manage massive data streaming applica-
tions and complex software environments, such as those used in
high-performance computing or artificial intelligence [22]. Cold
start delays happen when there are no instances of the required
environment ready for use, forcing a full download and deploy-
ment, causing significant overheads on functions’ execution. In the
context of this paper, these environments are containers, and their
deployment can cause an overhead of up to 20x of the platform
slowdown, with cold start delays up to 10x longer [34]. Containers,
being composed of layers, can leverage layer-sharing mechanisms
or caching to accelerate their deployment [32]. In this paper, we ex-
ploit these facts to speed up functions’ deployment, and thus, reduce
cold start delay. To maintain Quality of Services (QoS), scheduling
and management mechanisms must minimize function comple-
tion time, known as makespan, prevent bandwidth saturation, and
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support batch processing and data aggregation. While digital appli-
cations are becoming more dynamic, the amount of data generated
at the edge by IoT devices continues to grow. Therefore, on one
hand serverless can handle such dynamism and local resource man-
agement, but on the other hand, the edge-cloud continuum requires
a better management of heterogeneous multi-layered platforms.

Nowadays, environmental and ecological aspects such as carbon
emissions and energy consumption has become a crucial societal
topic. The International Energy Agency (IAE) estimates that data
centers consume 1% of the total power generated in the world [9].
One of the objectives of this paper is to reduce the energy con-
sumption of serverless platforms. However, since users only have
access to virtual environments with pre-defined settings, rather
than physical machines, it is challenging to measure the energy con-
sumption of serverless functions. Energy observability tools such
as Kepler [16] and Scaphandre [6] can be used, but they mostly rely
on estimations in scenarios with virtual machines. Therefore, we
investigate solutions for accessing accurate measurements relying
on physical sensors and bare-metal platforms.

Figure 1 summarizes our main motivations which rely on reduc-
ing energy consumption, makespan and data transfers of batches of
functions on serverless platforms deployed in the continuum. In this
paper, we extend the infrastructure of simulations of serverless in
the edge-cloud continuum from the work of Angelelli et al. [17], by
integrating the measurement, analyses and simulation of the energy
consumption of serverless functions. We use that environment to
evaluate our new scheduling policies. We propose a multi-objective
scheduling policy, called FOA-energy, that enables the allocation
of batches of serverless functions. The scheduling policy aims to
minimize energy consumption, makespan, and data transfers. We
demonstrate that accounting for platform heterogeneity during the
scheduling phase significantly enhances the efficiency of serverless
platforms in the edge-cloud continuum.FOA-energy outperforms
our baseline for energy consumption, makespan, data transfers, and
number of machines used by up to three orders of magnitude. We
enlist our main contributions as:

o The proposition of FOA-energy, a two-level multi-objective
scheduling policy for the edge-cloud continuum, which im-
proves energy consumption, makespan, data transfers, and
resources usage compared to a baseline greedy-based policy;

e The extension of an evaluation methodology, with repro-
ducible setup and artifacts, that can be extended to other
serverless-based heterogeneous edge-cloud platforms [10];

o The study of energy consumption on serverless platforms,
though bare-metal infrastructures with physical sensors, or
cloud-designed tools, going one step further in this direction;

o A serverless-function energy-based benchmark that evalu-
ates several combinations of heterogeneous machines.

The remainder of this paper is organized as follows: In Section 2
we present the background and literature review.In Section 3 we
present our multi-objective scheduling algorithm. In Section 4 we
present our experimental methodology to study serverless func-
tions, platforms, and scheduling policies. In Section 5 we present
our experimental results, and in Section 6, we present general dis-
cussions and our conclusions.
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Figure 1: Two levels of scheduling in the Cloud Continuum.

2 Background and Related Works

Serverless computing has emerged as a new paradigm of abstrac-
tion, platform, and implementation of cloud functions [19, 20, 25].
However, the edge-cloud continuum still presents several chal-
lenges in such a multi-layered heterogeneous infrastructure that
serverless alone can not address to that. For instance, platforms
migration [37], data storage and management [28], and schedul-
ing policies [30]. The serverless computing paradigm comprises
the Function as a Service (FaaS) concept, avoiding server infras-
tructure management by automatically handling and deploying
functions environments. As these environments can be containers,
and Kubernetes is a well-known tool that manages containerized
applications, it can be of great support for serverless. Kubernetes
was not developed for serverless, but for microservices based work-
loads. However, serverless platforms such as Kubeless [2], Open-
Whisk [3], and OpenFaas [8], were developed on top of Kubernetes.
Also, it is possible to use external schedulers on Kubernetes such
as, YuniKorn [7], IBM Safe Scheduler [5], and IBM Multiple Cluster
Dispatcher [4]

To develop our scheduling policies, we were inspired by the
dual-approximation algorithm of Shmoys and Tardos [35]. It as-
signs independent tasks to unrelated machines and bounds their
approximation to, at most, the cost and twice the makespan of
the optimal solution. Their linear program gets an assignment of
tasks to machines, and their integral matching processes assure that
their solution is integral. The properties and existence of such a
matching are detailed in depth by Plummer and Lovasz [31]. Rausch
et al. proposed a container scheduling system, called Skippy, that
enables serverless frameworks to support edge functions [32]. With
Pagurus, Li et al. reduced cold startup [29] using a runtime con-
tainer management system that comprises an inter-action container
scheduler that schedules shared containers among actions. Suresh
and Gandhi used OpenWhisk to implement a scheduling policy,
named FnSched, which focuses on cost (resources) reduction [36],
by considering the regulation of how much CPU the instances will
use, and a defined latency ratio verified over time. Aumala et al.
proposed PAScha, a package-aware scheduler that considers the
affinity of packages needed to execute a function [18]. Differently
than [18], we deal with the functions’ requirement at the container-
level, and differently from [29, 32, 36], with FOA-energy’s input,
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we schedule all functions at once, without consuming online sched-
uling time for updating parameters or variables, and we maximize
the sharing of containers without compromising makespan, and
reducing the energy consumption of the entire platform. We do
not gather historical data as it is done in [38], however, we assume
that the performances of all functions in all machines is already
known or collected in advance. In addition, our approach makes
our algorithm available for any serverless workload and functions.

We consider simulation a key practice to study different sched-
uling policies on serverless, we can save resources and more easily
perform large experiments campaigns. For this study, we consider
benchmarks designed for studying serverless [26, 27]. As a simula-
tor, we used Batsim [24], a resource and job management system
simulator designed on top of SimGrid [23].

3 A Two-level Multi-Objective Scheduling
Policy for Serverless

Our multi-objective scheduling policy, FOA-energy, aims to min-
imize energy consumption, makespan, and data transfers of batches
of serverless functions. FOA-energy works by tackling two different
levels of the continuum: the global continuum and the local level.
Figure 1 illustrates the edge-cloud continuum and the different
objectives we tackle. At the global level, we apply our scheduling al-
gorithm to batches of serverless functions that are submitted to the
platform to select the cluster that minimize the objectives. At the lo-
cal level, once the cluster executing the functions is chosen, we use
different well-known scheduling policies to decide which machine
is going to perform the computation. These scheduling policies
are FirstFit, LargestFirst, SmallestFirst and FCFS (First Come First
Serve). Regarding data transfers, we try to minimize the container
images download required by the functions, here called environ-
ment. For that, we choose to execute in the same machine the
functions that require the same container image or different images
sharing common layers. This technique, along with minimizing the
amount of data transferred for function I/O, speed up functions’
initialization and thus reduces cold start delay which impacts the
total execution time.

3.1 FOA-energy

Our scheduling policy named FOA-energy (Function Orchestra-
tion Algorithm, version Energy) has three objectives, to reduce
energy consumption, data transfers, and makespan. For the remain-
der of this section, we call the energy consumption as cost, meaning
that it is the cost variable treated in our algorithm. Figure 2 illus-
trates all steps that compose FOA-energy. Step 1. Linear Program
uses function and environment data to produce a fractional function
schedule. Then, step 2. Minimum Cost Integral Matching converts
the fractional function schedule into an integral function schedule.
Then, step 3. Local-level Scheduling Policy uses the scheduling deci-
sion taken regarding the clusters, and processes the allocation of
the functions to the machines inside each cluster. Finally, step 4.
Container Layer Download Optimization reflect the container layers
sharing mechanism introduced by Docker [13] and handled by the
Container Runtime in Kubernetes, for each function that arrives
in the machines. The Binary Search Looping Controller component,
illustrated in Figure 2, decides between re-executing steps 1 and
2 to get better performance, or to go to step 3. The set of results
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Figure 2: FOA-Energy’s algorithm step by step.

N Description

T The makespan constraint

N Number of scheduled functions

H Number of clusters (heterogeneous classes)

M Number of machines

K Number of container environments

Cih Energy cons. (cost) of the i-th function on the h-th cluster
Cxn | Energy cons. (cost) of the k-th environment on the h-th cluster
Pin Processing time of the i-th function on the h-th cluster
Prn Processing time of the k-th env. on h-th cluster
env; Environment id of the i-th function

Xih Placement of the i-th function on the h-th cluster
Ykh Placement of the k-th env. on the h-th cluster

mp, Number of machines on the h-th cluster

Table 1: FOA-Energy’s list of notation and descriptions.

by then characterizes a trade-off between cost and makespan, in
a Pareto Front. Empirically, eight iterations are sufficient to study
such a Pareto Front.

(i) FOA-energy’s Linear Program: FOA-energy’ linear program
minimizes the energy consumption of the entire workload, under a
constraint on the makespan, of an arbitrary value T. FOA-energy
works under the following assumptions: a) functions depend on
environments and all dependencies are known; b) functions and
environments are independent between themselves and known in
advance; c) their energy consumption, and execution time on each
machine are known; d) the number of machines per cluster for
all clusters is known. FOA-energy expects the following inputs:
1) environment energy consumption: the energy consumption to
download and deploy functions environments (containers), in joules
(J); 2) environment execution time: the time to download and de-
ploy functions environments (containers), in seconds (s); 3) function
energy consumption: the energy consumption of serverless func-
tions, in joules (J); 4) function execution time: the execution time
of serverless functions, in seconds. FOA-energy’s linear program
uses the list of variables and notations presented in Table 1.

Equation 1 describes FOA-energy’s objective function, which
minimizes the energy consumption (cost) of executing the functions
and deploying their environments:

Min Zi\:ll ZI;; Cin X Xip + Zf:l ZI;; Ckn X ykn (1)

Each cluster h may execute several identical environments, but
only one per machine:

Ykh = 0.my, (2
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For all functions i, each one is executed at least once by one of
the clusters h:

. H
Vi, thlxih >1 3)
For each cluster A, the cluster does not process more than my X T
because of the constraint T per machine inside the cluster. Thus, in

total, the solution does not exceed T X my, where my, is the number
of machines on cluster h:

N koo
Vh, Zi:l Pin X Xip + Zkzlpkh X Ykh < mp X T )

For all clusters h and environments k, the amount of processing
we can do p;p, X x;p,, for each environment i s.t env; = k, is smaller
or equal to the number of machines yy, times the available time T
in each machine after the deployment of the environment pyp:

VAVE D o Pk XX S Ykn X (T =) (9)

(ii) FOA-energy’s Minimum Cost Integral Matching:
Shmoys and Tardos [35] show that an X-perfect fractional
matching from an LP solution can be converted efficiently to an
X-perfect integral matching. We use this algorithm to convert the
fraction solution of our LP into an integral scheduling solution.

4 A Methodology for Experimental Campaigns

For the experimental campaign, we perform the following steps:
(i) measure containers’ deployment time, functions’ execution time,
and energy consumption in bare-metal platforms; (ii) model simu-
lations of serverless platforms; and (iii) run our experiments. We
design a set of experiments, which is presented in Table 2. We ex-
ecute all scenarios with all FOA-energy based scheduling policies
and K8S ImageLocality. In total, we performed 1350 experiments.

4.1 Measuring Resources Utilization

In a bare-metal infrastructure, on top of GRID5000 [11], we de-
ploy the serverless platform OpenWhisk [3], and execute an adapted
version of the serverless functions from FunctionBench [26]. For
each type of function adapted, we execute them using two differ-
ent inputs, as described in Table 3. We measure their CPU and
memory usage, as well as the execution time and total energy con-
sumption of batches of serverless functions. To avoid interferences,
we reserve the GRID5000 nodes entirely to be sure that no other
tasks or processes are running in parallel with our experiments.
For each function studied, we repeat its execution 5 times. In our
setup, OpenWhisk is deployed on top of Kubernetes, and both run
in the bare-metal platform GRID5000. As each one exports its own
metrics, we do our measurements in three different steps:

(i) Measuring Containers’ Deployment Time, CPU and
Memory Usage: Kubernetes exports information about containers
(including deployment time) in their computing units (Pods). To
measure and visualize metrics such as CPU and memory usage, we
deploy Prometheus [1] and Grafana [14] on top of Kubernetes.

(ii) Measuring Functions’ Execution Time: We instrument
the functions from our selected benchmark to measure their execu-
tion time. Also, the OpenWhisk platform provides timestamps per
event and function. In the end of (i) and (ii), we cross the timestamps
of OpenWhisk and Kubernetes to know when a pod is created, when
its container is ready, when a function is executed, and when a pod
is destroyed.

A. A. Da Silva et al.

(iii) Measuring Energy Consumption: GRID5000 provides an
API, called Kwollect[12], that scrapes the instant power consump-
tion captured by physical wattmeters. However, Kwollect does not
separate the power consumption per process or function that has
been executed. For that reason, (a) we reserve entirely the nodes
we use, and (b) we also retrieve the logs of OpenWhisk to have
the timestamps of each function execution. With (b) we can merge
both data, coming from Kwollect and OpenWhisk, to know the
function responsible for the respective power measurements col-
lected. Since OpenWhisk requires a minimum of two nodes, one to
be a controller and another to be a worker, we analyze their energy
consumption separately. Note that OpenWhisk controller nodes
have no functions being executed on them, but worker nodes runs
functions along with management services (network, metrics, ...).
For simplicity, we sum the energy consumption of management
services and the functions. To perform such measurements, we run
the experiments on seven different clusters of GRID5000, located
in two different sites in France: Grenoble and Lyon. Table 4 shows
their number of nodes. A whole configuration description can be
found in its documentation [11]. We choose these clusters because
of the presence of the wattmeters on them. Finally, we compute the
energy consumption (in Joules) for each functions as the integral
of the instant power consumption (in watts) over their execution
time through the Trapezoidal Rule [21].

4.2 Modeling Simulations of Serverless

Following the simulated environment described in [17], we use
the Batsim/ Simgrid simulator [23], the description of machines
from GRID5000 [11], and we model workloads based on the Func-
tionBench [26] benchmark. We extend this methodology by adding
the energy consumption measurements collected with the bare-
metal infrastructure to our models of platform and workloads. As
a baseline, we made a scheduling policy inspired by Kubernetes
called K8S ImageLocality.

(i) Modeling Workloads: we model our workloads as a set
of different combinations of functions and inputs, as described in
Table 3. In addition, each function has its required container layers’
composition attached to the generated workloads to reproduce the
layers’ sharing mechanism in simulation. Finally, following Batsim/
Simgrid requirements, we estimate the number of floating-point
operations (flops) necessary to simulate each function.

(ii) Modeling Platforms: we model the platforms by describ-
ing the nodes’ CPU speed for different sets of clusters, following
GRID5000’s configuration [11]. Each platform represents a vari-
ation of our bare-metal scenario, which comprises a fixed set of
7 different clusters, with different number of machines. We vary
the number of machines available on each cluster, as presented
in Table 4. The baseline platform set-up represents exactly our
bare-metal scenario, having 100% of the platform size.

(iii) A Model for Container Layer Download Optimization:
we keep a list of container layers that are cached in each machine.
We use this information to verify, per function, during scheduling
decision, which layer can be re-used.

(iv) A Container Locality Baseline Policy: our baseline is
inspired by the Kubernetes scheduler, more specifically, by the
Image Locality plugin [15], that selects the machines to execute
the functions by first scoring all available machines based on the
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Parameters Values
‘Workload Size 200, 600, 1000 functions
Fixed Clusters 7 clusters

Platform Size
Scheduling
Policies

14, 30, 57 machines
FOA-energy + {FirstFit, SmallestFirst,
LargestFirst, FCFS}, FCFS + K8SImgLocality
30 seeds

Table 2: Design of Experiments, covering 1350 experiments.

Random Seeds

Function Input Unit Con’fainer
Values Size

Chameleon 2.10%,3.10% Matrix size 170 MiB
Face Detect. 30, 50 Vid. Size (MiB) 2.46 GiB
Float Oper. 10.107, 20.107 Operations 155 MiB
Image Proc. 40, 60 Img size (MiB) 2.45 GiB
Linpack 5.10°%, 6.10° Matrix size 214 MiB
Model T. 50, 100 Dataset size 2.45 GiB
Pyaes 3.10°%, 4.10° Length of msg. 170 MiB
Video Proc. 30, 50 Vid. size (MiB) 2.46 GiB

Table 3: Functions adapted from FunctionBench [26].

Site/ Cluster #Nodes | P.25% | P.50% | P.100%
Grenoble/ Troll 4 1 2 4
Grenoble/ Yeti 4 1 2 4
Lyon/ Gemini 2 2 2 2
Lyon/ Neowise 10 3 5 10
Lyon/ Nova 22 6 11 22
Lyon/ Orion 3 2 2 3
Lyon/ Taurus 12 4 6 12
Total of machines 57 21 30 57

Table 4: Experimental platforms’ composition, representing
25%, 50%, and 100% of GRID5000 available nodes per cluster.

presence of the required container, and then selecting the highest
scored one. Finally, to be comparable with FOA-energy, we adapt
this algorithm to operate in the two levels of the continuum: it uses
a FCFS policy for the global continuum and its container image
locality plugin for the local level.

5 Experimental Results

We present the experimental results in two main parts. The
first one concerns the measurements of energy consumption on
serverless platforms in the edge cloud continuum. The second part
concerns the impacts of scheduling policies applied to the contin-
uum, investigated through simulations. Such impacts are depicted
in terms of energy consumption, makespan, amount of data down-
loaded, and scheduling time.

5.1 Measuring Energy Consumption

Figures 3 and 4 present the instant power consumption of dif-
ferent clusters. The x-axis represents the timestamp, the y-axis
represents the instant power measurements in Watts. In Figure 3,
the colors represent the different clusters, while in Figure 4, the
colors represent the different functions, and the facets (squares)
represent the different clusters, but not all clusters are illustrated
because of similar results.

(i) Power Measurements of Controller Nodes: We observe
in Figure 3 that the results of nova are similar to taurus therefore
they are overlapped. As the controllers manage the platform there
are several services running together but we represent all of them
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Figure 3: Instant power measurements (in Watts) of serverless
platforms controller nodes in our bare-metal setup.

as one unique curve in the figure. We emphasize that this analysis
is an important step to reduce overall energy consumption, once
it becomes clear that different clusters consume different ranges
of instant power to deploy and run the same serverless platform.
For instance, the difference between gemini and nova is of 10x.
We understand that these differences in performance are due to
different hardware configurations. For instance, gemini is the only
cluster in our set-ups that has GPU and their consumptions are
taken into account even if the functions are not using them.

(ii) Power Measurements of Worker Nodes: We execute
different kinds of functions to investigate if it would be possible to
profile them. In fact, in Figure 4, it is possible to see identical behav-
iors for each function in the different clusters. However, the range
of instant power changes across the clusters. Therefore, we under-
stand that profiling the functions is possible, but it should happen
per cluster. We remark that in the context of serverless computing,
there are several events that can interfere with the execution of
functions, such as services in the management of the platform fail-
ing and restarting, network connection failing, container download
or deployment failing, a function reaching a time or resource limit,
and others. For instance, an entire sequence of chameleon functions
fail in yeti-4 around 13:30. Trying to understand these failures, we
saw that both functions chameleon and facedetection have a few
successful executions before the failures, so their respective contain-
ers are already deployed. Also, the platform does not present any
different behavior during their executions. Therefore, we find out
that failures occur due to time or resource limits. Maybe resources
used by the previous functions are not released on time before the
executions start.

(iii) Measuring Energy Consumption of Functions: once
we studied the behavior of each kind of function, we profile their
duration and energy consumption, considering five repetitions. Fig-
ure 5 illustrates the median of the functions’ execution time (in
seconds) and the energy consumption (in W/h) of each function on
each one of the clusters, with minimums and maximums indicated.
It was expected that different clusters would perform differently
for both metrics, but interestingly, not necessarily the most effi-
cient machine for execution time is the most efficient for energy
consumption. For instance, chameleon_2000 runs faster in neowise,
but does not present the lowest energy consumption.
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platforms worker nodes in our bare-metal setup.

s‘ gemini ‘
415 T

% 3 1 %2 097 193 v 2.83 > Ly 198 155
2 imm o2 I 045 388 o5 [N 02 0.63 i N
g 5‘ neowise ‘
s 3.28
§ 0o = 10: B LS 123 243 155 B
g 0_&'_ - 35 0.62 0.35 072 o.42 w23 I
° 6 yeti

‘ = 478

3 = 3.56 3.46

| 176 b5

0.88 1.18 ds obe

0-—055% i N 2.5 i .55, [ i 037, i

‘ gemini
100 75.61 .
£ 50,89

1 7.67
g 50 53919813 5 l1”3483 1 15.86 9,01 ‘94612361985"%2773
c =1 | - R =
%100[ neowise
5 100-
=]
2 50 31.8238.15 24.9 . a1
<§ YELRED 124458 3 7.7 403 227 862 507 140752 179
s [ yeti
21007
2
w50 32.4934.76 ors

0l85L 351 677-- 57 M4 382 7.52 346-765 3.26 6461134--
2@0 @Q “‘(\06“‘(\‘0 \@2 ’\Qr%b@“\ ““\b 50@ %Qg Q“\bc_&mb ,AQQQ AQQQ 60«\0

0% 5e0%, AL O Sect 05505 565 200 200,
o efaﬁége\ o\&e\ec\\ 332‘3\?) ?\0 %\f\\\“‘,a\\@ a\“‘“ ; a\“‘“ N 1@ \0 2o
) Q) )

LSRR \\oa\ qe9 gev d 3 0?,\6609

Functlons per input

Figure 5: Median Duration and Energy Consumption for dif-
ferent serverless functions in our bare-metal setup.

5.2 Analysis of Scheduling Results

In the remain of this section, we present the analysis of the Pareto
Front of FOA-energy’ linear program, and the results of our simula-
tions to study the two levels of FOA-energy’s performance, com-
pared against our baseline. Figures 7-(a), (b), (c), (d) and (e), present
workload sizes over different metrics, with facets representing the
platform sizes, and the colors stands for scheduling policies (from
the left to the right they are respectively FOA-energy+FirstFit, FOA-
energy + LargestFirst, FOA-energy + SmallestFirst, FOA-energy +
FCFS, and FCFS + K8S ImageLocality).

(i) Pareto Front of FOA-energy Linear Program: optimizing
energy consumption and makespan is a compromise, and we in-
vestigate such a compromise by re-executing our linear program
several times, reducing the constraint of makespan each time (see
Section 3.1). Figure 6 illustrates this compromise through a Pareto
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Figure 6: FOA-Energy Linear Program Pareto Front for the
different combinations of workload and platform size.

Front for each combination of workload and platform size, having
makespan (in minutes) over energy consumption (in kW/h). The
first iteration computes the smallest sum of energy consumption
and hence the highest relevant makespan. As far as we constrain the
makespan over the iterations, the energy consumption increases.
We highlight that (i) four or five iterations achieve good trade-offs
between both objectives; (ii) the Pareto’s shape is smooth in all
scenarios. In addition, we remark that (a) not all instances found a
solution of energy consumption with small values for makespan;
(b) since we need to re-execute the linear program at each iteration,
the scheduling time to produce a final solution is cumulative. (b)
the scheduling time to produce a final solution increases as we need
to re-execute the linear program.(c) we use an open-source solver,
CBC, through a Python library, python-pulp, to compute our linear
program. A more advanced solver might reduce its processing time.

(ii) Energy Consumption: Figure 7-(a) shows that in all scenar-
ios, FOA-energy-based algorithms outperform K8S ImageLocality
with gaps from one to three orders of magnitude regarding the
energy consumption. It is clear that the greedy strategy of the K8S
ImageLocality does not contribute to reductions in energy consump-
tion. Concerning the FOA-energy-based algorithms, all performed
identically thanks to their basis algorithm in the first level of sched-
uling, which is FOA-energy, that optimizes the energy consumption
of the whole platform. It is also interesting to discuss why energy
consumption does not change across the different platform sizes
for each fixed combination of workload. The difference between
the platforms with 25%, 50% and 100% is the number of similar
machines inside each cluster. The clusters and their energy con-
sumption characteristics remains the same. So, if FOA-energy is
capable of optimizing the placement of the workloads in the small-
est platform, it is not going to use more resources only because the
platforms increase and the workloads remain the same.

(iii) Makespan: Figure 7-(b) shows that all FOA-energy-based
algorithms, except FirstFit, are robust concerning the makespan,
in all platforms, and their performance improves as far as there
are more resources available. Comparing the makespan, our best-
performing algorithms reduce it by more than two orders of magni-
tude in comparison to K8S ImageLocality for the smallest platform
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with the biggest workload size. More generally, FOA-energy-based
algorithms performs better on overloaded resources.

FirstFit is the least performing in the other platforms due to its
algorithm, that respects a limit of acceptable makespan, which we
consider as the makespan of the last solution of FOA-energy linear
program. FCFS, LargestFirst, and SmallestFirst better distribute the
functions across the different machines by scheduling one func-
tion per machine at a time. Finally, K8S ImageLocality, use more
machines as the platform size increases, as a greedy algorithm, im-
proving its performance in makespan, but ignoring other aspects
such as energy consumption.

(iv) Amount of Downloaded Data: Figure 7-(c) shows that an
algorithm that optimizes function placement, such as FOA-energy,
really outperforms greedy algorithms such as K8S ImageLocality.
We can also see that FOA-energy-based algorithms present different
performances. The LargestFirst policy outperforms the Smallest-
First as we increase the size of the platforms, by scheduling the
largest functions first. The largest functions may require the biggest
containers, as well as utilize and produce the biggest inputs and
outputs. All of that is summed up as the amount of data downloaded.
The FCFS policy shows that a random approach of dispatching func-
tions to the machines without any regard for their duration can be a
good fit in terms of matching the containers that are used by other
functions. The FirstFit approach, using the same machine as much
as possible, optimizes the most the number of duplicated containers
in the platform. K8S ImageLocality only prioritizes machines where
the entire container is present. Even if it does share container layers
if present at deployment time, container layer aware scheduling
policy in comparison reduces the amount of downloaded layers.
Our best FOA-energy-based, FCFS, approach outperforms K8S Im-
ageLocality by from one to three orders of magnitude.

(v) Time to Compute a Scheduling Solution: FOA-energy is
based on a linear program with several constraints, as shown in
Equation 1, which is expensive regarding the time to produce a
solution. Even so, we achieve comparable performances between
FOA-energy-based algorithms and K8S ImageLocality in terms of
scheduling time (the time to produce a scheduling solution). We re-
mark that we have two main choices concerning the linear program
that results in such a performance: (1) the use of fractional instead
of integral solutions, and (2) the modeling of clusters instead of
machines. Both choices speed up the linear program’s response
time because (1) makes it easier for the solver to find optimal so-
lutions, and (2) results in much fewer variables to be considered
in the model since we have just a few clusters against hundreds of
machines. Figure 7-(d) shows that all FOA-energy-based algorithms
perform in order of seconds and are stable regarding the different
scenarios. We recall that FOA-energy’s decision considered five rep-
etitions of its binary search process. Fewer iterations would result
in even faster scheduling time, but higher energy consumption.

(vi) Number of Machines Used: Figure 7-(e) presents the num-
ber of machines used for each solution. K8S ImageLocality, as a
greedy algorithm, uses as many machines as possible, while all FOA-
energy-based algorithms better choose the machines to be used.
When comparing the FOA-energy-based algorithms, the FirstFit pol-
icy provides solutions using always the same number of machines
due to its algorithm of using each machine as much as possible.
The other three FOA-energy-based algorithms exploit the increase
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Figure 7: Comparison of FOA-Energy based algorithms and
K8S ImageLocality for different metrics.

in the number of machines per cluster while they still do not use
the whole platform, reducing up to one order of magnitude of the
number of machines used when compared to K8S ImageLocality. In
summary, FOA-energy-based algorithms provide optimal solutions
regarding the number of machines used, even in small scenarios
when there are many functions per machine.

6 Conclusions and Future Directions

We evaluate the impacts of considering a multi-objective ap-
proach for a two-level scheduling policy on serverless platforms in
the heterogeneous edge-cloud continuum. We propose our multi-
objective scheduling policy, called FOA-energy. Our experimental
results show that standard cloud greedy algorithms, like the base-
line inspired by Kubernetes, may not fully leverage the potential
efficiency of heterogeneous serverless platforms at the edge. FOA-
energy, on the contrary, optimizes the placement of functions by its
multi-objective policy. It outperforms the baseline algorithm when
combinging energy consumption, data transfers, and makespan
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minimization objectives, in addition to the number of machines
used, by up to three orders of magnitudes. We remark that FOA-
energy is robust regarding the heterogeneity, and it is not affected
by the different levels of heterogeneity studied, producing results
with the same quality for all of them. By reducing the amount of
data transferred to download containers, we minimize cold start
delays through faster container deployments. In addition, it also
speeds up the functions’ execution time. Thus, efficient scheduling
policies for serverless computing at the edge-cloud continuum re-
quire better management of the heterogeneity to drastically reduce
the amount of data downloaded and the number of machines used.

In the future, we plan to follow three main directions. (i) FOA-
energy is going to be deployed as the main scheduling policy of a
real-world serverless platform, and we are going to investigate its
response in such an environment. (ii) we plan to study applications
that can be modeled as workflows of serverless functions, which is
an increasingly used programming style and allows developers to
describe complete and complex application logic. (iii) after imple-
menting FOA-energy on real-world serverless platforms, we plan
to connect it to forecasting components to make possible an online
utilization of FOA-energy’s offline approach.
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