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Kurzfassung

Das Edge Intelligence Anwendungsparadigma ist ein Oberbegriff für KI-Anwendungen,
die über das Kontinuum von Edge und Cloud hinweg zusammenarbeiten. Kennzeichnend
für sie sind strenge Anforderungen in Bezug auf geringe Latenzzeiten, Datenschutz,
Personalisierung und komplexe Interaktionen. Das Edge-Cloud-Kontinuum ist in Bezug
auf die Ressourcen heterogen, hochdynamisch, da sich die Benutzer ständig bewegen, und
die Senkung des Energieverbrauchs ist bei Edge- und Cloud-Implementierungen wichtig.
Aus diesem Grund ist eine autonome Anwendungsorchestrierung von entscheidender
Bedeutung für die breite Einführung von Edge Intelligence. Die derzeitigen Plattformpa-
radigmen unterstützen diese neuen Anwendungen jedoch nicht vollständig. Daher werden
in dieser Arbeit vier Beiträge vorgestellt, die sich mit Plattformen für Edge Intelligence be-
fassen. Wir führen eine auf Edge Intelligence basierende Anwendungsfallstudie durch, um
Plattformanforderungen und eine Vision für eine Edge Intelligence as a Service-Plattform
abzuleiten. Basierend auf diesen Anforderungen und der notwendigen Unterstützung für
ein autonomes Anwendungsmanagement untersuchen wir das Serverless Edge Computing.
Serverless Edge Computing ist ein Plattformparadigma, das ein vollständig automati-
siertes Management des Anwendungslebenszyklus verspricht, indem es das heterogene
Edge-Cloud-Kontinuum abstrahiert und es den Benutzern ermöglicht, ihren Code einfach
als kleine, in sich geschlossene Funktionen hochzuladen. Wir geben einen Überblick über
den aktuellen Stand der Serverless Edge Computing-Angebote, die von Open Source über
kommerzielle Angebote bis hin zur Forschung reichen. Die Analyse der Edge-Intelligenz
und die Literaturrecherche zeigen, dass es noch offene Herausforderungen in Bezug auf
Mobilität und Energieverbrauch gibt. Daher stellen wir zwei neuartige Ansätze vor,
die Serverless Edge Computing-Plattformen erweitern und die Herausforderung mobiler
Nutzer und des Energieverbrauchs angehen. Der mobilitätsbewusste Ansatz schlägt eine
dezentrale Plattform vor, die sich auf Schwellenwerte stützt, um Funktionen als Reaktion
auf mobile Benutzer zu verwalten (z. B. in Smart Cities). Der zweite Ansatz entwickelt
einen Container-Scheduler, der sich auf ein neuronales Graphen-Netzwerk stützt, um
den Stromverbrauch von Geräten abzuschätzen und den Gesamtenergieverbrauch zu
reduzieren. Auf der Grundlage dieser beiden Orchestrierungsstrategien haben wir die
Herausforderung entdeckt, sie richtig zu parametrisieren, und schlagen eine selbstan-
passende Plattform vor, um dieses Problem zu lösen. Wir stellen ein Test-Framework
und einen Serverless-Edge-Simulator vor, die wir zum Aufbau eines selbstanpassenden
Plattform-Prototyps vereinen. Dieser Prototyp wird mit realen Überwachungsdaten in
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eine Simulation eingespeist, die Einblicke und eine fliegende Optimierung der Orche-
strierungsstrategieparameter ermöglicht. Darüber hinaus schlagen wir eine Methode
vor, um vorhersagebasierte Orchestrierungsstrategien durch die Erzeugung synthetischer
Datensätze zu testen. Der erste selbstanpassende Ansatz zielt auf schwellenwertbasierte
Strategien während der Laufzeit ab, während der zweite ein auf Vorhersagemodellen
basierender Ansatz ist. Beide Ansätze ermöglichen eine selbstanpassende Serverless Edge
Computing-Plattform, die Edge Intelligence-Anwendungen unterstützt.



Abstract

The Edge Intelligence application paradigm is an umbrella term for AI applications
that cooperate across the edge-cloud continuum. Stringent requirements around low
latency, privacy, personalization, and complex interactions are characteristic of them.
The edge-cloud continuum is heterogeneous in terms of resources, highly dynamic as
users constantly move, and reducing energy consumption is important in edge and cloud
deployments. Autonomous application orchestration is crucial for the widespread adoption
of Edge Intelligence. However, current platform paradigms do not fully support Edge
Intelligence. Therefore, this thesis presents four contributions that investigate platforms
for Edge Intelligence. We conduct a use case study to derive platform requirements and
a vision for an Edge Intelligence as a Service platform. Based on these requirements and
the necessary support for autonomous application management, we further investigate
Serverless Edge Computing. Serverless Edge Computing is a platform paradigm that
promises to deliver a fully automated application lifecycle management by abstracting
away the heterogeneous edge-cloud continuum and allowing users to simply upload
their code as small self-contained functions. We review the current state of Serverless
Edge Computing offerings that range from open source to commercial offerings and
research. The analysis of Edge Intelligence and the literature review discern that open
challenges around mobility and energy-awareness remain. Therefore, we present two
novel approaches, which extend Serverless Edge Computing platforms and tackle the
challenge of mobile users and energy consumption. The mobility-aware approach proposes
a decentralized platform that relies on thresholds to manage functions in response to
mobile users (e.g., in Smart Cities). The second approach builds a container scheduler
that relies on a graph neural network to estimate the power consumption of devices
and reduce overall energy consumption. Based on these two orchestration strategies, we
discovered the challenge of properly parameterizing them and propose a self-adaptive
platform to tackle this issue. We present a testing framework and a Serverless Edge
simulator that we unify to build a self-adaptive platform prototype. This prototype is
fed real-world monitoring data into a simulation that provides insights and on-the-fly
optimization of orchestration strategy parameters. In addition, we propose a method to
bootstrap prediction-based orchestration strategies by generating synthetic datasets. The
former self-adaptive approach targets threshold-based strategies during runtime, while
the latter is a prediction model-based approach. Both approaches facilitate a self-adaptive
Serverless Edge Computing platform that supports Edge Intelligence applications.
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CHAPTER 1
Introduction

1.1 Motivation
Edge Intelligence (EI) applications aim to provide the next generation of Artificial
Intelligence applications by combining all resources available in the edge-cloud contin-
uum [RD21]. Applications like Mobile Augmented Reality or Personal Assistance are
typically user-centered and require low latency and privacy, typically achieved through
on-device computation [RRD+22, ZCL+19]. However, AI training and inference can not
be handled on all devices due to device resource constraints. Therefore, the computation
is split across the edge-cloud continuum [ZCL+19]. To this end, EI developers require
platforms that can autonomously manage application deployments while satisfying their
requirements. Serverless computing platforms promise to abstract away the infrastructure
from their customers by autonomously orchestrating applications. The orchestration
includes starting and removing applications to withstand incoming requests and distribut-
ing these requests following operational goals. Goals include user and platform-centered
requirements, such as increasing resource efficiency or decreasing energy consumption.
While this platform paradigm has found significant adoption in Cloud Computing, its
extension, Serverless Edge Computing, seems promising for EI applications but has yet
to be explored [NRF+22]. Building and optimizing orchestration strategies for Serverless
Edge Computing platforms is the main topic of this thesis.

Several challenges have yet to be addressed by Serverless Edge platforms that we will
investigate [ATC+21, NRF+22, RND23]. They revolve around serving mobile user
requests and energy efficiency, both critical and needing to be addressed [PSP+21,
RND23, ATC+21]. In Multi-Access Edge Computing (MEC), service providers can host
applications on radio tower base stations. When mobile users connect, they can send
requests to these stations. Due to delays, such as cold startups, application instances can
not instantaneously spawn in new locations. Platforms need to know exactly where to
start new instances in response to incoming workload changes. Therefore, platforms must

1



1. Introduction

2nd Contribution

Chapter 3

Orchestration 


Strategies

Chapter 4

Testing and 

Simulating

Chapter 5

Self-Adaptive

Serverless Edge
Computing 

Energy

Mobility

3rd Contribution

Simulation

Testbed

4th Contribution

Bootstrap

Runtime

1st Contribution

Chapter 2

Requirements

Model

Serverless
Edge

Computing

Edge
Intelligence

Figure 1.1: Main chapters and contributions of this thesis

be mobility-aware to reduce inter-cluster network traffic and keep end-to-end latency
minimal. Besides, Serverless Edge Computing must pay attention to the emerging
challenges in cloud data centers. To this end, we want to focus on the issue of sustainable
Serverless Computing [PSP+21]. Specifically, reducing energy consumption is critical
and aids resource-constrained devices across the edge-cloud continuum. Due to hardware
accelerators, compute-intensive applications, such as AI, consume large amounts of energy.
Embracing the fine-grained placement strategy of serverless computing to increase resource
usage efficiency and placing them in an energy-aware manner can decrease overall energy
consumption.

Figure 1.1 depicts an overview of the main chapters of this thesis and the contributions
presented in each. The context and ideas of each chapter build on the predecessors, as
the thesis explores challenges surrounding Serverless Edge Computing, which finishes
with a vision of a self-adaptive platform for Edge Intelligence.

The first stage, Chapter 2, analyzes application platform requirements for Edge Intelligence
and investigates open challenges for the promising platform paradigm of Serverless Edge
Computing. This requirements model builds the first contribution. The next stage
introduces our second contribution in Chapter 3. This stage introduces and evaluates
strategies to tackle mobility and energy-related challenges in Serverless Edge Computing
using a threshold- and prediction-based approach. We focus on the mobility aspect in an
edge-cloud scenario while tackling energy awareness in a cloud environment. Literature
exists for both; while mobility is a well-studied problem in edge-cloud systems, energy-
awareness in Serverless Computing is just gaining traction [PSP+21]. An important aspect
of our orchestration strategies is that the mobility-aware strategy builds on thresholds,
while the energy-aware one builds on an AI model. Both are built on parameters (i.e.,
thresholds or a trained prediction model) that must be set before deploying them. The
challenge of finding those parameters stems from the edge-cloud environment. Edge-cloud
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systems and EI are dynamic, and the environment and infrastructure in which they
operate change over time. For example, an infrastructure for the Industrial Internet
of Things (IIoT) will have different resources than one for a Smart City deployment
[RLF+20, RRD21]. Moreover, request patterns can vary across Smart Cities and also
across applications [RND24, JHA+23] Consequently, orchestration strategies must adapt
to counteract this dynamicity. As these directly impact the decisions of the orchestration
strategies, they influence the performance and Quality of Service of deployed user
applications.

Therefore, this thesis’s third and fourth stages tackle the challenge of finding orchestration
parameters. The goal is to build a self-adaptive Serverless Edge Computing platform
that autonomously tunes parameters at runtime and bootstraps them. To this end,
the third contribution, presented in Chapter 4, proposes a simulation [RRFD23] and a
testbed framework [RRP+22]. These unified tools offer the necessary features for building
a self-adaptive platform. The testbed and simulation framework are combined into a
co-simulation framework that sends real-time monitoring data from the infrastructure
to the simulation. We use the term co-simulation to describe a system that facilitates
simulations that replicate the real world and are similar to symbiotic simulations and
digital twins [TPS+22, OMS+18]. The simulation can then implement strategies to
optimize the parameters and propagate them back to the platform (i.e., the testbed).

The self-adaptive platform, presented in Chapter 5 as the fourth contribution, revolves
around optimizing the parameters. Parameters can include AI models, thresholds, etc.,
and depend on the orchestration strategies’ implementation. The self-adaptive platform
must account for heterogeneous infrastructures and applications, which makes a flexible
approach crucial. Therefore, we propose a co-simulation-based framework in this work
that creates a feedback loop between the real world and the simulation. We can use the
simulation to optimize the parameters and apply them in real-time during runtime. In
contrast, we can also use the simulation beforehand to generate synthetic datasets to
train the models.

1.2 Problem Statement
The vast amount of heterogeneous hardware in the edge-cloud continuum requires
significant changes to application deployment as manual management is not feasible
[RD21]. In recent years, Serverless Computing has shifted the responsibilities towards the
platform providers to manage application deployments autonomously. The three main
orchestration strategies, scheduling, autoscaling, and request routing, are responsible
for this. However, current platforms are unsuited for EI and require significant changes
[RND23, ATC+21]. Serverless Edge Computing aims to address these issues and provide
a suitable autonomous platform enabling EI [NRF+22]. We identify two key orchestration
challenges that Serverless Edge platforms must tackle: mobility and energy. Mobility
awareness enables platforms to shift applications along the moving users’ trajectories,
mainly at the network’s edge [ZPX+18]. Energy awareness is essential for battery-powered

3



1. Introduction

devices and large cloud data centers that aim to reduce their overall power consumption
[PSP+21]. Before tackling these challenges, we formulate our first research question that
revolves around the requirements of EI and Serverless Edge Computing platforms.

RQ1. What are the requirements that Serverless Edge Computing needs to
fulfill for Edge Intelligence?

Edge Intelligence imposes several challenges on application platforms due to stringent
requirements and the vision of a fully coordinated edge-cloud continuum. These require-
ments revolve around the applications, such as response times, and the platform, such as
energy consumption. Additionally, the edge-cloud continuum is heterogeneous regarding
available devices, their computational power and available resources, and dispersion
across geographical regions, resulting in heterogeneous network conditions. Our approach
to answering this question is two-fold. First, we lay out Edge Intelligence using a use
case study and determine general EI application characteristics and requirements. This
entails the types of data processed, the general application domains they belong to,
and the requirements they impose on runtime aspects, such as application performance.
Second, we investigate Serverless Edge Computing offerings and focus on their support
for applications that facilitate the heterogeneous resources, such as Edge Intelligence.
These two analysis pieces formulate a requirements model that stretches from the general
view of EI applications to the specific challenges of Serverless Edge Computing, fulfilling
the need for next-generation applications across the edge-cloud continuum.

RQ2. Which orchestration strategies can build the foundation for mobility-
and energy-aware Serverless Edge Computing platforms?

Mobility- and energy-awareness are crucial to the success of Serverless Edge Computing.
Therefore, appropriate orchestration strategies must be proposed.

Mobility-aware platforms must determine where applications should be put in response to
user movements. This is a common scenario for EI applications, such as Mobile Augmented
Reality in Smart Cities, where users move around a city and request object detection
based on what they see, which requires low-latency responses [RHS+21]. However,
such strategies are limited in how much information they can base decisions on. The
heterogeneous infrastructure discrepancy in the edge-cloud continuum causes this. Moving
away from large-scale data centers with high-performance networking infrastructures
causes significant network performance degradation. Specifically, networks tend to be
more unreliable the more we move to the network’s edge [RLF+20, RRD+22]. Therefore,
Serverless Edge platforms must accordingly limit monitoring when deploying operational
strategies across the edge-cloud continuum. Energy awareness is crucial for battery-
powered devices and in large-scale clusters where providers try to minimize the energy
footprint [PSP+21]. Application schedulers must place application instances to reduce
overall energy consumption. While research approaches focus on mobility- or energy-
awareness, they lack integration in a Serverless context and most often do not consider
the monitoring overhead [RRD+22, PSP+21].

RQ2 aims to build and evaluate mobility- and energy-aware strategies for Serverless

4



1.2. Problem Statement

Edge Computing. We propose two sets of orchestration strategies, one focusing on
mobility while the other on an energy-aware scheduler. Our orchestration strategies
integrate well into real-world systems, such as Kubernetes. Kubernetes is a popular
container orchestration service that implements low-level services on which we build.
For example, Kubernetes offers an API to create and remove containers; we implement
strategies communicating with this API. Our mobility-aware [RRD+22] strategy relies
on thresholds, while our energy-aware [RRD+24] one relies on trained prediction models.
Both require parameterization to work correctly in their deployed environment. This
entails setting thresholds and training a model. Both tasks can be challenging in the face
of unknown or changing environments. Only relying on monitoring data constitutes a
reactive adaptation process by optimizing the parameters using historical data. This is
problematic because they can only adapt after changes have happened, which deteriorates
the quality of service. To avoid this issue, we propose a self-adaptive platform that uses
a simulation to evaluate different future scenarios. Therefore, we identify and develop
the required tools that work in tandem with Kubernetes and facilitate a self-adaptive
platform that can tune strategies before deployment and during runtime.
RQ3. What tools and methods are required to build a self-adaptive Serverless
Edge Computing platform?
Serverless Edge platforms are complex systems that include components to fully enable an
automated application lifecycle, from uploading applications to autonomously managing
them during runtime. However, due to the heterogeneous and dynamic nature of the
edge-cloud continuum, the platform must adapt to the changing environment. This thesis
focuses on the main orchestration mechanisms of function scheduling, function autoscaling,
and request routing. Each of these mechanisms can be implemented using different
optimization techniques. Therefore, tools that facilitate a self-adaptive platform must be
able to support a variety of implementations and should not be tied to one. Specifically,
orchestration mechanisms often influence each other (i.e., suboptimal scheduling decisions
can lead to increasing autoscaling actions, etc.) and should not be optimized apart from
each other. Simulations can facilitate such a platform by capturing major components of
a Serverless Edge Computing platform as a co-simulation. This research question involves
finding tools and methods to facilitate a self-adaptive platform. The tools and methods
must support various orchestration strategies and be able to model the interactions
between different ones (i.e., autoscaling and scheduling). Moreover, the tools must be
compatible with real-world entities as it is important to transfer as much information as
possible into the self-adaptation process.
RQ4. How can we tune orchestration strategy parameters during runtime
and bootstrap them ahead of deployment? How can simulation facilitate a
self-adaptive Serverless Edge Computing platform?
In RQ2, we have devised two orchestration strategies based on threshold-driven optimiza-
tion and a prediction model. These two represent a large class of orchestration strategies
found in related work [RND23]. For example, in literature, numerous optimization
problem formulations, such as Linear Programming (LP), have been explored to solve the
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1. Introduction

scheduling problem [RSK23, ATCG22, RRD21]. While Rausch et al. [RRD21] optimize
the weights of several objective functions used for scheduling, Rastegar et al. [RSK23]
formulate an LP problem whose solution represents an optimal application placement.
Other approaches can use prediction techniques, such as AI or ML, to implement the
orchestration mechanisms. Reinforcement Learning (RL) has been used to implement
intelligent agents that interact with the world by deciding where to place applications
[RNC19]. On the other hand, AI-based solutions can also use neural networks to pre-
dict values of interest to base a decision on [RRD+24, MPV+23, TGX+22]. Tuli et al.
[TGX+22] train a network to predict the Quality of Service given an application mapping
and can use it to decide which mapping is best.

Based on this, we want to explore which orchestration strategies can benefit from a
simulator and how the approach differs between optimization- and prediction-based
implementations. For example, in an optimization-based implementation, the simulator
can optimize parameters and send the output back to the real-world system. The
simulator can generate synthetic datasets for a prediction-based orchestration strategy
to create more robust models.

Another challenge is that the simulation must adapt the orchestration strategies to differ-
ent edge-cloud infrastructures with varying computational and network heterogeneity and
client request pattern heterogeneity. The edge-cloud continuum is a heterogeneous fabric
of computing resources; therefore, platforms must adapt their orchestration strategies
accordingly. Rausch et al. [RRD21] show that for their optimization-based solution, the
infrastructure significantly impacts the scheduler’s configuration to achieve good results.
For example, the scheduler’s configuration for a cloud data center infrastructure differs
significantly from an edge-cloud infrastructure. The same holds for prediction-based
approaches, where the prediction model is trained on an infrastructure different from the
real world. This can cause Quality of Service degradation, and the system might require
time to learn the new environment.

Therefore, we want to explore a self-adaptive Serverless Edge Computing platform using
a simulation to optimize orchestration strategy parameters during runtime and ahead of
deployment. Exploring approaches that work before deployment can increase the Quality
of Service by optimizing the strategies for new applications and infrastructures ahead of
deployment.

1.3 Methodology
In order to answer our research questions, we follow a typical systems and operations
research methodology based on experimental analysis and quantitative methods. In the
following, we outline our methodology to answer the research questions.

1. We devised a comprehensive use case-based analysis of EI application requirements
and EI platforms. The requirements revolve around various aspects, such as
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performance, security, and application characteristics (e.g., how much data sensors
produce). Based on that, we outline a technical vision of such a platform for EI and
conclude that Serverless Edge Computing is a promising candidate. As the next step,
we investigate current literature and projects around Serverless Edge Computing
and introduce criteria that evaluate the maturity of these platforms. Combined,
the EI requirements analysis and the criteria for Serverless Edge Computing build
a requirements model.

2. We implement and evaluate mobility- and energy-aware orchestration strategies.
To this end, we implement two approaches that work in tandem with Kubernetes
and evaluate them on a real-world testbed. The evaluation consists of the analysis
and discussion of relevant key performance indicators. These include application
response time, resource usage, and network traffic. Based on thresholds, the first
approach includes all orchestration strategies, scheduling, autoscaling, and request
routing, and focuses on an edge-cloud setup using low-latency applications, similar
to AI inference. The second is an AI-based energy-aware scheduling approach at
the local data center level to minimize energy consumption. In both cases, the
empirical analysis of each approach’s impact on the testbed and the analysis of
the respective methods are crucial. Our mobility- and energy-aware approaches
showcase how thresholds and prediction models can be used for decision-making.
At the same time, they highlight the need for self-adaptive platforms that find
optimal parameters during runtime and pre-train the prediction model for new
environments.

3. We build the foundation for our adaptive Serverless Edge Computing platform based
on an edge-cloud testing framework [RRP+22] and Serverless Edge Computing
simulator [RRFD23]. The simulator builds the core tool for our self-adaptive
platform. The testing framework contains a workload generator for developers and
a set of EI applications to test their orchestration strategies. The simulator has
been developed and tested in multiple works, showing high adaptability towards
new requirements, which is important to build a simulation-driven Serverless Edge
Computing platform due to variable factors, such as the actual implementation of
orchestration strategies or the infrastructure. The goal is to unify both to build
a self-adaptive platform that uses the simulation to drive the optimization of the
orchestration strategies. To this end, we propose function orchestration strategies
that the platform optimizes during runtime and before deployment.

4. We implement a threshold- and a prediction-based orchestration strategy with
which we tune our self-adaptive platform. The platform tunes the threshold-
based strategy during runtime, while the platform generates synthetic datasets
on which we can train the prediction model before deploying the strategy. We
evaluate different aspects of our adaptive Serverless Edge Computing platform.
The methodology consists of empirical systems research, consisting of running
experiments to determine the platform’s ability to create robust prediction models
and adapt parameters during runtime.
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1.4 Contributions
This thesis provides contributions to the field of edge-cloud systems with a focus on
orchestration applications in Serverless Edge Computing from the viewpoint of EI
applications. Novel contributions are made regarding orchestration strategies, testing
and simulation frameworks, and a self-adaptive platform capable of optimizing deployed
orchestration strategies by tuning threshold parameters and enhancing prediction models
through synthetic dataset generation. In the following we introduce four contributions
(i.e., C1, C2, C3 & C4), whereas C1 maps to RQ1, C2 to RQ2, C3 to RQ3 and C4 to
RQ4.

C1. Edge Intelligence & Serverless Edge Computing Requirements Model
Chapter 2 analyzes Edge Intelligence based on various use cases and proposes platform
requirements. The requirements revolve around the need for autonomous application man-
agement that alleviates platform clients. Customers should only upload their application
code and hand over the application orchestration to the platform. Serverless Edge Com-
puting, an extension of the cloud paradigm Serverless Computing [NRF+22, RND23],
appears as a promising solution to the orchestration challenges of Edge Intelligence.
Therefore, we analyze over 45 offerings from academia and public open source and
commercial offerings from various perspectives that hinder adoption. These two chapters
present a requirements model for Edge Intelligence applications and the Serverless Edge
Computing platform paradigm. The requirements and challenges Edge Intelligence and
Serverless Edge Computing pose are manifold. However, we address two: mobility- and
energy-awareness in C2.

C2. Mobility- and energy-aware orchestration mechanisms for the Edge-
Cloud Continuum Building orchestration mechanisms focusing on mobility and
energy is fundamental for Serverless Edge Computing and EI. We split the work into two
orchestration strategies. The first focuses on the mobility aspect in edge-cloud scenarios,
while the second focuses on energy-awareness in cloud systems.

• C2.1 Mobility-aware Serverless Edge Computing We have implemented
orchestration mechanisms to mitigate the issue of mobile users that generate
workload in different geographical regions [RRD+22]. The approach was built on
our novel pressure concept, which aggregates metrics (such as CPU usage, response
times, etc.) at the cluster level, which a global autoscaler uses to scale applications
based on pre-defined thresholds. The metric aggregation significantly reduces
the communication between remote edge clusters and the cloud. The pressure
metric allows the global scheduler to determine the direction of requests and take
scaling actions to address the incoming workload of moving users. Results from our
evaluation show an increase in performance and a reduction in network transfer.

• C2.2 Energy-aware Container Scheduling Energy plays an important role
in resource-constrained environments (such as Orbital Edge Computing [DL19])

8



1.4. Contributions

and large-scale data centers, which produce large amounts of carbon emissions
and increasingly more through the popularity of AI and hardware accelerators.
Therefore, we investigated scheduling mechanisms that can reduce the overall energy
consumption in an HPC setting [RRD+24]. The container scheduler uses a Graph
Neural Network (GNN) to predict the energy consumption of devices. Similarly to
simulations, the GNN allows us to perform what-if scenarios, which the scheduler
facilitates to choose the device with the lowest predicted energy consumption.

To summarize, C2.1 tackles the issue of placing resources along the user’s movement to
reduce network overhead and improve end-to-end latency. This is especially prevalent
in Smart Cities and focuses on low-latency applications, such as AI inference. C2.1
introduces a decentralized platform, consisting of a centralized controller and decentralized
local schedulers, that benefits from its pressure metric that aggregates low-level metrics
that can reduce network overhead caused by monitoring, as the central control mechanism
relies on this value. C2.2 investigates energy-aware scheduling at a local cluster level
using a GNN. The GNN model presented in this thesis only captures one host, but it
can include multiple hosts and possibly the complete cluster at once. Thus, C2.1 and
C2.2 complement each other as C2.2 can be integrated into the platform presented
in C2.1. However, both contributions have limitations. C2.1 fails to address the
challenge of heterogeneous devices when scheduling; this is crucial for the edge-cloud
continuum, as application performance can significantly degrade through bad scheduling
decisions. C2.2’s solution is fine-grained and requires extensive monitoring data. This
can introduce additional network overhead and negatively impact co-running applications.
Moreover, in our experiments, we conducted preliminary results to gather a dataset that
contains the energy consumption across different types of applications. While the model
is application-agnostic (i.e., only includes system-level resources), it must constantly
learn if new applications or hardware are deployed.

Moreover, contributions C2.1 and C2.2 propose novel orchestration strategies that utilize
thresholds and predictions to enable mobility- and energy-aware strategies. However,
both rely on the challenging task of finding the right parameters. In C2.1, the optimal
thresholds must be found to guide scaling actions, while in C2.2, a GNN must be trained,
which relies on historical monitoring data.

Therefore, we aim to build a self-adaptive platform to bootstrap parameters and determine
them during runtime. C3 builds the foundation of this platform, and C4 introduces
optimization-based approaches that find thresholds during runtime and generate synthetic
datasets to bootstrap the prediction model.

C3. Tools for a self-adaptive Serverless Edge Computing platform This
contribution revolves around building tools that enable a self-adaptive platform. Our
idea is to use co-simulation to find parameters, which requires an end-to-end framework
of monitoring infrastructure, transmitting the data, and feeding it into a compatible
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simulation. To this end, we propose a serverless experimentation framework [RRP+22]
that can be integrated with our serverless simulator [RRFD23].

• C3.1 Serverless Experimentation Framework The framework is based on
Galileo [RRPD19], a distributed load testing framework, which we extend by
adding orchestration capabilities that can be synchronized with the simulator, and
offers a streamlined approach to evaluate orchestration mechanisms [RRP+22].
This includes convenience functions to analyze experiments and help write new
orchestration strategies. A unified API used by this framework and the simulator
avoids rewriting them to a certain extent and promotes reproducibility on a real-
world testbed and the simulator.

• C3.2 Serverless Edge Simulator We also present a simulator [RRFD23] based
on a realistic domain model using a trace-driven resource model. This means we can
inject traces (i.e., monitoring data) from the real world into the simulator. Using
this simulator and the testing framework, we can build a self-adaptive Serverless
Edge Computing platform that uses simulations.

Contributions C3.1 and C3.2 build a foundation with which we explore two approaches
for self-adaptive platforms.

C4. Simulation-driven and self-adaptive Serverless Edge Function Autoscaling
The final stage of this thesis is to explore strategies that build the core of a self-
adaptive Serverless Edge Computing platform. Specifically, we focus on simulation-driven
approaches and on finding autoscaler thresholds and bootstrapping prediction models
for autoscaling using synthesized datasets. To this end, we propose a strategy that
finds thresholds during runtime (C4.1) and that helps bootstrap prediction models by
synthesizing datasets (C4.2).

• C4.1 Self-Adapting Autoscaler Thresholds during Runtime: We implement
a threshold-based autoscaling strategy to find optimal parameters during runtime.
As this is a proof-of-concept prototype, the evaluation will focus on a small-scale
testbed consisting of tens of nodes. We implement an end-to-end prototype that
unites Kubernetes, our testing framework [RRP+22], and the simulation [RRFD23].
The prototype constantly feeds monitoring data into the co-simulation, replicating
the real-world state. An optimization approach is deployed to find new threshold
values using the simulation. We conduct experiments by sending workload to
the testbed, optimizing autoscaling thresholds during runtime, and measuring key
performance indicators around performance and resource usage. The evaluation
results show low SLO violations and resource usage.

• C4.2 Bootstrapping Autoscaling Prediction Models through Synthesizing
Datasets: We introduce a prediction-based autoscaling orchestration strategy
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and generate synthetic datasets using the simulation. This entails running an
optimization process to find simulation scenarios and generate datasets for possible
infrastructure settings. The approach is evaluated against the baseline approach of
relying on historical data and related work.

To summarize the contributions and provide an overview, C4.1 introduces a novel strategy
to tune autoscaling parameters during runtime. In contrast, C4.2 focuses on generating
synthetic datasets to train models that predict the needed resources to satisfy workloads.
Both contributions complement each other, as runtime tuning and bootstrapping models
enable a self-adaptive platform with different orchestration strategies. The strength of
C4.1 lies in the fast optimization of parameters and the ability to replicate the real-world
platform. C4.2 shows that simulations can speed up the training process with minimal
historical data from the real-world platform. However, both contributions have limitations,
especially in their focus on simple autoscaling approaches and assumptions. Specifically,
C4.1 optimizes the parameters of a simple threshold-based autoscaling algorithm that
resembles the autoscaling process of the commonly used container orchestration service
Kubernetes. However, results indicate that our approach could struggle with more
complex orchestration strategies that require more parameters, i.e., our strategy required
one parameter per cluster and per function. A limitation of C4.2 is the assumption
of having an accurate workload prediction model. As the autoscaling strategy depends
on the predicted workload, underestimating or overestimating the incoming workload
can lead to drastic changes in results, and thus, performance, energy, and resource
consumption.

C4 presents the foundation of a self-adaptive platform using simulations, but has focused
only on autoscaling. This thesis has explored its applicability in tuning and aiding
autoscaling approaches. Consequently, other orchestration strategies, such as scheduling,
have yet to be explored using this approach.

1.5 Thesis Structure
The thesis is structured as follows: Chapter 2 motivates Edge Intelligence applications
and outlines how service platforms can facilitate their adoption across the general public.
Serverless Edge Computing is a promising platform paradigm that can facilitate this vision.
Therefore, we examine EI based on a use case study and Serverless Edge Computing based
on criteria, and evaluate the current state of Serverless Edge platforms in the literature
and open source and commercial offerings, which build our requirements model. Based
on the previously determined challenges, we focus on mobility- and energy-awareness
challenges and propose two novel approaches to tackle them. Chapter 3 proposes a
threshold-based mobility-aware orchestration strategy and an AI-based energy-aware
scheduling approach. However, finding thresholds and training prediction models is
challenging. Therefore, we aim to develop a self-adaptive platform to solve this task.
Chapter 4 proposes an end-to-end testing framework for edge-cloud resource management
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and a simulator that builds the core for this self-adaptive platform. Chapter 5 implements
and evaluates a self-adaptive Serverless Edge Computing platform using co-simulation.
The platform can generate synthetic datasets to train prediction-based orchestration
strategies ahead of deployment and find thresholds during runtime. Chapter 6 concludes
the thesis and provides topics for future work.
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CHAPTER 2
Edge Intelligence & Serverless

Edge Computing Requirements
Model

This chapter is dedicated to analyzing Edge Intelligence and Serverless Edge Computing.
First, Section 2.1 proposes a vision of an Edge Intelligence as a Service platform with its
requirements based on a use case study. The requirements revolve around EI applications,
their data types, application domains, and elastic requirements that platforms need to
address. Second, Section 2.2 introduces various criteria for Serverless Edge Computing and
reviews approaches from academia, the open source community, and commercial offerings.
The criteria are split into design time and runtime, and focus on emerging applications that
profit from the edge-cloud continuum and its heterogeneity (i.e., hardware accelerators),
such as EI.

Section 2.1 is based on [RD21], and Section 2.2 is based on [RND23].

2.1 Edge Intelligence as a Service
This section outlines our vision of Edge Intelligence by analyzing various use cases and
outlining a technical implementation. Besides identifying use cases and their requirements,
we take a look at what an Edge Intelligence as a Service platform would consist of.

2.1.1 Introduction
We have seen the rise of highly capable AI in recent years, powered by computational
capabilities of hardware accelerators, and the consequential research of neural network
architectures. AI starts to infiltrate our daily life, covering all important aspects (i.e.,
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health, cities, agriculture). Applications range from personalized food recommendations
[YHY+17], real-time video analytics [ABB+17], and irrigation scheduling predictions
[CTCL19]. Important characteristics are: context-awareness, ultra-low-latency, large
amounts of sensor data, and confidentiality. The emerging Edge Intelligence paradigm
fulfills all the conditions by extending the currently popular cloud-centric infrastructure
to the edge of the network. Edge Intelligence is meant to build a unified platform for AI
on edge applications with yet unseen capabilities by intelligently leveraging resources in
near proximity to users [DZF+20]. To train models with context in mind, we need to
deploy applications where the data originates from. Zhou et al. [ZCL+19] define six levels
of Edge Intelligence characterizing where training and inference are happening. While
Level 1 considers a central training in cloud and using resources at the edge for inference,
Level 6 imagines all tasks to happen on user devices, which reduces the amount of data
offloading to a minimum and guarantees confidentiality of personal data. In contrast to
AI on edge, AI for edge focuses on developing strategies for platforms to intelligently
manage applications as intended by users [DZF+20]. Intentions can have different forms
and are not limited to guaranteeing service metrics (i.e., response time) but extend to
providing relevant data and context-aware execution. Therefore, Edge Intelligence as a
Service platforms (EIaaS) need to allow developers not only to specify service metrics but
also to add contextual information, such that intelligent strategies transparently manage
deployments.

In general, the platform can be envisioned by deploying a sensing and compute fabric
[RD19]. The former represents the abundance of deployed sensors (i.e., IoT) while the
latter acts on the emitted data. The computing fabric is based on the Edge Computing
(EC) paradigm, which pushes centralized resources from the cloud to the edge of the
network [Sat17]. By pushing resources closer to the users, we can mitigate the issue
of the increasing bandwidth needs and process information and requests immediately.
Unfortunately, unleashing the promised potential of Edge Computing is hard and stems
from several factors: heterogeneous compute units, offering different capabilities, network
distance playing a crucial role to guarantee the stringent latency requirements, yet
unknown infrastructure governance, legal policies, context-awareness etc. [SD16]. To
overcome the burden of managing edge infrastructures, accessible platforms are necessary
to let people make full use of Edge Intelligence, and therefore allow us to enter the new
stage in the cyber-human lifecycle [RD19, MG19]. Transparent deployment guarantees
access to AI for businesses without dedicated resources for developing custom solutions
and creates an opportunity to generate a wealth of diverse and novel AI applications.

Therefore, the goal of this chapter is to envision an end to end platform that pushes
the democratization of AI further, by giving non-experts the opportunity to build EI
applications. We discuss in detail a motivating use case, centered around a business
that produces food and is located in Smart City, Health, Agriculture, and Food Com-
puting domains. The use case showcases elastic properties, data sharing across domain
boundaries, and helps us outline requirements for an EIaaS platform. Besides showing
requirements, it also depicts the possibilities for businesses to leverage AI in a mean-
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ingful way to improve quality for themselves, but also for customers. We identify four
main tasks encountered when deploying AI models and highlight for each of them the
problems that arise in EI and need to be tackled. Based on the previous investigation
of use cases, application requirements, and tasks, we outline the general architecture
and user interaction possibilities. The proposed platform builds on the industry-proven
MLOps concept [Amaa, Goo], and extends it to enable the lifecycle management of EI
applications. Additionally, we discuss possible implementations of this platform and
identify important requirements that the underlying orchestration services must fulfill.

The rest of the chapter is structured as follows: in Section 2.1.2 we introduce the
necessary background and relevant concepts, accompanied by related work. Section 2.1.3
is dedicated to portraying our use case study by highlighting applications, needed data
sources, domains, and elasticity requirements. Upon analysis of possible applications, we
describe in Section 2.1.4 the four main tasks in AI and draw attention to problems that
we will inevitably encounter in the future. Based on this, we can envision a plausible
platform and afterwards give details to important technical problems encountered in
Edge Intelligence in Section 2.1.5. We outline limitations and future work in Section
2.1.9 and conclude the work in Section 2.1.10.

2.1.2 Background & Related Work
Edge Intelligence uses data produced at the edge of the network by applying AI applica-
tions on it. Edge Computing infrastructures help us solve various issues that arise (i.e.,
privacy concerns) in EI by pushing resources to the edge of the network. Zhou et al.
[ZCL+19] state in their survey that the term EI is not yet fully defined, but one common
usage is to refer to the execution of AI models at the edge.

Though they define it as the efficient use of data in an edge-cloud cooperative manner,
where inference and training can happen across all devices. We also believe in that vision
and showcase in our use case that data from different domains can be used to create new
and intelligent applications. Zhou et al. [ZCL+19] also introduce a six-level rating that
specifies where applications are executed. We briefly highlight the main differences, and
advise to read a detailed explanation in [ZCL+19]:

• Cloud Intelligence: Training and inference on the cloud

• Level 1 Cloud-edge co-inference:
Training: Cloud - Inference: Edge-Cloud

• Level 2 In-edge co-inference:
Training: Cloud - Inference: Edge

• Level 3 On-device inference:
Training: Cloud - Inference: Device (no offloading)
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• Level 4 Cloud-edge co-training:
Training: Edge-Cloud - Inference: Edge-Cloud

• Level 5 All in-edge:
Training: Edge Inference: Edge

• Level 6 All on-device (no offloading):
Training: Device - Inference: Device

Because EC contains resource-constrained devices, some tasks must be offloaded to
other nodes. Other surveys have comprehensively shown open issues we encounter in EI
[DZF+20, WHL+20]. Similar studies have been published that investigated the complete
food supply chain. Pang et al. [PCHZ15] showcase how IoT can influence food supply
chains. They focus on conducting surveys on the importance of IoT applications with
experts (i.e., shelf life prediction) and describe in detail the technical realization of
those sensor networks, including sensor data fusion. In [RHM+19], the authors present
a serverless platform for Edge Intelligence applications. Their focus lies in discussing
the technical details but also introduce the problem that arises from context-aware
systems. The work is complementary to ours, as they propose a programming model
and low level details about the execution platform. Zhang et al. [ZWL+19] present an
open framework that focuses on the technical implementation of EI applications at the
edge. An important issue is the large size of AI models and the resulting mismatch with
resource-constrained devices. They propose a systematic description of EI algorithms,
a RESTful API to expose EI applications and outline usage with four use cases. We
look at Edge Intelligence from a higher level, by describing a plausible business, how it
can benefit from EI, and that not only the computing infrastructure is heterogeneous.
Further, our platform focuses on the democratization of AI, which will push development
and use to a broader public. The work of Rausch et al. [RD19] resembles our approach
but differs in that ours is based on a business case study, which highlights the importance
of all these different applications to a single stakeholder.

2.1.3 Motivating Use Case

Figure 2.1: Crossing domain boundaries

Our motivating use case presents possible EI applications that can be developed and
deployed with our proposed end to end platform. The use cases are settled in the context
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of Smart Cities [ABD15], Smart Agriculture [RC18], Smart Retail [Dac17], Smart Health
[SPC+14] and Food Computing [MJJ19], depicted in Figure 2.1. We aim to showcase the
potential of EI to help a business that produces vegetables. Each application is briefly
described by focusing on the necessary data, the possible EI levels, which domains are
involved, and which elasticity requirements are important. Table 2.1 summarizes our
findings.

Consider an international company, set up in different countries, that (1) operates a
commercial agricultural business and (2) sells the products in stores. Whereas products
can originate from the local area or foreign countries, and the business is in direct contact
with the farmers. The main revenue stems from selling food to individuals in shops with
accompanying restaurants, making the business’s goal to adapt its offering to the cities.
We briefly highlight the business lifecycle, and afterwards showcase useful applications
that can be deployed on an EIaaS platform. We consider a simplified process that is split
into two parts: farm and shop. Farmers want to efficiently plant seeds, take care of plants,
and yield high-quality crops. The shop gets them delivered, places them in-store where
customers buy them, either the raw produce or as a dish served in the in-store restaurant.
Based on the analysis of sales, businesses and farmers can adopt their strategies with the
help of a Recommender System. Figure 2.2 shows each step and indicates the feedback
loop. After outlining the business’s internal process, we describe for each step plausible
applications that could help reduce cost and improve quality.

Figure 2.2: Steps in plant farming chain

2.1.3.1 Farm

Plant First, farmers can use AI to map the soil to assess chemical characteristics.
Aitkenhead et al. [ACT+13] trained a neural network that can predict soil characteristics
to estimate fertility. Their approach appears optimal for cheap and rapid field assessment
using colour values from digital photographs [ACT+13]. A crowd-sourced labeling
process can prove to be efficient, and, therefore, inference and training at the edge
are recommended. Further, elasticity requirements will target almost exclusively the
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reduction of cost, as analysis does not have real-time requirements and only serves as a
cheap assessment without focusing on high accuracy.

Care During the growing phase of plants, farmers can take advantage of automatic
discrimination between crop and weed based on images [GRN13, ADM+03], plan irrigation
with short-term weather forecast [CTCL19], and perform vision-based disease detection
[MBW+04, MBO+05]. Crop and weed prediction has to be performed in real-time to
allow tractor-mounted spraying equipment to efficiently target weed patches between crop
rows. Both crop/weed discrimination and plant disease detection can profit from localized
fine-tuning due to the large number of different species [BARGP11]. Climate and soil
are vastly different across the globe, directly affecting watering cycles and fertilization,
making fine-tuning at the edge a viable solution to guarantee high-accuracy results
[CTCL19].

Harvest Multiple vision-based systems can be deployed to infer fruit size and quantity
and help farmers during harvest to predict the quality [WWV17, HMD+18]. Yield
prediction of winter wheat has proven to be sensitive towards location and input time
window [HZC+20]. Han et al. [HZC+20] propose a model that predicts the yield of
winter wheat in China. Their model uses remote sensing (i.e., vegetation index), climate
(i.e., temperature), soil (i.e., soil properties), as well as historic yield data and crop maps.
Results show that the local environment is highly relevant for the model, and bigger
surroundings lead to worse accuracy. Halstead et al. [HMD+18] have stated that their
system is trained with near-maturity peppers and fails to accurately predict the ripeness
of juvenile fruits. Their two-stage approach of first detecting the fruits and afterwards
estimating the ripeness shows that the second stage may have to be fine-tuned at the
edge to guarantee high accuracy by using multiple models.

2.1.3.2 City

Transportation After the harvest, produce must be safely transported to the shops
and therefore can benefit from crowdsourced road condition assessment, smartphones
measure the movement via accelerometer and gyroscope [AKAA17, SvdZD+15]. Not only
does it lead to increased traffic safety, but it also avoids any unnecessary spoilage caused
by continuous vibrations and high force shocks [PCHZ15]. In road sensing, the quality is
important, as trips can be planned ahead and therefore do not require low latency. We
think that a localized fine-tuning can yield higher accuracy due to differences in common
vehicle characterizations (i.e., suspensions) that may lead to different accelerometer and
gyroscope readings on the same road. Further, AR-based helper systems that receive
results from nearby traffic cameras can display nearby traffic participants in real time
[RHS+21]. The results contain bounding boxes of inferred objects in the camera’s view.
Locality-awareness is of utmost importance to guarantee relevant results and ultra-low
latency, required to continuously provide the AR system with data. Consider that
throughout the city, cameras are deployed, and all of them are running object detection
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models that emit bounding boxes representing participants. Drivers want and need only
those that are in near proximity; the system has to automatically adapt the transferred
data based on the user’s location. While accurate inference is important, performance
must also be considered to make the application usable. Training can be done in the cloud
using large datasets, but inference must happen at the edge due to latency requirements.

In-Store Upon delivery, produce is put on shelves or prepared as meals. Customers
should be engaged and incentivized to buy products during their stay in the local shop.
Due to the emergence of Virtual and Augmented Reality [RHS+21], we assume customers
are wearing smart glasses to get additional information while strolling through to store.

Smart glasses record the user’s view with up to 30 frames per second, which acts as
input for an inference pipeline. This pipeline identifies objects, selects products, and
classifies them [XHJ+15]. Based on the resulting class of food, additional information of
the user’s interest is shown. Information may include: detailed nutritional information,
possible recipes, ecological impact (i.e., consider the transport of food from foreign
countries), etc. The application is context-aware and can use personal data to provide
relevant information. Multiple works have shown promising results in recognizing food
and dishes [BTP+15, KY13, CNS16, KY15]. Xu et al. [XHJ+15] have added geo-location
information to the model to better differentiate between dishes that look the same and
stem from different cuisines. This approach seems plausible in the context of EI, where a
general food recognition model can be trained in the cloud and fine-tuned accordingly
in different restaurants and/or markets. Further, processing the captured video feed of
smart wearables must adhere to stringent latency requirements and may even be subject
to local policies protecting people’s identities (i.e., GDPR). Processing can be done either
on-device (i.e., smartphone) or nearby edge devices, and sophisticated anonymization
software can act as pre-processing to obey laws [HML19]. Based on personal preferences,
applications may recommend food during the customer’s visit [ACG+16, BDADFM17].
Smart health wearables may provide applications with contextual data to react accurately
to different situations. These applications process highly sensitive data (i.e., allergens,
dietary, and vital data) and therefore, training on-device is required. This restriction can
build important trust between the user and the application [ORLH17].

Sale After users make their choice, smart checkouts using deep learning based recogni-
tion software can help shops ease the workload on workers, but need to be accurate and
fast at the same time [WTC+16]. This makes us believe that cloud-based training and
edge inference are suitable. Context-aware recommender systems can learn user prefer-
ences based on previous purchases [CGK+20]. Privacy is important for this application
type, and therefore, we recommend that confidential tasks be done on-device.

Feedback The last use case revolves around the idea of creating a Recommender
System that can help the business and farmers to effectively recommend the next crop.
We imagine that this system can build on nearly all previously mentioned data sources.
For example, historical sales reports can highlight seasonal patterns, the local fields can
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Table 2.1: Possible applications in the supply chain
Step Application Data EI Level Domains Elasticity

Plant the seed Soil Mapping [HHZ+16]
Topographic
Climatic
Vegetative indices

Level 4 Smart Agriculture Quality, Context

Care
Crop/Weed discrimination [GRN13, ADM+03]
Irrigation Scheduling [CTCL19]
Disease Detection [MBW+04]

Weather
RGB, Spectral images Level 1 & 5 Climate

Smart Agriculture
Cost, Quality,
Privacy

Harvest
Fruit Size Estimation [WWV17],
Fruit Quantity Estimation [HMD+18] ,
Yield Prediction [HZC+20]

RGB(-d) images
Remote Sensing
Climate, Soil
Yield, Crop map

Level 4
Smart Agriculture,
Climate,
Food Computing

Quality
Performance

Transportation Traffic participant detection [RD19]
Road condition assessment [AKAA17, SvdZD+15]

Images, Orientation
Angular Velocity Level 3 & 4 Smart Traffic Safety

In-Store
Food Classification [XHJ+15]
Food Recommendation [YHY+17, BDADFM17]
Face anonymization [HML19]

Images, Health
Personal preferences Level 3 & 4 Food computing,

Smart Health
Privacy, Quality,
Context, Performance

Sale Intelligent checkout [WTC+16]
Personalized recommender [CGK+20]

Images, Location
Temporal, Consumer Behavior Level 2 & 6 Smart Retail Privacy, Context

Performance

Feedback Produce Recommendation Sales, Social context
Location Level 4 Smart Business Privacy, Quality

Context

be analysed for soil mapping purposes, as well as weather data influences the feasibility
of crops. Analysis of personal data (i.e., dietary choices, allergens, preferences, etc.) can
foster the system with useful information regarding the overall consumption behaviour of
cities, or even districts. Besides data about the citizens of Smart Cities, environmental
data of the surroundings can further influence recommendations. In areas with high
pollution, trees can help mitigate the issue and produce fresh oxygen. To the best of
our knowledge, no work has been done in this direction that combines Smart City and
Smart Agriculture to create a feedback loop between the production and consumption of
vegetables.

We observe that the applications differ widely in terms of input data, elastic requirements,
and EI levels. Data from the domains of Smart City, Agriculture, and Health, as well
as Food Computing, were used. We process various types of data: climate, soil, high-
dimensional (i.e., images), plant, health, and personal data. While some models may be
trained in the cloud and are deployed at the edge for inference, others have to be aware
of contextual information and, therefore, are fine-tuned at the edge. Privacy-related
concerns make on-device inference and training necessary, as well as the reduction of
performance and the conquering of large amounts of data. Elasticity requirements differ
in terms of quality, performance, privacy, and should balance cost. Further, we identify
issues that relate to the tasks we discuss in the next section: (1) addressability, (2)
sources, (3) security, (4) coordination, (5) performance, and (6) context.

2.1.4 Tasks
In the following, we categorize operational tasks that our framework will focus on. Our
opinionated view on application requirements allows us to define general as well as highly
contextual goals.

We consider the four main tasks that appear in Edge Intelligence: sensing, preprocessing,
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training, and inference. This classification is based on recent research that identified
different layers and tasks [ZWL+19, RD19]. We highlight for each task different aspects
and key requirements encountered in our use case study.

2.1.4.1 Sensing

Our use cases show that physical sensors can be deployed anywhere and measure different
types of data. Table 2.2 shows a few of them that can be used to achieve the presented
applications. For each sensor, we also describe the collected data types and which domain
they belong to. Additionally, other studies have investigated the heterogeneity in sensors
and emitted data [SAP20, MJL+19, HBDQ+18, YSC+20], clearly showing the need for
a unified interface. The heterogeneity stems from different types of velocity, volume,
and ownership, as depicted in Table 2.2. Therefore, we think a layer of abstraction
is necessary to make this data accessible. The layer should provide ways of selecting,
merging, and aggregating data from different sources while being context-aware. Next,
we highlight requirements that stem from our motivating use case.

Addressability The use cases made it clear that efficient querying for sensor data is
necessary and needs to handle context. Nearby traffic participant detection is practically
unusable without the knowledge of the users whereabouts. Users must be able to either
send information to the system so that it only sends relevant resources or must employ
a fine-grained topic subscription to enable these use cases. While in this application
users can specify exactly which sensors are needed (i.e., using geospatial queries to select
all cameras within a 100m radius), others require the system to understand much more
semantically complex queries. Consider personal food recommendations that require
highly contextual data to train an accurate model. How should developers approach this
daunting task of selecting all sources, containing smartphone sensors, personal health
records, etc.? Therefore, being able to easily address, select, merge, and process data
from sensors is a very important task. Establishing trust with users (i.e., guaranteeing
on-device processing) can be a key enabler for creating a homogeneous platform, providing
access to sensors from external providers. For example, imagine we want to create a
model that relates temperature and crop growth rate in the area surrounding Vienna.
The system must combine temperature sensors with crop sensors in the vicinity. A system
that fails to identify relationships between sensors will yield useless models. Therefore,
sensors need to be tagged with context such that we can query and group them.

Sources Different types of sources have been proposed that can act as sensors. They are
not restricted to be of physical nature (i.e., temperature sensor), but can also be virtual
or logical [IS03]. All three groups are used throughout our use cases. Table 2.2 displays
sensors that were used in the presented applications. Virtual sensors are characterized
by gaining information from software. A smart traffic light, using cameras, can emit
bounding boxes for detected objects. Other applications can use these bounding boxes,
i.e., to display them in an AR headset [RHS+21]. Another plausible and important virtual
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Table 2.2: Possible sensors and characteristics

Sensor Data Velocity Ownership Volume
Smart Agriculture Crop Location Tags the location of crops Slow Private Low

Temperature Temperature of location Normal Public Low
Humidity Humidity of location Normal Public Low
Camera Identified objects on-premise Ultra fast Private Low
Spectral Camera Fruit ripeness detection Fast Private Normal
Camera Raw video feed Ultra fast Private Very High

Smart Health & Smartphone User location Fast Private Low
Food Computing Smart glasses User’s Field of View Ultra fast Private Very High

User Dietary Slow Private Low
User Allergens Slow Private Low
User Age Slow Private Low
User Residence Slow Private Low
BAN Activity Recognition Fast Private Low

Smart City Camera Traffic Participants Ultra fast Semi-Public Low
Camera Raw video feed Ultra fast Semi-Public Very High
Temperature Outdoor temperature of area Slow Public Low
Barometer Air pressure Slow Public Low

sensor is anomaly detection. Anomaly detection can be used in wireless sensor networks,
where we want to be notified in case of sensor failure [CFG+19]. Logical ones combine
different sensors to emit aggregated data. A personalized recommender may make use of
the user’s location (measured by a GPS sensor) and take previous shopping behavior into
consideration. Therefore, the platform must support not only physical sensors but also
be flexible regarding the definition of what constitutes a source. Additionally, we roughly
estimate the velocity and volume for each sensor and the ownership. It is important to
highlight that sensors are not only heterogeneous in terms of data type, but also other
factors increase the complexity of data fusion.

2.1.4.2 Preprocessing

After defining the sources, AI applications typically perform some preprocessing on the
data, which builds the first step on the computing infrastructure. Preprocessing is done
either for training purposes (i.e., creating batches), inference (i.e., image scaling), or for
exploratory analysis (i.e., aggregation). Gravina et al. [GAGF17] argue that separate
preprocessing can benefit application development because developers can focus on the
functionality while skipping carefully selecting and filtering data from the sensor. Edge
Computing provides the capability of preprocessing large amounts of data emitted by
sensors in a timely and efficient manner (i.e., by placing applications near the origin).
Through the ability of placing applications at the edge, platform providers can guarantee
data security and privacy preservation by leveraging light-weight methods to protect data,
identity, and location [ZCZ+18]. By combining local processing of sensitive data and
pseudo-anonymization, platforms are able obey to local laws and make guarantees about
safety for users. This requirement differs across application types, but the presented
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applications process highly sensitive and personal data. In the following, we briefly
discuss these security concerns.

Security Our use case study showcased multiple applications that may act on private
data (i.e., personalized food recommendations). Smart Health applications fundamentally
require personal data and therefore need to protect the user’s privacy. It is important
to act only after users give consent and are informed of the data being processed
[MBPMS13, ORLH17]. For example, our proposed food recommendation application,
which processes data about the user’s surroundings, activity, dietary preferences, allergens,
body weight, etc., will probably not be adopted by users if they do not trust the platform.
A survey in the field of Smart Health, conducted by Li et al. [LWGS16], has shown that:
users adopt healthcare wearable through a subjective risk-benefit assessment, whereas the
perceived privacy risk is a combination of different factors (i.e., legislative protection), and
the benefit is subject to perceived informativeness and functional congruence. Therefore,
the platform and applications have to be designed with privacy-related issues in mind to
be accepted and adopted by the general public.

2.1.4.3 Training

Training at the edge has several advantages: enabling to learn on raw sensor data (i.e.,
no aggregation necessary due to possible on-device training), reduction of bandwidth
pressure, and privacy preservation. But training is an expensive computational task and
can require large amounts of computing resources. While embedded devices, equipped
with hardware accelerators, are commercially available (i.e., Nvidia Jetson devices1), it
remains a challenging task to fully utilize all devices. Difficulties stem from the storage
and computationally demanding neural networks, which pose a problem with regard
to resource-constrained devices. Further, privacy preservation is important for some
use cases, and training must happen locally. Federated Learning tackles these issues
and represents a distributed and privacy-preserving model training approach that can
even be applied on resource-constrained devices (i.e., smartphones) [MMR+17]. Other
works [DZF+20, WHL+20] have already highlighted several issues concerning Federated
Learning (i.e., worker selection), and due to our focus on investigating context-awareness,
we disregard these issues for a moment and focus on the coordination obstacles that are
specific to enabling localized fine-tuned models.

Coordination Our use case has shown the potential of training multiple models based
on the context of deployment. For example, personalized food recommendation depends
heavily on the user and also have high security requirements to protect privacy. Food
classification has also shown potential to benefit from context-aware fine tuning due to
visual similarity of dishes [XHJ+15]. Further, coordination can also include the task of
monitoring AI model performances and, in case of a decline, new training rounds have
to be initiated. Model degradation can happen due to new data, which may require

1https://developer.nvidia.com/buy-jetson
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re-training to perform better [GMCR04]. Therefore, the platform has to intelligently
coordinate training not only based on context and possibly training of multiple models,
but also has to monitor the performance. Fine-tuning may not only improve accuracy for
specific tasks, but also training with unlabeled data can increase robustness of the model
and reduce the surface of attack vectors [CRS+19]. Due to the abundance of available
information, unlabeled data can be easily retrieved and strengthens the models.

2.1.4.4 Inference

While training AI models requires sophisticated strategies to enable training on resource-
constrained devices and worker selection. We argue that this task is not subject to
stringent latency requirements that we encounter in inference applications. Our use case
has shown applications that require ultra-low latency, and performance is of utmost
importance. Besides performance, context-awareness can also introduce new issues.
Consider our fine-tuned models that are trained with a specific context in mind. This
raises the problem of choosing the right model depending on the users’ context. Both
issues are addressed in the following and conclude the section.

Performance Due to the high heterogeneity in terms of performance, Edge Computing
infrastructures require intelligent scheduling mechanisms to reason about placements.
Though performance differences are not the only issue, performance degradation caused
by multi-tenancy is a serious issue that needs focus when developing an EIaaS platform.
In general, multi-tenancy issues can arise in two ways: (1) access to exclusive resources,
and (2) performance interference. We identify that some resources may be exclusive to one
application, but in other cases, multi-tenancy situations may occur by placing multiple
applications on one node. Multi-tenancy can already lead in cloud settings to performance
issues [PLM+10], and we encounter the same problem on resource-constrained devices.
The platform requires an intelligent scheduler that is aware of those issues and prevents
them from happening. A problem that we also face when considering performance and
resource-constrained devices is the mismatch between large AI models and resource-
constrained devices [ZWL+19]. Techniques are offered to mitigate these issues (i.e., model
splitting with computational offloading), but it remains open who will be responsible for
this decision. In certain circumstances, some edge devices will be capable of running the
full model, avoiding issues that come with offloading. Therefore, the platform (or user)
has to decide which method is most suitable.

Context As already hinted in our use case study, fine-tuning models for specific contexts
is favorable in contrast to having only a single all-knowing model. This stems from
the fact that models may not generalize well, and training with unrelated data may
lead to a decline in performance, and also use cases require multiple models due to the
intrinsic properties of the targeted problem (i.e., similarity in dish pictures). Additionally,
personalized models also have to be maintained and associated with their corresponding
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Figure 2.3: End-to-End platform

users. Therefore, users need to be able to specify their current context, such that the
platform can choose the right model.

2.1.5 Platform
We now present our envisioned EIaaS platform that addresses the previously described
challenges. It is opinionated towards Edge Intelligence applications and focuses on
providing an accessible interface to push the democratization of AI further. While the
proposal is based on the assumption of a working Edge Computing infrastructure, we
acknowledge that many problems are yet unsolved and, therefore, showcase ideas from
which general-purpose Edge Computing infrastructures can benefit. First, we depict the
platform’s architecture and the deployment methods on which we would build. Secondly,
we present our vision of the platform’s interface, how users interact with it, and can
influence the application’s behavior. Afterwards, we go deeper into technical details and
define a plausible scheduler, based on a greedy multi-criteria decision algorithm, enforcing
user-defined requirements.

2.1.6 Architecture
Operationalizing AI applications is an emerging topic and focuses on automating the
lifecycle of AI models. Companies, like Google [Goo] and Amazon [Amaa, LKX+20], have
released platforms that offer end-to-end development and lifecycle management for AI.
Besides commercial offerings, these systems have also been investigated in open source and
academic communities [HMR+19, BBC+17, ZCD+18, RHM+19]. The general approach,
MLOps, is based on the DevOps paradigm [EGHS16] that automates the lifecycle of
application development (i.e., packaging, testing, deploying, versioning, etc.). In the same
manner, AI applications are managed using pipelines, which model the lifecycle of AI
models as a directed acyclic graph. In addition to the discussed tasks in AI (i.e., training),
continuous monitoring is important to identify concept drifts, which negatively impact a
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Figure 2.4: Training pipeline

model’s accuracy [WHC+16]. MLOps platforms strive to automate the whole AI lifecycle
and are therefore suitable to build the base of our platform. Pipelines can be declared
using either configuration files [HMR+19] or in a UI [RND23]. The important thing is
that the underlying platform receives a description of the pipeline and can compile this
into actual service calls. This gives us the flexibility to take user-defined requirements
into account.

2.1.7 Platform workflow
By assuming the underlying platform is similar to systems such as Google’s VertexAI
[Goo], KubeFlow [Bis19], or ModelOps [HMR+19], we describe now how users interact
with the platform. Specifically, our focus lies in democratizing AI and giving users the
ability to add requirements, as well as context. Figure 2.3 depicts a high-level interaction
possibility. By leveraging AutoML techniques, users can define the underlying problem
through selecting different sources that build the input and output space of the problem.
AutoML techniques help democratize the usage and have gained notable traction over
the years [RD19, HZC21]. While we think that AutoML can be beneficial, users should
also be able to define pipelines manually. This description gets translated into a pipeline,
to which users can add elastic requirements. Afterwards, the pipeline is transferred to
the manager identity, who takes care of the continuous execution. Pipeline steps are
translated into service calls, which are available for each task. Users can add to each
step in the pipeline individual elastic requirements that influence the behavior of the
application. The requirements add context to the operations and allow the system to
reason about when it comes to operational strategies (i.e., placement strategy). Figures
2.4 & 2.5 showcase the definition of two pipelines. Figure 2.4 shows a training pipeline for
a short-term weather forecast model [CTCL19]. In the first step, users have to define the
data sources, which in this case are physical sensors that combine location and weather
data. The associated requirement Per Region indicates the platform to group the sensor
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Figure 2.5: Inference pipeline

data and create multiple models. Afterwards, we preprocess the data and can then train
on it. The model is either deployed automatically and/or stored for future applications.
In our case, we specify the training to reach an accuracy of 80% These elastic requirements
are directly related, as federated learning utilizes a worker concept to train data, which
consequently has a big impact on the resulting cost. Executing this task will depend on
many factors that all affect the cost and effectiveness. For example, the resulting accuracy
will depend on the number of training rounds, which determines the cost of the training.
The manager has to be aware of this relationship and must balance the execution between
these two goals. Figure 2.5 shows a dedicated pipeline for inference consisting of different
models that fulfill a certain task. We depict the use case of recommending food to
users they see while wearing Smart Glasses. Recent work in optimizing this kind of
pipeline [CSM+20] and the re-usability of models makes us believe that the separation is
beneficial for all involved parties. Elastic requirements aid the deployment of offloading
applications by stating which step has to be executed on-device. Efficient offloading
is necessary to make model splitting techniques feasible. This knowledge can further
be used of the underlying services to possibly place interdependent functions in near
proximity, to avoid network latencies. Requirements include the processing of sensitive
data on-device and impose a hard constraint towards the round-trip time (RTT). The
RTT is picked according to the assumption of sending 30 pictures per second to create
a smooth UX. Crankshaw et al. [CSM+20] present their system that takes tight tail
latency constraints into account while considering different hardware accelerators, but it
is situated in cloud computing.

2.1.8 Technical details
After presenting our vision to develop EI applications, we now turn to describing possible
implementation strategies. We consider the necessary technologies to be different from the
sensing task, in contrast to the others. Therefore, the platform uses a message-oriented
publish/subscribe layer to send sensor data to processing applications. Subscribers can
receive messages via topics from various nodes by specifying certain identifiers. Further,

27



2. Edge Intelligence & Serverless Edge Computing Requirements Model

dynamic message brokers have been proposed that can scale in a location-aware way,
such that messages get routed over a nearby message broker to reduce latency [RND18].
Complementary to Rausch et al. [RHM+19], we envision the remaining services to be
based on Serverless Edge Computing, whereas each step in the pipeline is implemented
as a function [JSSS+19]. Therefore, containers include a single stateless application that
exposes a single function over the network (usually HTTP). Kubernetes [Kub14], the
underlying container orchestration service of Kubeflow, utilizes a greedy multi-criteria
decision algorithm to decide which node is the most suitable one for a given function.
Currently, the input of this algorithm consists of a given function and a node, which
(1) filters infeasible nodes (i.e., node does not have the required accelerator) and (2)
calculates a score based on an extensible list of scoring functions. This approach has
been proven to work well on different infrastructures and AI applications [RRD21]. The
scoring approach offers a highly flexible way of influencing scheduling decisions and
can be arbitrarily complex. A limitation of the current Kubernetes ecosystem is that
we cannot easily bundle multiple function containers that act equally but have small
differences. Users should be able to upload multiple implementations of one function
that are equal in functionality. Further, users can add information to each function
implementation, such that the service can reason about them and intelligently select the
optimal one. Consider our federated learning requirements, in which the user expresses
cost-efficiency. While neural network applications greatly benefit from using GPUs, the
operation may cost more than using a CPU. Therefore, in some cases, the scheduler
may prefer the CPU computing platform. Through the combination of an intelligent
manager and the underlying scoring functions, we can create a system that can handle
EI applications. For example, locality-awareness is of utmost importance. Consider a
platform that manages multiple smart city deployments. Increased usage in one city does
not affect the deployed applications in another, and scaling must be able to identify this
aspect and make the scheduling process aware of this. This problem can be solved by
the following steps: (1) develop a scaler that can differentiate between the two cities, i.e.,
identify the need for more function instances in one city. (2) integrate an intermediary
component to which the scaler and scheduler can talk. The scaler would need to put
additional information concerning the location into this component. (3) scoring functions
need to retrieve any additional info, and therefore can be location-aware. To the best of
our knowledge, Kubernetes currently scales and schedules independently, and scheduling
decisions are unaware of scaling reasons. If there is, in fact, a way to pass messages
between these two components, our approach would still be plausible by removing the
external component. The important takeaway is that the scoring approach is highly
extensible to vastly different circumstances that we encounter in EI. Adding to the
problem of location-awareness, load balancers have to be distributed and scaled with
location in mind. Considering that ultra-low latency requirements can only be satisfied if
the route to the cloud can be skipped.
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2.1.9 Limitations & Future Work
2.1.9.1 Theoretical approach

An important limitation of the proposal in this section is the theoretical approach. While
we base our user case, the requirements, and the platform on extensive literature research,
we have to mention that this work does not guarantee that the system will work as we
described. Though with the current advances in all discussed topics and the existing
research we base our system on, we are confident that such systems will exist at some
point. The concept of context-aware systems has existed for decades [WHFG92], and with
the current development of Smart-* concepts, Edge Computing, and Edge Intelligence,
these ideas may soon become a reality.

2.1.9.2 Centralized vs. Decentralized

Already briefly discussed in Section 2.1.8, service components may need to be decentralized.
We consider the load balancer to be the first component that has to be decentralized.
Otherwise, we can not fulfill ultra-low latency requirements. It is unclear if other
components have to be decentralized too, i.e., scheduler and scaler. Rausch et al.
[RHM+19] have investigated the throughput of the Kubernetes scheduler and concluded
that a monolithic approach is not feasible. While they do advocate the use of disaggregated
schedulers, a decentralized one can also aid scalability, considering geo-distributed
deployments. Caveats of decentralization are not only related to the management
overhead that comes with such systems, but also security issues that arise. Blockchain
technologies can help mitigate these [NPDS20].

2.1.9.3 Governance

Currently, it is not clear who will own Edge Computing infrastructures and how access will
be managed [RD19]. This issue is especially concerning for the sensing task. Questions
about data ownership will have to be answered, and whether publish/subscribe systems are
enough in the face of multiple parties involved (i.e., government, businesses). Therefore,
our platform is based on the Sensing as a Service [PZCG14, ZIH+13] concept and leaves
the technical implementation open for now, while allowing us to formulate requirements.

2.1.10 Summary
Holistic Edge Intelligence as a Service platforms are yet subject to exploration and
research. Currently, we are facing the emergence of new paradigms that range from
infrastructure (Edge Computing), application development (MLOps), to applications
(Edge Intelligence). The paradigms move resources and applications towards the edge of
the network and solve problems related to the increasing amount of data produced, the
development of ultra-low latency applications, privacy concerns, and democratization.
Edge Computing can be seen as a geo-distributed cluster with high heterogeneity, devices
range from Raspberry Pi to fully-fledged cloud servers. MLOps promises to open up the

29



2. Edge Intelligence & Serverless Edge Computing Requirements Model

space for developing robust AI applications for the broader public by declaring pipelines
and using AutoML techniques. Edge Intelligence is currently being investigated, and its
limits are unclear. Our work presents a cross-domain reaching use case study that defines
different applications settled in vastly different domains in great detail. We combine
Smart City, Health, Agriculture, and Food Computing to showcase possible intersecting
use cases that use heterogeneous sensors. Different elastic requirements are outlined,
which must be defined for each application, and additionally, we identify their EI level.
After explaining the key characteristics of each application, we describe the four main
tasks encountered in Edge Intelligence and identify challenges that have to be tackled to
make full use of its potential. Our proposed platform builds on state-of-the-art MLOps
systems and tackles each identified requirement. We highlight the platform workflow with
two different applications and show that, due to the nature of AI pipelines, our system
can reach a broad audience and therefore push the democratization of AI forward.
We will investigate Serverless Edge Computing in detail based on our vision for a technical
implementation that uses Kubernetes as the underlying orchestration platform. Serverless
Edge Computing offers autonomous application orchestration following user goals, such
as the ones we have seen in this section. Furthermore, the main focus of this thesis
is the investigation of platforms that can build the foundation of an Edge Intelligence
as a Service platform and look into the orchestration of functions, rather than on AI
applications on the Edge. However, before proposing our own solutions, such as a
mobility-aware platform, we analyze current Serverless Edge offerings in the following
chapter and discern criteria that act as requirements model.

2.2 Serverless Edge Computing - Where we are and what
lies ahead

In this section, we are going to investigate the maturity of current Serverless Edge
Computing for Edge Intelligence applications. We measure maturity in a multitude
of categories that span the complete function lifecycle, from building to running and
orchestrating them. This section serves as a literature review and presents a requirement
model and analysis of what current platforms are missing. Based on that, we implement
concrete orchestration strategies that Serverless Edge platforms need for Edge Intelligence.

2.2.1 Introducing Serverless Edge Computing for Edge Intelligence
The edge-cloud continuum is a heterogeneous infrastructure of computing resources
ranging from handheld devices to server-grade hardware. The combination of emerging
application paradigms, such as Edge Intelligence [DZF+20], with increasingly complex
requirements and the heterogeneous infrastructure, poses new challenges for managing,
scaling, and deploying applications. Current cloud-centric platforms are not specifically
designed for these heterogeneous environments. Serverless Edge Computing promises to
efficiently use resources and reduce costs by abstracting the infrastructure and application
management (e.g., scaling) away from users.[ATC+21, SKM22] Unfortunately, current
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Serverless Edge Computing approaches still face numerous challenges to unlock the full
potential of the edge-cloud continuum [ATC+21].

To gain a deeper understanding of serverless platforms, we review the current state
of Serverless Edge Computing. This review is important to see where the serverless
community, including commercial providers, open source projects, and academia, currently
is and which challenges remain. We present a set of criteria that define maturity levels
to systematically compare and evaluate the maturity of current serverless approaches to
achieve the vision of a unified serverless computing fabric (SCF) for edge-cloud continuum
[NRF+22]. The SCF unites storage and compute resources in the edge-cloud continuum
and enables new application paradigms [NRF+22].

One of those is Edge Intelligence, which promises to enable new use cases (e.g., Mobile
Augmented Reality and autonomous vehicles) by distributing AI inference and training
across the continuum.[DZF+20] We identify three main challenges that the SCF must
address. (1) EI applications are complex and span across the continuum. They range from
short-running inference to long-running and data-intensive training tasks. Developing
these applications is challenging, and the SCF must provide proper programming support
to simplify the development process. (2) Mission-critical EI applications (e.g., emergency
rescue) and long-running and data-intensive tasks (e.g., training) require reliable execution
to guarantee service and save costs. It is challenging to implement and enable these
applications in the dynamic and heterogeneous environment of the edge-cloud continuum.
(3) EI applications run on highly heterogeneous hardware, and workloads can highly
fluctuate (e.g., a public event that draws a large crowd). The SCF must address the
challenge of providing optimal performance under these conditions. Based on these
challenges, our evaluation focuses on evaluating the maturity of: (1) Programming
Support, (2) Reliability Engineering, and (3) Performance Engineering.

2.2.2 Maturity levels of Serverless Edge Computing
We define maturity levels to evaluate serverless platforms and highlight key aspects for
Serverless Edge Computing platforms. Our criteria are split into design time and run
time, see Figure 2.6. The design time deals with tasks that happen before deploying the
function. The run time focuses on challenges that happen after the deployment.

2.2.2.1 Design time criteria

Application State & Data management considers design time mechanisms to
support developers in writing stateful functions or accessing external storage (e.g.,
object storage). We introduce a three-level maturity rating system that evaluates if the
programming model or platform offers (M1) any functionality, such as checkpointing, to
solve data-related issues (e.g., statefulness), (M2) incorporates data-management as a
first-class citizen (e.g., by introducing suitable API abstractions to facilitate Application
State & Data Management), and (M3) offers capabilities to handle data management
transparently to developers (e.g., failure handling).
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Figure 2.6: Design time and run time maturity levels

SLO/SLA-awareness allows developers to specify requirements and constraints during
design time. The heterogeneous infrastructure and stringent application requirements
make it necessary that developers are able to express requirements.[NPM+21, PNM+22]
We define a three-level maturity rating that ranks different types of SLOs and SLAs
based on the complexity of the requirement. (M1) specifies the Resource-awareness,
whether resource consumption is considered and optimized. Approaches that reduce
resource consumption (i.e., a lightweight runtime, reduced network traffic, etc.) or offer
resource-oriented SLOs fulfill this level. (M2) specifies the Location-awareness, whether
developers can express location requirements. (M3) specifies the SLO-awareness, whether
developers can influence the execution of functions. Serverless platforms often allow
developers to specify the number of available cores or memory, but we think the SCF has
to offer, in addition, more sophisticated features (e.g., latency requirements [RRD+22]).

AI support We define three levels to evaluate the maturity of AI support. (M1)
specifies the support of programming languages that at least offer AI frameworks (e.g.,
Python). (M2) requires that at least AI workloads have been considered during the
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evaluation. (M3) is treating AI applications as first-class citizens. For example, the
programming model defines specific abstractions tailored to AI applications.

Edge Support shows the maturity of functions to run across the continuum. (M1)
shows that real-world edge devices (e.g., Raspberry Pi, embedded AI devices, small-form
computers) have been used during evaluation or development. (M2) specifies if the
platform is optimized for resource-constrained edge devices. These optimizations range
from low resource footprint, reduced network traffic, energy-awareness, or optimized
performance on resource-constrained devices. (M3) specifies that the support for fault
tolerance and reliability in edge-cloud systems has been explicitly considered.[PB20b]

Workflow Composition enables developers to build complex applications consisting of
multiple functions. Workflow Composition can be done via UI (i.e., AWS Step Functions2)
- developers can drag and drop functions and connect inputs and outputs. A UI can
reduce the entry barrier by offering a convenient solution. Developers can also compose
functions in code (i.e., API). Auxiliary deployment files (i.e., YAML) or domain-specific
languages can also compose functions and decouple the definition from the business logic.
We introduce the three-level maturity system and rank the approaches by the ease of
use: (M1) API (in-code), (M2) auxiliary metadata files, and (M3) UI.

2.2.2.2 Run time criteria

Invocation Reliability specifies the fault tolerance and reliability of function invoca-
tions. We introduce a three-level maturity system. (M1) specifies that developers must
take care of failed invocations (e.g., by manual retries) (M2) specifies the support of
retry-based invocation mechanisms. Platform-based retry mechanisms help mitigate faults
during run time and are fundamental to at-least-once semantics [SWC+20]. (M3) specifies
transaction support which guarantees graceful handling of errors in workflows.[ZCC+20]
For example, platforms may offer support to compose workflows that are able to react to
failures and execute recovery actions.

Stateful Stateful and long-running functions are becoming increasingly relevant.[JPBG19]
Serverless platforms were initially designed for short-running tasks (under 15 minutes),
and many current serverless offerings still have strict timeouts. Therefore, we introduce
a three-level maturity evaluation to determine the level of support for executing stateful
functions. (M1) specifies the possibility of performing long-running functions. (M2)
specifies the explicit support for stateful functions and checkpointing. (M3) specifies if
the platform has been tested or implemented with edge-cloud in mind. Specifically, if the
platform addresses heterogeneous network conditions or node capacities.

Invocation Triggers are invoked by clients to execute functions. Serverless platforms
usually support multiple types: HTTP, queue, and other types of events (e.g., file

2https://aws.amazon.com/step-functions/
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changes).[SBG+22] Therefore, we introduce a three-level system to evaluate the maturity
of triggers. (M1) means that only one trigger type is available (i.e., HTTP or queue), (M2)
means that HTTP and queue triggers are considered, (M3) specifies that the platform
allows complex triggers composed of multiple event sources (e.g., Amazon EventBridge3).

Edge-Cloud Gateways Edge-Cloud Gateways serve as entry points for clients to
invoke and route requests to function instances. Current cloud-centric platforms deploy
centralized gateways, which incur high network latency and practically diminish the value
of deployed hardware at the edge. We introduce three levels to evaluate the maturity of
gateways. (M1) specifies that only a centralized gateway is available (i.e., cloud-centric).
(M2) is a hybrid approach in which the platform deploys multiple gateways across the
infrastructure. The gateways can be dynamically placed and scaled, but are commonly
deployed at the network’s edge (e.g., 5G base stations). (M3) is the distributed approach
in which each node acts as a gateway and can route requests.

Platform Intelligence Platform Intelligence describes how smart or intelligent the
typical runtime mechanisms (e.g., scaling, placement, and routing) are: (M1) analytical,
(M2) heuristic-based, and (M3) AI/ML-driven approaches. The platform must adapt
to the changing infrastructure and know the current state (e.g., capacities, workload)
in the edge-cloud continuum. Analytical solutions (e.g., target value / current value)
are not resource-intensive and do not capture intricate details to optimize functions.
Heuristic-based Platform Intelligence relies on optimization processes and is able to
capture important details and optimize towards multiple goals [BQ21]). AI/ML-driven
Platform Intelligence offers methods, such as Reinforcement Learning, to continuously
learn and optimize the function deployments.

Performance and resource consumption optimization targets Different Server-
less platforms are designed to be optimized for a specific target of function execution.
Such targets can range from low latency to cost efficiency or resource usage. We introduce
a three-level maturity system that ranks the Optimization Target by platform customer
relevancy: (M1) means that the Optimization Target targets Resources (e.g., number
of function instances). Customers usually pay for the execution time and do not care
about the used Resources. (M2) means that the optimization targets the Network. For
example, function instances placed far apart can lead to expensive cross-region network
traffic and incur high latency. (M3) means the platform can optimize for Performance or
Cost when executing serverless functions in the edge-cloud continuum.

2.2.3 Where are we now?
Our review includes more than 45 commercial, open-source platforms, and academic
works. We only include platforms that are actively maintained, meaning they are not

3https://aws.amazon.com/eventbridge/
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explicitly archived or abandoned4. Further, we only include works that have at least
evaluated a prototype and thus ignore others that propose concepts or simulation-only
evaluations. To structure the review, we group approaches into four categories:

1. Core Serverless Platforms includes bare-bones platforms to autonomously manage
functions. This category includes platforms like AWS Lambda, OpenFaaS, and
prototypes from academia.[PB20a, WS22]

2. Serverless Platform Extensions includes research works that improve existing
platforms by introducing novel scaling, placement, or routing techniques.[BFRS22,
NRdA+20]

3. Serverless Programming Extensions includes open source projects such as Zappa [Zap20]
or Chalice [AWS16] and research works that introduce new approaches to program-
ming serverless functions [BGJ+21, ZFPS20]

4. Serverless Function Runtimes focus on the execution aspect of functions and mostly
consist of works that introduce new virtualization or isolation techniques.[GFD22,
SP20]

We omit the tables in this thesis and refer readers to view them in [RND23], which show
the results of our literature review for the design time and run time, respectively. In the
following, we structure our key insights based on the challenges we previously identified
for the SCF [NRF+22]. Specifically, we discuss the following topics:

• Programming Support is specifically evaluated based on the available support
for AI Support and State & Data Management at design time.

• Reliability Engineering is evaluated based on SLO support and Reliable Invoca-
tions.

• Performance & Infrastructure Engineering is evaluated based on Optimization
and Edge Support.

2.2.3.1 Programming Support

AI support Our review shows that only two open source platforms focus explicitly on
AI, and two commercial ones provide AI-focused services. KServe [KSe19], which extends
KNative [Kna18], and Nuclio.[Nuc17] KServe focuses on AI inference and supports
developers in deploying inference functions by supporting production-ready inference
serving engines (e.g., TFServing5) Nuclio [Nuc17] focuses on data pipelines, including
training. Nuclio offers an optimized function runtime that enables it to offer high

4For example, we omit Kubeless, a popular open source platform, because it is currently archived on
GitHub and not maintained[Kub16]

5https://www.tensorflow.org/tfx/guide/serving
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parallelism and a minimized footprint [LKRL19]. Serverless Platform Extensions treat
AI as a first-class citizen [RRD21] by letting developers specify required AI models,
which the placement component considers to reduce network traffic. Only one reviewed
work [HKO21] does not support languages with AI frameworks (i.e., they only support
Lua). Others have evaluated AI workloads, but only a few treat them as first-class
citizens. For example, Wang et al. [WAES21] deploy AI functions on edge hardware
and perform workload experiments to evaluate their scaling and placement components.
Lordan et al. [LLB21] performed similar experiments to evaluate their platform and
resource-constrained devices. Specifically, Google Cloud Functions and AWS Greengrass
provide services to ease the development and deployment of AI workloads.

Our findings show that most commercial platforms currently do not offer any hardware
accelerator support and open source ones support them only to a certain degree. The
only exception to commercial platforms is AWS Greengrass, which lets developers mount
and use hardware accelerators in functions. Further, we consider platforms that run on
top of Kubernetes to support hardware accelerators because Kubernetes allows mounting
GPUs and other hardware accelerators into functions. Interestingly, the work by Hu
et al. [HBR+20] investigates hardware accelerators to improve I/O operations instead
of compute operations. Werner et al. [WS22] introduce a novel level of abstraction in
which the platform autonomously chooses the appropriate accelerator. AI serverless
platforms (i.e., KServe, Nuclio) offer hardware accelerator support, and two serverless
extensions [NRdA+20, BHQT22] explore options to enable remote GPU sharing and
GPUs in edge-cloud scenarios, respectively. We also see that none of the Serverless
Function runtimes consider hardware accelerators, two Serverless Platform Extensions,
and only eight Core Serverless Platforms support it.

Application State & Data Management Application State & Data Management is
prevalent across application paradigms, and especially AI applications tend to be data-
intensive [RRD21] and stateful.[LGC+21] Moreover, Serverless Programming Extensions
can help increase the maturity of State & Data Management (see Figure 2.6), but only
a few platforms focus on it. For example, Karhula et al. [KJS19] focus on enabling
seamless checkpointing for function migrations. Kappa [ZFPS20] introduces new Python
programming primitives to take checkpoints and manage concurrency. This framework
can be used to recover from failures during long-running training tasks. Rausch et al.
[RRD21] introduce annotations that help the placement component to reduce the function
execution and lower network transfer by shifting the computation close to the data.

Others aim to abstract the storage layer by implementing high level APIs for developers
[HBR+20, ZCC+20], extend platforms by introducing actors for stateful computation
[BCG+22, BGJ+21] or by implementing an extra layer (e.g., shim) to handle storage
operations.[SWC+20]

Our findings show that Stateful Function Support support is immature across all categories.
Most of the commercial platforms do not offer long-running functions, while open source
platforms generally can be configured with long timeouts. AWS Greengrass [Amab] allows
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long-running functions that can write and read to a device’s storage and reuse variables.
Cloudflare6 offers Durable Objects, which give workers, located in CDNs, a unique ID and
enable stateful computation. Shillaker et al. [SP20] implement a WebAssembly-based
function runtime that implements an efficient local state access approach and enables
stateful functions.

2.2.3.2 Reliability Engineering

Dynamicity and heterogeneity are key characteristics of the edge-cloud continuum.
Serverless platforms have to address these challenges by providing resilient and fault-
tolerant execution. Specifically, we investigate the maturity of platforms in terms of
their support for specifying Service Level Objectives (SLOs) and how reliable function
invocations are.

SLO/SLA The SLO-awareness (see Figure 2.6) maturity level is fulfilled by only a
few approaches, and no commercial or open source platforms allow users to configure
complex SLOs (e.g., latency requirements). However, most of those platforms support
the configuration in terms of available CPU cores and memory. Klingler et al. [KTS21]
present a set of code annotations that allow developers to fine-tune the function execu-
tion. Specifically, these annotations can find the optimal function resource configuration
(e.g., available memory) or avoid cold starts. Commercial and open source platforms
partially support Location-awareness. Amazon and Microsoft offer edge-only environ-
ments to execute functions and include custom edge devices that can interact with the
cloud platforms (AWS Greengrass and Microsoft’s IoT Edge). Others let developers
programmatically specify the location of function execution.[SJC+22, HBR+20, RRD21]
Hu et al. [HBR+20] implement a DSL that enables developers to specify the place of
execution (i.e., Edge or Cloud). Smith et al. [SJC+22] allows clients to specify the
location of function execution in the invocation request, while Rausch et al. [RRD21]
implement a location- and data-aware placement approach by enabling developers to
specify data (i.e., buckets of object storage) needed for function execution. The Resource-
awareness maturity is fulfilled by reducing network traffic [RRD21, SJC+22] or resource
footprint [Ope16, IBM16, PB20a, BBH+22, WKB+19], improving data exchange be-
tween function instances [LLG+22, HBR+20], reducing overhead of function runtimes
[KSe19, Nuc17, Amab] or explicitly considering resource usage while scaling and placing
serverless functions.[LKM+22, WAES21]

Reliable function invocations Reliable function invocations are essential due to the
dynamic nature of devices and heterogeneous networks in edge-cloud systems. Therefore,
we evaluate the maturity of Invocation Triggers, Invocation Reliability, and Edge-Cloud
Gateways (see Figure 2.6). First, most of the Core Serverless Platforms support HTTP,
and all open source and commercial offerings provide additional queuing triggers. HTTP
is the most stable and fastest method in public cloud offerings, enabling high-throughput

6https://developers.cloudflare.com/workers/learning/using-durable-objects/
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Edge Intelligence applications (e.g., inference).[SBG+22] Queuing triggers can guarantee
at-least-once execution semantics. Note that open-source platforms typically rely on
external queuing systems to enable retry mechanisms (e.g., NATS in OpenFaaS [Ope16],
and Kafka in KNative [Kna18]). Using external queue mechanisms enhances the interop-
erability between platforms. In contrast, commercial platforms offer managed queuing
solutions, contributing to the vendor lock-in effect.

Second, approaches offering queuing mechanisms fulfill retry-based Invocation Reliability.
Only Commercial platforms support mature Invocation Reliability [Ama14, Goo16, Mic14]
by using managed queueing systems to guarantee retries and allowing workflow transac-
tions that can react to failures. One research paper [WKB+19] is also mature by using a
distributed fault-tolerant append-only storage. Our results show that several Serverless
Programming Extensions focus on fault tolerance.[ZFPS20, ZCC+20, SWC+20] These
approaches add fault tolerance by (i) adding a coordinator to orchestrate the transactions
[ZFPS20], (ii) a platform independent runtime and library that enables transactions
on stateful workflows that are either all committed or reverted [ZCC+20] or (iii) by
introducing an extra layer between the platform and the storage to buffer updates and
flush them upon successful workflow completion.[SWC+20]

Third, hybrid Edge-Cloud Gateways are implemented by many approaches from the re-
search community but lack adoption from open-source projects, such as.[BQ21, BHQT22,
LLB21, HKO21] For example, some approaches implement decentralized edge clusters
that act as a gateway and router.[BQ21, BHQT22, LLB21, RRD+22] Bermbach et al.
[BBH+22] implement a distributed Edge-Cloud Gateway by letting each node decide
whether to execute the request locally or offload it to the next one till it reaches the cloud.
Hu et al. [HBR+20] also implement the distributed approach by compiling a user-supplied
workflow and specifying for each function in the workflow where the request should
be executed (i.e., locally or in the cloud). Amazon’s AWS Greengrass and Microsoft
Azure IoT allow customers to set up edge clusters, which can act as hybrid Edge-Cloud
Gateways. For example, Das et al. [DIPW20] dynamically decide whether to process an
invocation request on the local AWS Greengrass deployment or offload the task to AWS
Lambda.

IBM Cloud Functions has an edge extension that allows developers to pre- and post-
process requests at the CDN level, which might be considered a hybrid approach. Our
findings show that only a few support the Workflow Composition of functions via a UI
(most notably commercial offerings) and based on metadata files (i.e., YAML). Most
approaches allow the composition via the code API. Hu et al. [HBR+20] show the DSL
with which developers can build application graphs and specify which functions can be
run in parallel.

2.2.3.3 Performance & infrastructure engineering

Optimization Optimization of function execution is an important aspect in Serverless
Edge Computing and platforms offer Performance & Resource Optimization Targets based
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on Platform Intelligence (see Figure 2.6). The findings show that commercial approaches
do not expose any Optimization Targets to users and provide little details on scaling and
placement. Open source platforms use analytical approaches and most often re-use scaling
methods from the container orchestration service (i.e., default auto scaler from Kubernetes)
or black-box performance metrics (i.e., requests per second) to determine the number of
required function instances analytically. Further, all open source platforms solely offer
Optimization Targets for scaling functions and do not offer any smart placement or routing
mechanisms, except for round-robin or capacity-based.[Kna18] However, works from
academia offer different Optimization Targets and can offer mature Platform Intelligence
solutions. Core Serverless Platforms and Serverless Platform Extensions allow the
specification of latency or deadline requirements using Optimization-based Platform
Intelligence [BHQT22, WAES21], reduce cost for customers using Analytical and ML-
driven Platform Intelligence [LKM+22, DIPW20] or increase revenue using auctions (i.e.,
Optimization-based Platform Intelligence).[BBH+22] Besides focusing on Performance
& Cost, our review also includes approaches that focus on Resources and Network.
Specifically, Huang et al. [HLY+22] use Integer Linear Programming to enable function
migrations to efficiently use Compute Resources, other approaches reduce Network traffic
by moving function instances towards the data [RRD21] or reduce network latency by
dynamically creating computing clusters with nodes close to each other and network-aware
routing [BHQT22].

Edge Support Commercial platforms offer two types of edge-oriented extensions:
custom edge platforms [Amab] that integrate with cloud platforms and function executions
at pre-defined CDN nodes.[ATC+21] The former allows the inclusion of custom devices
but entails custom management to combine cloud and edge resources.[DIPW20] The latter
enables developers to pre- and post-process HTTP requests and responses.[ATC+21] Open
source platforms rarely support edge devices and focus on providing resource-optimized
platforms (i.e., OpenWhisk Lean [IBM16]). To summarize, commercial and open source
platforms offer high Edge Support maturity, but their solutions lack the unification of
edge and cloud resources, as we envision the SCF.

Core Serverless Platforms and Serverless Platform Extensions from academia offer high
maturity and unify edge and cloud. For example, Wolski et al. [WKB+19] implement a
platform that runs on devices ranging from microcontrollers to consumer workstations
using a distributed fault-tolerant append-only storage to guarantee function executions
across the continuum. Contrary, Akkus et al. [ACR+18] introduce a local message bus
deployed per node, making the approach resilient against network failures as functions
on the same node can still communicate, and their resource consumption results show a
smaller footprint than AWS Greengrass. Other approaches achieve a high maturity level
of Edge Support by enabling the seamless migration of function instances in edge-cloud
scenarios [HLY+22] or by introducing data-aware request routing and data replication
that gradually leads to reduced network traffic between regions.[SJC+22]
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2.2.4 What lies ahead

2.2.4.1 Programming Support

Our review has shown that only a few approaches offer mature AI Support and Application
& State Data Management. Specifically, we see a lack of programming support for first-
class citizen abstractions.

Edge Intelligence Developing EI applications still remains challenging because of
their complex workflows that combine edge and cloud resources to perform training and
inference [RD21]. We saw that current platforms do not adequately address this, and
new solutions are required. For example, AI model selection and treatment of large AI
models should be first-class citizen features in the programming model [WS22].

Application State & Data Management Application State & Data Management
still poses great challenges due to the edge-cloud continuum’s heterogeneous network
conditions and geo-distributed infrastructure. Thus, offering distributed cache and storage
solutions is not only mandatory but also challenging in terms of implementation and
usage. For example, the programming model should alleviate developers by offering
appropriate abstractions that simplify access.

2.2.4.2 Reliability Engineering

The review has shown that only a few approaches have reached full maturity in terms of
guaranteeing efficient execution. Specifically, support for SLOs and execution guarantees
still poses some challenges.

SLO/SLA-awareness remains challenging in terms of enabling developers to specify
complex SLOs.[PMP+21b, PMP+21a] For example, developers want to specify that the
inference model has a certain accuracy [RD21]. Besides, the implementation requires
careful design to monitor and manage function executions efficiently. For example, the
SCF should continuously learn and build AI models to make informed function scaling,
placement, and routing decisions.

Reliable Invocations poses challenges in the implementation because each Edge-
Cloud Gateway approach has its advantages and disadvantages. For example, the
hybrid approach can introduce additional network overhead by routing through gateway
components. While a drawback of the distributed approach is the dissemination of
knowledge in the system. Further, execution guarantees for mission-critical complex
are hard to achieve in such dynamic environments. For example, the SCF can deploy a
distributed queuing mechanism that can run on all devices to achieve full maturity.
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2.2.4.3 Performance & Infrastructure Engineering

Current approaches lack sophisticated Optimization strategies. Specifically, commercial
and community-driven open-source solutions do not implement adequate ones that are
suitable for the edge-cloud continuum. Besides, the maturity of Edge Support is high in
approaches from academia but lacks adoption in the open source space.

Optimization Optimization based on ML/AI-driven Platform Intelligence can con-
tinuously adapt to the dynamic edge-cloud environment and make smart scaling and
placement decisions. However, we identify two challenging tasks: (1) placement and (2)
operationalization. (1) the SCF must consider the implementation and placement of
runtime mechanism components (e.g., scaling, placement). Each of those components
can be deployed, distributed, and decentralized, requiring coordination and fallback
mechanisms. (2) the operationalization of intelligent placement, scaling, and routing
is complex and requires re-training due to the dynamic environment of the edge-cloud
continuum.

Edge Support Edge Support is challenging to offer due to the large variety of devices
and range of computational power. To improve this, we suggest that the SCF should
abstract the virtualization and isolation layer to enable a resource-efficient and resilient
function execution model on all devices and reach full maturity. Containers, WebAssembly,
and microVMs each have advantages and disadvantages [LGC+22, GSAN+22, GFD22],
and developers should have the option to let the SCF choose the most suitable one
dynamically.

2.2.5 Related Work
Aslanpour et al. [ATC+21] identify opportunities and open issues. Certain aspects of
our work overlap with theirs, but we additionally assess the current state. Cassel et
al. [CRdRR+22] and Kjorveziroski et al. [KFT21] review serverless computing for IoT.
While the former does not investigate commercial or open-source platforms, the latter
neglects stateful aspects. Ioini et al. [IHPT20] focus on the state of commercial and
open-source platforms. The section generally focuses on different issues and challenges
and presents a novel look at Serverless Edge Computing with our criteria that investigate
the programming and execution model.

2.3 Summary
In this section, we introduced novel criteria to evaluate the maturity of serverless
computing approaches for the edge-cloud continuum. Our work is, in part, a continuation
of previous research where we outlined our vision for the SCF [NRF+22]. Our review
of over 45 approaches discusses challenges we previously identified and evaluates the
maturity of current offerings. We identified issues around data management, the serverless
programming model, and AI support. The review shows that current offerings are in
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many ways still immature, and we have briefly outlined which steps to take next. The
requirements for EI applications Serverless Edge Computing are manifold, as our review
has shown. Therefore, we focus on the challenge of satisfying SLOs using orchestration
strategies. Specifically, energy- and location/mobility-awareness are lacking, which are
crucial for the success of those platforms. Based on that, we focus in the following chapter
on proposing mobility- and energy-aware approaches. Mobility-awareness is similar to
location-awareness by determining the movement of users, as well as reducing energy
consumption, which can drive down cost for platform providers.
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CHAPTER 3
Mobility- and Energy-aware

Orchestration Strategies

In this chapter, we are going to address specific challenges around function orchestration
that are important for Edge Intelligence, based on our analysis in Section 2.1 and are not
fully mature yet, as we have seen in Section 2.2. First, we are proposing a mobility-aware
decentralized Serverless Edge Computing platform in Section 3.1 that is based on a
complex metric we call pressure. Next, we are looking into reducing energy consumption
in container-based systems, such as those commonly seen in Serverless Edge Computing
platforms. Section 3.2 presents a Graph Neural Network-based scheduler that lowers
energy consumption in data center scenarios, which are as critical for Edge Intelligence
as edge-oriented infrastructure. The mobility-aware orchestration strategy was first
presented in [RRP+22] and the energy-aware one in [RRD+24].

3.1 Mobility-Aware Serverless Edge Computing
Serverless Edge Computing and its function-based deployments have emerged as a
useful abstraction to manage the complexity of distributed and heterogeneous edge-cloud
infrastructure. Current cloud-centric orchestration services and serverless platforms
are not suitable for the edge-cloud continuum due to their mobility-unawareness. In
this section, we present a mobility-aware framework for edge-cloud systems, where the
operational mechanisms of placement, scaling, and routing of serverless functions work
in tandem. To that end, we formulate the concept of pressure that captures complex
system behavior in a single metric. The pressure-based framework handles geo-distributed
workload and user mobility by reducing overall function latency and increasing data
throughput while efficiently using edge resources. Our contributions include a novel
Serverless Edge Computing-based framework revolving around pressure and a real-world
proof of concept evaluation. Our approach combines the benefits of a centralized control
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Figure 3.1: Scenario

plane with a decentralized data plane. The results show the efficacy of the platform to
address operational goals and make effective and deterministic tradeoffs between system
utilization and application performance. The novel concept of pressure shows great
extensibility and builds the base for a plethora of future works.

3.1.1 Introduction
Serverless functions encapsulate business logic into atomic units of deployment that are
autonomously managed by platforms to hide computing infrastructure from application
developers. The platform’s main responsibilities of scaling, placing, and routing requests
need to consider the mobility of users in modern edge-cloud scenarios [ATC+21]. The
serverless paradigm can help manage the complexity of operating applications on the edge-
cloud continuum, where the geo-distributed and heterogeneous nature of infrastructure
presents unique challenges and opportunities [ATC+21]. Applications across the edge-
cloud continuum include low latency applications spanning various domains, such as
autonomous vehicles [HPS+15], or augmented urban reality [LHOH18]. These use cases
share two common characteristics that are particularly challenging to address: geo-
distribution and user mobility [TLG16]. Service migration tackles the problem of user
mobility and requires platforms to constantly re-allocate resources[OZC18]. Edge-cloud
systems are composed of multiple compute units to enable computation in proximity
independent from where the requests come [RCLN20]. Thus, users constantly re-connect
to the nearest access point, making mobility-aware serverless orchestration strategies
necessary for future applications across the edge-cloud continuum. Existing efforts to
extend serverless systems (e.g., Kubernetes) to the edge [XSXH18] have only recently
begun to address how to adapt cloud-based serverless function orchestration [HSW+21,
RCLN20] and cloud-centric solutions are not feasible [OZC18]. Serverless orchestration
strategies include scaling and placement of application instances (i.e., function replicas)
and the routing of incoming user requests.

Figure 3.1 presents a scenario from the domain of autonomous vehicles in which cars are
connected to the closest Road Side Unit (RSU). Specifically, the system is composed
of different compute units. Namely, a central Cloud Compute Unit (CCU) and two
Edge Compute Units (ECU). In our case, the ECUs are RSUs and offer limited hosting
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capabilities. Cars automatically connect to the closest one and offload tasks to the ECU.
Tasks include assisted driving, traffic management, and infotainment [LMC+21]. In
our case, tasks are processed by stateless functions that are deployed by a developer
in the CCU and placed from there across the edge-cloud continuum. The issue is that
functions need to be adapted to migrate along the users’ trajectory. Specifically, ECU
1 does not host the needed function and needs to re-route the task to ECU 2, where
it can be processed. Naturally, if functions do not migrate, the invocation suffers from
long network latency trips. Thus, serverless platforms require scaling, placement and
routing strategies to migrate functions according to the users’ mobility. This entails the
consideration of non-negligible network delays, varying workload conditions, resource
usage, and user mobility. To that end, we propose a mobility-aware framework based on
the novel concept of pressure - a metric that measures the force between compute units
based on locality and demand. Our framework implements a network-aware offloading
strategy and pressure-based scaling and placement that work in tandem. The pressure is
highly extensible, and we show this using two pressure formulations that deterministically
yield expected results. Additionally, the pressure-based approach significantly reduces
communication between compute units, which otherwise might result in a bottleneck
on the network layer [GSSS20, MGST22]. Evaluation on a testbed shows that our
performance-oriented pressure reduces the 90th percentile Round-Trip Time (RTT) by
up to 77%, and network latency can be reduced by up to 92% compared to the default
Kubernetes Autoscaler. The resource-efficient pressure reduces the average number of
running containers by 83% in comparison to the performance-oriented variant while still
reducing the RTT by 60% and the network latency by 74%. Inter-network traffic is
reduced by 92% and 67%, respectively.

The main contributions of this section are as follows.

• We propose a novel joint scale & placement and routing framework for serverless
functions across the edge-cloud continuum.

• We implement two different pressure calculations showing deterministic behavior
and good results.

• Our open source proof-of-concept implementation1 works in tandem with Kuber-
netes.

The rest of the chapter is organized as follows. Section 3.1.2 discusses related works and
highlights issues around them and differences to our work. Afterward, Section 3.1.3 briefly
introduces Function-as-a-Service (FaaS) and our system model. Section 3.1.4 introduces
the pressure, and Section 3.1.4.4 the pressure-based serverless platform, of which we
describe our proof-of-concept (PoC) implementation in Section 3.1.5. Section 3.1.6
outlines our methodology for evaluating the proposed system. Section 3.1.7 highlights

1https://github.com/phip123/mobility-aware-faas
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the key performance indicators, displays the results of our experiments on the testbed,
and discusses advantages and disadvantages. Section 3.1.8 concludes our work and gives
a perspective for future work.

3.1.2 Related Work
The related work is split into three categories. First, we look into works that investigate
offloading and service migration solutions. Afterward, we focus on solutions that propose
edge-cloud serverless function platforms. Then, we consider works that tackle mobility
issues.

3.1.2.1 Mobility-aware offloading and service placement

Labriji et al. [LMC+21] propose a proactive VM service migration scheme in the Internet
of Vehicles. Tang et al. [TGW+20] investigate Quality of Service (QoS) requirements in
vehicle fleets. Using virtualization, they reduce resource provisioning costs while ensuring
QoS requirement satisfaction. Sun et al. [SZML19] formulate a mix-integer non-linear
stochastic optimization problem to optimize resource usage and task placement jointly.
Maia et al. [MGDVdC20] tackle the joint issue of request routing and service placement
using limited look-ahead control and a genetic algorithm. These approaches and more
[GCZ20, MMN21, YLZ+20] propose mobility-aware solutions to routing and placement,
but evaluate their approaches solely in simulations. While they show promising results,
our work differentiates by solving these issues for serverless functions using an integration
into Kubernetes.

3.1.2.2 Serverless function orchestration in edge-cloud systems

The authors of [HSW+21] use a distributed Reinforcement Learning (RL) approach
to manage applications in Kubernetes using decentralized request dispatchers and a
centralized service orchestrator. This design is similar to ours but differs from the approach
to minimize data communication between the edge and the cloud. Their approach uses
Graph Neural Networks to encode the system’s state, while our scale and placement
components work on the aggregated complex pressure metric. Rossi et al. [RCLN20]
use an RL agent to scale applications and schedule on a geo-distributed system using
a network-aware placement heuristic, but do not propose a solution to request routing.
Tamiru et al. [TPTE21] extend Kubernetes to manage multiple clusters and re-route traffic
across all clusters, but focus neither on low-latency applications nor the characteristics
of edge computing. Other papers that evaluated orchestration services lack edge-based
load balancing strategies [PWHH19, HSS+19]. Baresi et al. [BM19] propose a serverless
platform for edge computing for which they also built a prototype based on the open-
source FaaS platform OpenWhisk. Their architecture is based on a decentralized approach
containing a self-contained serverless platform per region (e.g., per city). In contrast
to our work, they do not explicitly tackle placement, scaling, and routing but resort
to measuring the idle memory footprint and performance in a static environment (i.e.,
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without scaling). Further, these works have not been evaluated in the context of mobility
in edge-cloud systems.

3.1.2.3 Mobility-aware serverless function deployments

Few works have approached the task of implementing and evaluating mobility-aware
serverless function solutions. Wang et al.[WGZ+21] propose an RL approach that
explicitly tackles user mobility issues but does not jointly investigate placement and
routing. Baresi et al. [BHQT22] present NEPTUNE, a network and GPU-aware serverless
function orchestration platform that is location-aware and built on top of Kubernetes.
They use Mixed Integer programming to perform placement decisions and split the
system into separate communities (similar to our compute unit definition). In contrast
to our work, communities are not aware of each other. That causes the system to fail if a
community is overloaded and has to be reconfigured. Our approach differentiates us by
presenting a novel pressure-based framework for serverless functions.

3.1.3 Background
Serverless platforms offer convenient deployment of serverless functions by requiring only
a containerized stateless application to scale, place, and route requests autonomously.
While there are many issues regarding serverless computing (e.g., cold starts [BCF+17]),
we specifically focus on these three base function orchestration strategies. We build our
platform on Kubernetes, a commonly used orchestration service among open-source server-
less frameworks [PKC19] and research [BHQT22, RCLN20, TPTE21]. This paradigm
requires that applications offer a single stateless function that can be invoked over the
network (i.e., HTTP). While serverless platforms abstract away the details from users,
default components are not suited for modern edge-cloud scenarios. Especially when
facing mobility, cloud-centric approaches (i.e., scaling and request routing) fail to ensure
user requirements. The serverless paradigm promises to abstract the underlying infras-
tructure away from the platform users, and therefore, deployment should only require
minimal deployment information. Therefore, we provide a novel serverless platform to
perform dynamic mobility-aware function orchestration strategies. Based on the example
in Figure 3.1, we introduce our notation for the system. As mentioned, we envision edge-
cloud systems to consist of one or multiple CCUs with unlimited hosting capabilities, but
experience non-negligible network delays to users (i.e., cars). ECUs are deployed at the
edge, comprised of resource-constrained devices, and in proximity to users. Our approach
is dynamic and does not differentiate between these two compute units. Therefore, the
platform manages a set of compute units C. Each compute unit c ∈ C contains multiple
nodes n ∈ N and exactly one gateway. The gateway acts as a request router and has
function orchestration capabilities, such as the aggregation of fine-grained monitoring
data and the local placement of functions. Platform customers deploy functions with
resource requirements for CPU and memory (CPU req

f and MEM req
f , respectively). A

function replica running on node n is denoted as fi, where i is a unique index, and we
can look up the node for each fi. Users u ∈ U generate requests and invoke the deployed
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functions. A compute unit c receives requests from user u of the given function f (Ru,c,f ).
We also denote requests that are being re-routed from compute unit x to compute unit y
with Rx,y,f . Table 3.1 lists all symbols.

3.1.4 Pressure
Pressure is an abstract metric composed of multiple low-level metrics and does not impose
requirements regarding its definition. Therefore it is versatile and can be formulated
toward specific use cases. As our evaluation shows, the pressure can be composed of well-
known low-level metrics (i.e., resource utilization). The combination of them positively
influences dynamic function orchestration. In the following, we introduce our vision of
pressure based on an example scenario.

3.1.4.1 Example scenario

Figure 3.2 depicts a system consisting of three compute units: ECU1, ECU2, and a
cloud (CCU). The scenario highlights how the pressure can guide function orchestration
strategies and make them mobility-aware. It is based on our introductory example in
Section 3.1.1. At the beginning (t1), one function replica is available in CCU . Thus, the
car is offloading requests to ECU1 that are being re-routed to CCU , because no function
replicas are running on ECU1. The network latency negatively impacts different factors
(i.e., performance, bandwidth usage), and ECU1 should process requests. The platform
has to adapt the function deployment and place a new function replica in ECU1. The
pressure captures this mismatch, resulting in a high value between ECU1 and CCU .
At step t2, the system starts a function replica on ECU1 and incoming requests can
be processed internally (resulting in low pressure). As no requests are being processed
in CCU , the replica can be shut down. In the next step, t3, the car moves away from
ECU1 and connects to ECU2. ECU2 does not host the function and therefore has to
re-route them to ECU1. In contrast to cloud-centric load balancers, a mobility-aware
platform has to consider network latency between compute units when re-routing requests.
As depicted in the figure, ECU2 is closer to ECU1 than CCU (e.g., consider replicas
running in CCU). In t3, the pressure between ECU2 and ECU1 is high again, and the
platform has to adapt the function deployment dynamically.

This scenario highlights the following important aspects: (1) the platform efficiently
places the function from the cloud along the car’s path, (2) unused functions are shut
down, and (3) the pressure gives direction and enables a joint scale and place algorithm,
allowing us to make mobility-aware decisions.

3.1.4.2 Definition

The pressure is calculated for each pair of compute units (i.e., ECU1, ECU2 and CCU)
and for each function f , where requests were re-directed from one compute unit to
another. We denote the pressure as pECU1,ECU2,f , which translates to requests being sent
from the origin compute unit (i.e., ECU1) to the target compute unit (i.e., ECU2). The
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Figure 3.2: Scenario

pressure is directed (i.e., pECU1,ECU2,f ̸= pECU2,ECU1,f ). Note that the same compute
unit puts pressure on itself (i.e., pECU1,ECU1,f ). This is important to adapt compute
units independently and ensures requirement satisfaction. Generally, we expect a high

Variable Description
C Set of compute units
F Set of deployed functions
N Set of nodes
CPU req

f CPU requirement of function f

MEM req
f Memory requirement of function f

CPU rel
fi

CPU usage of function fi
fi Function replica f with index i
U Set of users sending tasks (i.e., a car)
Ru,c,f Set of requests from user (or compute unit) u received by c
pco,ct,f The pressure from co on ct for function f
d(n1, n2) Network latency between nodes n1 and n2
trttf Target round-trip time of function f

pREQx,y,f Request pressure between compute unit x and y

pRESx,y,f Resource pressure between compute unit x and y

pRTTx,y,f Performance pressure between compute unit x and y

pperf Performance-oriented pressure definition
peff Resource efficient pressure definition
wfi,c Routing weight of replica fi for gateway in compute unit c

Table 3.1: Symbols
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pressure between two compute units when the latency between them is high (which has
to be defined for each function individually) and a relatively large quantity is re-routed,
causing performance degradation for many users. On the other hand, if the network
latency is negligible, the pressure should be low (i.e., pECU1,ECU1). Additionally, each
compute unit should be able to calculate it based on local compute unit metrics and
requests. This minimizes communication costs between compute units and the centralized
control plane. Before introducing our pressure-based platform, we give details about the
pressure formulations used in our evaluation.

3.1.4.3 Pressure formulations

We introduce two different pressure formulations: peff and pperf that are composed of
three and two low-level components respectively: (1) the request distribution (pREQx,y,f ),
(2) the performance (pRTTx,y,f ) and (3) the resource usage (i.e., average CPU usage) of the
target compute unit y (pRESx,y,f ).

pREQx,y,f captures the request distribution, the relative amount of requests spawning from
x and being processed by y. It is formulated as follows, Cy contains all compute units
(including y) that have sent function requests to y and Rx,y,f is the number of requests
sent from compute unit x to y. We divide the result by the highest ratio to normalize
values between [0, 1].

Ry,f =
∑︂
c∈Cy

Rc,y,f ;uy,f = Ry,f

|Cy| (3.1)

wmax = maxc∈Cy(
Rc,y,f

uy,f
) (3.2)

pREQx,y,f = (Rx,y,f

uy,f
)/(wmax) (3.3)

pRTTx,y,f anticipates applications that require a specific RTT. As network and performance
fluctuate during workloads, we formulate a pressure that models this circumstance. It is
based on the RTT and a user-specified requirement (trttf ). Specifically, we use the 99th
percentile of the RTT of function f from x to y (RP99

x,y,f ). The pressure increases when
compute unit x sends requests to far away, or overloaded compute units. This allows
to fine-tune each function and gives the ability to adapt the importance of performance
dynamically. We use a logistic-based function (Eq. 3.4) to act as a cost function to assess
the current state.

l(d) = (L − b)
1 + e−k(d−trtt

f
) + b (3.4)

pRTTx,y,f =
l(RP99

x,y,f )
L

(3.5)
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We use the following parameter values:

L = 250, b = 1, k = 0.2, trttf = 70 (3.6)

Figure 3.3 shows the resulting pressure function pRTTx,y,f which stays in the range [0, 1]. In
case no traces exist, we set the pressure to 0. The parameters were chosen to penalize
(i.e., calculate a high pressure) for requests with an RTT that violates the threshold and
favor (i.e., calculate a low pressure) if the RTT is below the threshold. Future works can
include investigating which parameters are suitable for different applications.
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Figure 3.3: pRTT - pressure function

pRESx,y,f is based on the ratio between requested CPU usage and current average CPU usage
over all function replicas in the target compute unit y (CPUmean

f,y ). This approach is
similar to how Kubernetes’ Horizontal Pod Autoscaler (HPA) calculates the ratio for
scaling applications and is in contrast to the others not influenced by the origin compute
unit x. pRESx,y,f can yield higher values than 1. We want to note here that this pressure
component can be easily extended to include other resources (e.g., GPU, I/O), but our
evaluation application mainly uses CPU.

pRESx,y,f =
CPUmean

f,y

CPUreq
f

(3.7)

We calculate each pressure component and multiply them to create the final pressure
value. The pressure formulation can be easily adapted and weighted towards different
goals and allows generalization across different infrastructures. To demonstrate the
adaptability, we use in our experiments two different formulations: a pressure that
contains all components (eff icient), and one that omits the pRESx,y,f component to scale
and place with a focus on performance (see equations 3.8 and 3.9, respectively). The
presented pressure formulation is our initial evaluation of this concept and can be extended
to more sophisticated variants in future work (e.g., weighted sum).

peffx,y,f = pREQx,y,f · pRTTx,y,f · pRESx,y,f (3.8)

pperfx,y,f = pREQx,y,f · pRTTx,y,f (3.9)
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3.1.4.4 Pressure-based serverless platform
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Figure 3.4: Framework

Figure 3.4 shows the components of our pressure-based serverless platform and highlights
interactions between them. We employ a joint scale and placement system to dynamically
manage the function lifecycle and a network-aware router optimization component. The
centralized scale component finds pressure threshold violations. These are passed to
the placement component, which consists of a global and local component. The global
placement component determines in which compute unit a new function replica should
be spawned, and the local one selects the node. The router optimizer frequently updates
the gateways in the system.

3.1.4.5 Scaling

The framework uses a reactive threshold-based strategy to scale functions. The component
periodically receives the pressure (pc,x,f ) for each pair of function and compute unit and
checks for any threshold violations. In case the pressure is too high (i.e., pc,x,f > thrmax),
it will scale up, and in case the threshold falls below (i.e., pc,x,f < thrmin) it will trigger
a scale down action. The number of replica to scale up or down is currently statically set
to one. If the pressure is 0, but replicas are pending to start, we do not take any scale
down actions. Additionally, we identify zero sum actions to re-use existing resources
efficiently. This lets the system identify scaling decisions that would scale down a replica
in a compute unit in which we want to schedule a new one. The scaler outputs a list
of tuples containing the violating compute unit (c) and the corresponding function (f),
which is passed on to the global placement component.

3.1.4.6 Placement

Our work proposes a two-level decentralized placement approach. The global placement
component determines the compute unit, and the local placement one selects a specific
node. The global placement component has to resolve two kinds of events: scale-up and
scale-down. In case of a scale-down event, the pressure pc,x,f was lower than thrmin,
and the current selection strategy chooses the replica with the lowest resource usage
(i.e., CPU) in c. In the case of a scale-up event, the pressure pc,x,f was higher than
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thrmax. Therefore, the global placement policy receives a list of pressure violations S
and the set of compute units C (see Algorithm 1). Each pressure violation in S consists
of the violating compute unit c and the function f . First, it decides whether c can host
another replica (line 6). Otherwise, it selects the next best compute unit using latency
and pressure (lines 8-23). First, we sort all compute units in ascending order based on
the network latency relative to compute unit c (line 10). We assume that the global
component is aware of the underlying network topology. In the next step, we check for
each possible target compute unit x if it can host another replica of f and check if the
pressure threshold (thrmax) is violated based on pc,x,f . If not, we select x to spawn a
new replica. If no compute unit was found, we select the nearest one that can fit another
replica (line 20). The pressure allows us to avoid overloading compute units by selecting
the nearest one. Afterward, the target compute units and functions (stored in M∗) are
passed on to the local placement component.

Algorithm 1 Placement
1: function globalPlacementPolicy(S, C)
2: Input: S,C: S contains the pressure violations, and C is the set of compute

units
3: Output: M∗: set containing the target cluster for each function
4: M∗ ← ∅
5: for each (c, f) ∈ S do
6: if canHost(c, f) then
7: M∗ ← M∗ ∪ {(c, f)}
8: else
9: minc ← null, C∗ ← C \ {c}

10: C∗ ← sortByLatencyAscending(c, C∗)
11: for each x ∈ C∗ do
12: if canHost(x, f) then
13: if pc,x,f < thrmax then
14: minc ← x
15: break
16: end if
17: end if
18: end for
19: if minc = null then
20: minc ← firstThatCanHost(c, C∗, f)
21: end if
22: M∗ ← M∗ ∪ {(minc, f)}
23: end if
24: end for
25: return M∗

26: end function
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The local placement component receives the functions and compute units to spawn new
replicas and prepares for each pair one replica. This component, situated directly in the
compute unit (i.e., on the gateway), can make fine-grained decisions to place the replica
on the best-fitting node. We do not propose a sophisticated local placement heuristic in
this work and resort to the default Kubernetes scheduler. Our framework intends to focus
on the global level leaving fine-grained decisions open for custom solutions. Note that
the local placement component has much more information available, and fine-grained
telemetry data does not have to be propagated to the global components (as depicted in
Figure 3.4). This also increases the system’s scalability as the global component does
not have to compute the pressure but instead selects the compute unit to place the next
replica. The routing optimizer includes the newly spawned replica and routes traffic to it.

3.1.4.7 Router Optimizer

The gateways route, based on a weighted-round-robin technique, and the router optimizer
periodically updates the weights based on network latency and resource usage. It
calculates the weights for all replicas running in the compute unit and for external
compute units hosting the function. For each deployed function f , compute unit c, and
function replica fi, it calculates the weight wfi,c as follows:

cpudiff
fi

= 1 − CPU rel
fi

(3.10)

latfi,c = max(0.01, l(d(nfi
, nc))) (3.11)

wfi,c = (cpudiff
fi

· latfi,c) · 100 (3.12)

CPU rel
fi

denotes the replica’s CPU usage relative to the number of available cores and is
normalized in the range of [0, 1]. In case no CPU usage is available for a replica, we assume
the load is 0. Equation 3.11 uses the previously defined logistic-based cost function (see
Equation (3.4)). trttf is a parameter that users have to provide. Equation (3.11) uses
the dynamically updated mean network latency, obtained via the distance function d,
between the replica’s node (nfi

) and the compute unit’s gateway node (nc). We avoid
weights of 0 and use 0.01 as a fallback value. The final weight for replica fi (wfi,c)
is calculated in equation 3.12. We multiply by 100 because our weighted round-robin
implementation expects integers. The presented strategy favors replicas with low CPU
usage and low network latency.

wx,c = ceil[wmean
x · latx,c] (3.13)

Equation 3.13 shows the weight calculation to re-route requests from one compute unit
c to another compute unit x. It takes the average over all weights (wmean

x ) in compute
unit x and weights it with the network latency between the compute units x and c. This
optimization requires compute units to interact with each other.

54



3.1. Mobility-Aware Serverless Edge Computing

3.1.5 Proof-of-concept implementation
All components run as Python daemons and cache any events published through Redis.
The gateway router is implemented in Go2 and listens on weight changes via etcd, a
distributed key-value storage. The PoC implementation does not deploy multiple local
schedulers but uses a centralized unit (default Kubernetes scheduler). It also does
not calculate the pressure in a decentralized manner, in contrast to our vision that
dictates each compute unit’s gateway to calculate it. However, this does not influence
our evaluation, and we consider this as future work. Resource usage is pushed from each
node via telemd3 through Redis, and the workload is generated by the distributed load
testing framework galileo4 [RRPD19]. In the following, we present the RTT and network
latency details. Figure 4.4 depicts a request that is forwarded from the ECU 2 ’s gateway
to the ECU 1 ’s gateway and finally arrives at a replica, which contains an OpenFaaS
watchdog5. The request is forwarded to an internal Python-based Flask HTTP server that
can process up to four requests in parallel. Based on the automatically set timestamps,
we can calculate RTT (tstart − tend), an estimate for the network latency between nodes
(t1 − t0) and the execution time (t3 − t2). Further, the figure highlights the different
network connections: internet, inter-network, and intra-network. We consider the internet
to be all external traffic paid by the client. Inter-network is the most expensive for the
platform provider and is the traffic between two networks (i.e., compute unit-to-compute
unit connection). Intra-network traffic stays in one network and is cheap.
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return
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Figure 3.5: Lifecyle of a trace and network types

3.1.5.1 Testbed

The testbed includes a variety of devices, and each is assigned to one compute unit,
see Table 4.1 for further information. It is set up using the lightweight Kubernetes
distribution K3s6. There are three compute units in total: IoT Box, Cloudlet, and Cloud.
IoT Box and Cloudlet are considered to be ECUs and the Cloud, a CCU. The edge-based
compute units are derived from [RLF+20]. We emulate the network latency between the

2https://github.com/edgerun/go-load-balancer/
3https://github.com/edgerun/telemd/
4https://github.com/edgerun/galileo
5https://github.com/openfaas/of-watchdog
6https://k3s.io/
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Table 3.2: Testbed

Device CPU RAM Cluster
1x AsRock 8x Ryzen @ 2 GHz 32GB IoT Box
1x RPI 4 4x Cortex @ 1.5 GHz 1 GB IoT Box
1x TX2 4x Cortex @ 2 Ghz 8 GB IoT Box
1x Nano 4x Cortex @ 1.4 GHz 4 GB IoT Box
1x Xeon 4x Xeon @ 4.6 GHz 16 GB Cloudlet
4x Xeon 4x Xeon @ 3.4 GHz 8 GB Cloudlet
4x VM 4x vCPU @ 2 Ghz 8 GB Cloud
2x NUC 4x i5 @ 2.2 GHz 16 GB Clients

Cloud
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Worker
Worker
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Figure 3.6: Testbed setup

compute units in our system using the Linux network traffic shaping tool tc. Network
latency is based on a study by Braud et al. [BPKP20]. A request from the edge to the
cloud has a network latency of 60ms, and between the ECUs 30ms. The intra-network
latency remains untouched, as well as the connection between users and ECUs (≤ 10ms).
Figure 3.6 depicts the basic structure of our testbed.

3.1.6 Experimental Setting
3.1.6.1 Workload

The generated workload emulates a typical scenario for our use case: cars move around
and connect to different compute units over time. This is done by first sending requests
to the IoT Box and afterward to the Cloudlet. Figure 3.7 depicts the requests over time
and highlights the origin compute unit (i.e., which compute unit the users are connected
with and send the request to). First, users send requests to the IoT Box and then move
on to the Cloudlet. In the end, both compute units receive requests. The experiments last
around 9 minutes, processing 6000 requests (up to 35 per second). The deployed function
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busy waits 50ms and consumes 100% CPU during execution. The 50ms stem from our
preliminary results that investigated the function execution time using a container that
utilizes a modern hardware accelerator to execute an AI-based object detection (Google’s
EdgeTPU7). This work disregards the performance heterogeneity of compute units and
focuses on evaluating our initial pressure definitions in a mobility-driven scenario.

Figure 3.7: Workload over a 5 second rolling window during the 9 minute experiment.

3.1.6.2 Comparison strategies

We compare our solution with four different scaling and placement strategies. They are
split into two groups, which affects the replica they observe: central and compute unit-level.
The approaches are based on the official Kubernetes algorithms but are re-implemented in
Python. This decision was made in order to guarantee equality concerning the monitoring
data that is used to evaluate the compute unit state. In the central approach, the scaling
component observes all replicas, no matter the compute unit they are in. This is the
typical compute unit-unaware approach that scales and places without considering the
difference in network latency between the compute units. The formulation to get the
target number of replicas required to run to satisfy the CPU and RTT thresholds is as
follows:

target = ceil[|replicas| · (currentMetric
targetMetric )] (3.14)

We denote these approaches as HPA (CPU) and HLPA (RTT). In contrast to the
compute unit-unaware central approach, the compute unit-based approach evaluates the
HLPA per compute unit. This approach is denoted as HLCPA and scales each compute
unit individually, thus unaware of other compute units. Again, we implemented this
approach for our testbed in a centralized manner, but in a real world scenario, a scaling
component runs in each compute unit. Further, each compute unit runs at least one
function instance to avoid cold startup (because the minimum of running replicas is set
to 1). It does not re-route across compute units which entails that if the compute unit is
full, there is no mechanism to allocate new resources in another compute unit. If the
compute unit is full, it would need additional logic to select the next "best" compute unit.
During the evaluation, all approaches use the presented network-aware routing strategy.

7https://coral.ai/
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Parameter Value Description
thrmin 0.1 Minimum pressure threshold
thrperfmax 0.5 Max. pressure threshold for pperf

threffmax 0.3 Max. pressure threshold for peff

trtt 70 Target RTT in ms
trttrouter 35 Target RTT in ms for router optimization
CPU req

f 1000 CPU millis requested from eval. function
MEM req

f 512 MB requested form eval. function
tCPU 60 Target CPU usage of HPA

Table 3.3: Evaluation parameters

This evaluation setup is similar to Baresi et al.[BHQT22], who also propose a serverless
platform for edge-cloud systems.

3.1.6.3 Parameters

We repeat each experiment five times and set the scaler’s reconciliation interval to 15
seconds while the router optimizer runs every second. In contrast, the Perf. experiments
run the optimization every 5 seconds to overcome the limitation of only scaling up
functions by one replica. The reconciliation interval for the scale/placement components
is based on the Kubernetes default. All other parameters are shown in Table 3.3.

3.1.7 Results
3.1.7.1 Resource Usage and Scheduling

It is essential to understand when and where replicas were placed to understand the
experiments’ performance and data throughput aspects. The left side of Figure 3.8 shows
the CPU usage per replica over all experiments as boxplots. We observe that the HLCPA,
HLPA, and Perf. approaches have the lowest CPU utilization. The low CPU usage can
be explained due to the short function execution time (50ms) and the high number of
replicas deployed. The Eff. approach has on average a 20% CPU usage while the HPA
approach has the highest one with around 40-50% on average.

Figure 3.8 also depicts the average number of replicas running per second in the right plot.
This figure explains the low and high CPU usage for each approach. For example, HPA
and Eff. have less than three replicas running per second, whereas the other approaches
use more than 12. That means requests in the former cases are distributed over a few
instances, causing them to process requests concurrently. While in the latter, the request
distribution leads to a lower invocation rate per replica. It also shows that even though
our application uses 100% CPU during execution, the HPA approach did not scale often
and makes CPU-based scaling not feasible for the evaluated application. A scaling
approach based on the queue length of the functions might be a better indicator.
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Figure 3.8: CPU usage and mean number of replicas
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Figure 3.9: Replicas running per cluster

To deepen the analysis with respect to placement, we include Figure 3.9 that shows the
number of containers during the experiments. We exclude the HPA approach because it
scaled up the function only once and placed the container in the Cloudlet. The results
demonstrate the dynamic aspect of our pressure-based approaches as they remove replicas
from the IoT-Box while users move to the Cloudlet (visible around minute 2). The HLPA
approach also scales down during this time but randomly selects replicas to remove. This
highlights a pressure-based framework’s ability to adapt functions regarding user mobility.
While HLPA, HLCPA, and Perf. mostly scale up to the maximum number of replicas,
the Eff. approach keeps the number of containers below five replicas while maintaining
good performance.

3.1.7.2 Performance

Figure 3.10 displays on the left side the average 90th percentile of RTT and on the right
side, the network latency across all experiments. The error bars show the 95% confidence
interval in which the true mean lies based on a bootstrap sample of 1000. Note that we
exclude a small percentage of outliers (around 30 from 6000 requests) that were caused
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by timeouts through the early tear-down of replicas that were still processing requests.
While HPA had the highest RTT and network latency, the Eff. approach still violates the
latency by having requests longer than 150ms. Interestingly, the HLCPA experiments
had trouble maintaining a low RTT. We argue that this circumstance happened because
it took the system some time to scale up in the IoT Box because resources were slowly
released from the Cloudlet (see Figure 3.9 from minute 4). In contrast, the Perf. approach
was able to scale up resources quicker in the IoT Box and also has a much lower RTT.
The HLPA has the best results in terms of RTT and network latency, followed closely
by the performance-oriented pressure-based approach (Perf.). While HLPA had the
best performance, the resource usage results showed that it randomly tore down replicas
across all clusters. Thus, it does not adapt efficiently to user mobility as pressure-based
approaches.
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Figure 3.10: P90 RTT and network latency over all experiments

3.1.7.3 Network traffic

In terms of cost, the communication between clusters is the most expensive and therefore
is examined in the following. The network latency (see Figure 3.10) of HPA is the
highest because only the initial replica in the Cloud and one in the Cloudlet were running,
leading to many requests being forwarded to the Cloud. HPA also has the highest number
of inter-network requests (5542). The Eff. approach also experienced high network
latency caused by the relatively slow resource migration but was able to select clusters
deterministically. The average number of inter-network requests is: Eff. (1783), Perf.
(426), HLPA (300) and HPA (5542). The HLPA can only maintain the low network
latency because of deploying as many replicas as possible. Due to the testbed’s size, it
is enough to serve the workload adequately. Our approaches show that mobility-aware
scaling and placement reduce network latency and cost. These results also prove the
effectiveness of our network-aware routing scheme used throughout the experiments.
Even though function replicas are running across the system, inter-network traffic is kept
to a minimum.

60



3.1. Mobility-Aware Serverless Edge Computing

100

200

300

R
T
T

Eff. HLCPA HLPA HPA Perf.

0.2

0.4

0.6

0.8

1.0

P
e
rf

o
rm

a
n
c
e
 P

re
s
.

0.0

0.2

0.4

0.6

E
ff

ic
ie

n
t 

P
re

s
.

0

10

20

To
ta

l 
re

p
li
c
a
s

00 01 02 03 04 05 06 07 08 09

Time passed in minutes

0

50

100

150

To
ta

l 
re

q
u
e
s
ts

Clients

Cloudlet

IoT-Box

Figure 3.11: Metrics across all experiments.

3.1.7.4 Pressure

In the following, we discuss the different pressure formulations in terms of interpretability
and offer a detailed comparison between the approaches. Figure 3.11 shows various
metrics across evaluation scenarios and the pressure in relation to other metrics concisely.
The figure shows from top to bottom: the RTT, the performance-oriented pressure (pperf),
the efficient-based pressure (peff), total number of replicas, and the request pattern for
each approach across the experiments (i.e., the total number of requests sent from that
compute unit). Note that the shown values are aggregated over the whole system and
contain values across clusters. Figure 3.9 shows that metrics vary heavily between clusters.
First, the number of total replicas and the RTT highlight differences between the two
approaches (Eff. and Perf.). The Eff. approach tried to keep a balance between total
replicas and RTT, while the Performance approach focused solely on performance and
disregarded resource efficiency. The Eff. approach strikes a good balance between the
number of running replicas and the performance. It can keep the pressure below the
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used maximum threshold of 0.3 and has a low number of replicas running throughout the
experiment. This shows that the pressure-based approach can minimize the number of
replicas while maintaining good performance. The Perf. approach keeps a low number of
replicas during the peak workload at around 4 minutes, whereas the HLCPA uses up all
available resources. The HLPA approach reduces the number of replicas, but this happens
in a seemingly random fashion. Looking at the efficient pressure plot, we can see that the
HPA and Eff. approaches have the highest pressure throughout the experiments, and the
Eff. approach can quickly reduce it. Other approaches have a very low efficient pressure
due to the low CPU usage caused by deploying many replicas. We think a different
resource pressure component might be better suited (i.e., the number of replicas). On the
other hand, the performance pressure shows that the HPA and Eff. approaches violate
the RTT constraints, while the other approaches keep it at around 0.5. This shows that
we can use the pressure as a valid estimation for the system’s performance and state. The
reason lies in the RTT pressure component (pRTT ), as it quickly penalizes requests that
take longer than the target. Both pressures show the inability of the default cloud-centric
HPA approach to adapt the system experiencing high pressure across the experiments
successfully. We conclude that each pressure definition can reach its respective goal and
serve as a complex metric to evaluate the system’s state. Further, results also showed
that the dynamic function orchestration is mobility-aware and suitable for scenarios with
moving users.

3.1.8 Summary of Mobility Awareness
Managing hybrid edge-cloud systems, where mobility, latency, and data throughput play
an important role, is complex and, therefore, should be done autonomously by platform
providers. Current operational mechanisms of cloud-centric serverless computing lack
awareness of geo-distributed setups and the problem of fluctuating workload due to
user mobility. We presented a pressure-based joint scaling and placement framework
and a network-aware routing strategy. We evaluated a PoC of our framework using
two different pressure formulations. They have shown deterministic behavior regarding
the final system performance based on simple low-level metrics. The efficiency-oriented
pressure reduced resource usage by up to 83%, while the performance-oriented pressure
used the available resources to reduce the RTT by up to 92% to cloud-centric solutions.
Showing that the pressure can act as a viable proxy that encapsulates cluster state and
workload, minimizing communication costs towards a central management unit. We
conclude that the pressure can efficiently guide function orchestration strategies and
enable mobility-aware scaling and placement of serverless functions. The novel concept
of pressure is highly extensible and can be adapted for various application types. Besides
sophisticated local placement strategies, future work comprises proactive approaches
based on historical pressure data and large-scale simulations.
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3.2 Energy-aware Container Scheduler
Reducing the energy consumption of data centers is critical to meeting international
climate goals and lowering operation costs. Container orchestration platforms can help
counteract this trend by optimally placing applications across the infrastructure to
increase resource utilization and reduce energy consumption. But platforms in use today
are still energy-agnostic and do not offer any insights into energy consumption. In this
section, we present a monitoring framework and a new modeling approach for resource
usage in data centers. The model captures heterogeneous hardware and software and
acts as input for a Graph Neural Network (GNN) to predict power consumption. Based
on this model, we derive a set of container scheduling algorithms that opportunistically
schedule applications based on the estimated energy impact of incoming containers. Our
results show that the GNN-based prediction model is very accurate and achieves an
average RMSE (Root Mean Square Error) of 7.5%. We have implemented a custom
scheduler to demonstrate the benefits of using our prediction, and our scheduler can
decrease energy consumption on average by 6.2% without any code changes for the
application and without increasing workload completion time compared to the default
Kubernetes scheduler.

3.2.1 Introduction
Data centers may be responsible for around 3-13% of global energy consumption by 2030
[AE15]. Therefore, platforms are called to reduce energy consumption and increase sus-
tainability [ABC17, PSP+21]. Especially, container orchestration platforms are prevalent
in today’s cloud and edge-cloud platforms because they offer autonomous application
and resource management for large-scale application deployments [RND23], [RGLT19].
These platforms facilitate the deployment in many application domains, such as AI and
HPC [RPGT22, WNL19], but also build the foundation for other platform paradigms,
such as serverless computing [RND23, NRF+22]. However, current container orchestra-
tion platforms, such as Kubernetes or Apache Mesos, lack autonomous energy-aware
management strategies [CPK+19, RHD+23]. Therefore, it is imperative to develop
more sustainable containerized platforms [PSP+21]. This study investigates energy-
aware resource management in container orchestration platforms to reduce energy con-
sumption. Specifically, we focus on an energy-aware container scheduler using power
prediction to make data centers more sustainable, which has not been integrated yet
into existing platforms and remains a relatively unstudied problem in serverless com-
puting [ATCG22, CZW+22, PSP+21, RSK23]. Energy estimation of future applications
can facilitate this development. To this end, we introduce an end-to-end scheduling
approach that includes a monitoring system and a Graph Neural Network to estimate
energy consumption, which our scheduling algorithms use. We introduce a novel graph
model that allows us to perform what-if estimations. For example, we can estimate the
energy consumption of a host if we schedule a specific container onto it using historical
data. Based on that, we implement three energy-aware container scheduling algorithms
that use this prediction in a real-world setup. Therefore, the algorithms opportunistically
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estimate the energy impact of applications and base their decisions on this. However,
simply estimating the average power consumption of an application to estimate the total
energy consumption may also not be accurate, as resource usage varies over time. Our
approach solves these challenges using a flexible graph representation. The graph-based
resource usage representation allows the combination of arbitrary applications and hosts,
accounts for different resource phases throughout the application’s lifecycle, and supports
heterogeneous systems. However, integrating a power-prediction model into container-
based platforms poses several challenges. While tools exist to energy monitoring tools
exist, they vary from platform to platform, making energy estimation a universally
applicable approach to estimating energy consumption. Our energy estimation builds
the foundation of our energy-aware container scheduler, but it can also facilitate other
strategies to reduce a data center’s power consumption. For example, estimating the
power consumption of the hardware accelerators for specific models before deployment
can help select more efficient hardware [CZW+22], cooling [MMBD20] and facilitate the
development of carbon-aware strategies.

Our contributions in this section are as follows:

• A novel graph model for hosts and a Graph Neural Network to predict the power
consumption of hosts in container orchestration platforms. While our custom
dataset is comprised of CPU-focused profiling experiments, the graph model can
include arbitrary accelerators.

• The integration of the power prediction into Kubernetes which builds on commonly
used open-source projects for monitoring resource usage.

• An energy-aware scheduling algorithm based on our power prediction and integration
with Kubernetes.

Our results show that the model can account for existing accelerators and has a mean
RMSE of 7.5%. On an on-premise cluster, the scheduler evaluation includes hosts with
similar hardware specifications but observes different power consumption due to a GPU
on one. Moreover, the results show that our energy-aware scheduler can reduce energy
consumption by 6.2% while maintaining good performance, demonstrating the viability
of our approach in real-world data center management activities.

The remaining work is structured as follows. In Section 3.2.2, we discuss related work,
and in Section 3.2.3, we explain our approach to solving the energy prediction for a
workload, the required monitoring to support the prediction, and energy-aware scheduler
algorithms. In Section 3.2.4, we talk about the evaluation methodology for generating
the training dataset and a use case for our prediction in a Kubernetes-based custom
scheduler, and in Section 3.2.5, we present and discuss the results of our experiments in
multiple scenarios. In Section 3.2.6, we summarize our work’s next steps and conclude in
Section 3.2.7.
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3.2.2 Related Work
While energy awareness in cloud applications and resource management has been ex-
tensively studied [BSK+22, FLC+21, FLR+22, NMS+22], limited work has been done
in exploring energy awareness for container orchestration [TMG+21, RSK23, PSP+21,
Sha23, WJM+21]. To this end, we review work spanning from carbon- and energy-aware
serverless and container-based systems to power-consumption prediction and the use of
GNNs in resource management.

3.2.2.1 Carbon- and Energy-Aware Approaches

We consider carbon-aware approaches related to as we present an AI model to predict
power consumption, which can be easily combined with real-time carbon emission
intensities (CEI) to build carbon-aware system management tools. Real-time CEI
updates are publicly available through different third-party websites, such as WattTime8
and electricityMaps9. Hanfy et al. [HLB+23] present CarbonScaler, a greedy algorithm
for carbon-aware scaling that has been integrated into Kubernetes and evaluated using
machine learning training and MPI jobs. While our work does not consider carbon
emissions, the power consumption estimation we propose can facilitate future carbon-
aware strategies. Moreover, our power consumption estimation also differentiates us to
other scheduling approaches. By offloading applications to other nodes, Aslanpour et
al. [ATCG22] explore energy-aware serverless edge computing. Rastegar et al. [RSK23]
minimize CPU utilization and introduce an energy model tied to CPU utilization. In
contrast, our power-consumption prediction and the scheduler we built atop can model
different resources such as CPU, I/O, and hardware accelerators. Caspart et al. [CZW+22]
explore energy consumption of AI workloads on heterogeneous nodes, highlighting the
need for models that predict based on resource usage and the high impact of hardware
accelerators on power consumption. Our work aims to address this issue by proposing a
flexible model for power consumption prediction.

3.2.2.2 Power Consumption Prediction

Power consumption predictions have been explored from various perspectives, such as
container-based systems and general-purpose predictions. Ou et al. [OJZR23] present
a random-tree-based power consumption prediction in container-based systems. They
highlight the importance of container-level predictions, which we implicitly model by
estimating the power consumption of the host if a certain container were to run on
it. Moreover, our approach follows a fine-grained power consumption prediction model
that allows us to account for different resource phases throughout the application’s
lifecycle. Other studies have presented linear consumption models for heterogeneous
servers [ZLQZ13], reviewed energy consumption models for data centers [ABA21], and
surveyed different models [DWF15]. Others explore power consumption estimation using

8https://www.watttime.org/
9https://www.electricitymaps.com/
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different resource usage characteristics, such as I/O-based features [ZAL+17, KTIB22]
However, the most significant differences with our approach are the use of a graph to
model a host, the use of a GNN for predictions, and the inherently flexible definition
of heterogeneous hosts with which intrinsic relationships can be captured in contrast to
other machine learning methods [WPC+21].

3.2.2.3 GNNs in Resource Management

Next, we discuss related work that uses GNNs for scheduling or resource management
strategies. Tulli et al. [TGX+22] use a GNN to predict the Quality of Service (QoS) in
scheduling, given a graph of containers and hosts while considering different factors, such
as temperature. The main difference between our approach lies in the graph model and
the task we solve. We also model hosts at a much finer level. Moreover, our GNN predicts
power consumption given an application placement, while theirs predicts QoS. Tam et
al. [TLX+23] also use GNNs to predict the performance of applications. Specifically, they
model microservice graphs as input for GNNs to predict end-to-end latency.

3.2.3 Approach
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Figure 3.12: GNN-based Energy-Aware Scheduling

Figure 3.12 highlights our approach of building an end-to-end framework for energy-aware
scheduling. We start by explaining the monitoring setup and graph model definition.

3.2.3.1 Monitoring & Graph Definition

The monitoring infrastructure captures telemetry data for all hosts h ∈ H in a data
center. Hosts expose a set of sensors Sh, each reporting back a single measurement
(number) every second, which we denote as mt,s,h, where t is the timestamp, s the sensor
and h the host. We divide measurements into two types, counter, and gauge, whereas
counter measurements can only increase (e.g., CPU time spent) while gauge ones can vary
(e.g., RAM usage). Based on this monitoring setup, we now explain how to preprocess
the measurements into graphs that act as input for our GNN. We create time frames
that group n consecutive measurements per sensor and host. Throughout our work, we
set n to 10, i.e., each frame contains ten seconds of measurements. We denote each
time frame as tfl,h,s, where l is the index of the time frame created by dividing the
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original measurements mt,s,h of sensor s on host h by L, the number of time frames.
The measurements in tfl,h,s are aggregated based on their type. In the case of a counter
measurement, we calculate the total amount of work done within a time frame (e.g.,
the sum of differences between measurements). For gauge measurements, we calculate
the arithmetic mean value of all measurements in tf l,h,s, resulting in tf′l,h,s. Next, we
can create L heterogeneous graphs for each host, each capturing the resource usage of
one time frame. A simple way of understanding this step is by thinking of each graph
containing the aggregated time frames of each sensor of one host. This approach allows
the capturing of varying resource usage over time, and granularity, i.e., the size of time
frames is flexible.

A heterogeneous graph (HG) is defined as G = {V,E}. V represents the node set and E
the set of edges. Each node and edge belong to a node (N) or edge type (R). In our
implementation, node types represent different resources, each being monitored by one
or multiple sensors, and edge types represent semantic or physical connectivity between
them, where:

N = {Host, CPU, Memory, Disk, Network,
Pressure, GPU, Fan, Temperature, FPGA, SmartNIC} (3.15)

R = {Host-CPU, Host-Memory, Host-Disk, Host-Network,
Host-GPU, Host-Pressure, Host-Fan, Host-Temperature,

Host-Pressure, Temperature-Memory, Temperature-CPU}
(3.16)

All sensors are measured on a node level, and we exclude container-level metrics as we
have seen that generalization suffers from modeling each container as a node in the
graph. Each node v in a graph is associated with a feature vector fv that only contains
numerical values and whose length can differ across node types. The feature vector’s
values can be static (e.g., GPU model) or dynamic (e.g., current GPU frequency), for
which we introduced the preprocessing (i.e., tf′l,h,s). The unweighted and undirected edges
connect each resource type with the Host node, and Temperature nodes are connected
with resource types they report the temperature on (e.g., CPU ).

3.2.3.2 Application Signature

The graph model also allows us to model the resource usage of applications, which builds
the base of our what-if estimations. However, only a subset of sensors can be isolated from
the host’s resource usage. For example, we can measure the CPU usage per application,
not the temperature or fan increase it causes. To this end, we use sensors that capture
the resource usage at the container level for the following node types: CPU, Memory,
Disk and Network using cAdvisor, a popular monitoring tool for container-level metrics.
We introduce the application signature asa,h ∈ AppSig, (a being the application), that
represents the isolated resource usage of an application a on a host h, in the form of
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graphs. Next, we introduce a function merge : (G,G) → G that combines a graph of an
application signature and a graph representing a host to one graph. The function adds
the values of the counter type measurements together and calculates the arithmetic mean
for gauge measurements. The application signatures allow us to perform lightweight
what-if simulations to estimate the power consumption of a host based on its current
system resource usage and an arbitrary application. Because as contains a set of graphs,
representing the resource usage of an application over time, our model is aware of different
resource phases during an application’s execution.

3.2.3.3 Graph Neural Network Architecture

The resulting graphs are used as input for our GNN. Its architecture builds on an
existing one presented by Hu et al. [HDWS20]. We use the fast implementation of
the HGT Convolutional layer, which is stacked two times, and then use three global
pooling methods (i.e., mean, max, and add) to create a 1-dimensional vector that is
passed through four linear layers, which output the final vector containing the power
consumption predictions (min, max, avg) for a given graph (time frame).

3.2.3.4 Opportunistic Energy-aware Scheduling Algorithms

We propose three scheduler variants that differ in their decision-making, but all use the
GNN for power-consumption prediction. Specifically, we take an opportunistic approach
by viewing each container to schedule individually and its impact on energy consumption,
in contrast to others that find an optimal placement given a set of containers.

Base Algorithm (GNN) The base energy-aware scheduling algorithm fetches each
host’s current state and adds the signature of the container to schedule. To accomplish
this, we build graphs for each host and combine them with the container’s application
signature using the merge function. The output of this is a sequence of graphs that
represent the estimated resource usage of the container running on the host. Next, we use
the GNN to estimate average power consumption in Watts per graph, which we use to
calculate the total energy consumption. The last step finds the host with the minimum
estimated total energy consumption.

Application-Aware (GNN-Aware) We also propose an application-aware algorithm
that works similarly to the one just described but considers the future resource usage of
applications concurrently running. For example, the base algorithm fetches the current
resource usage of each host and then adds on top the application to schedule. However,
applications already running on the host might end soon or run for a long time—the
system resource usage varies. It requires the assumption that we have the application
signature for each application running, which allows us to estimate the remaining run
time and dynamically change the resource usage of each prediction depending on which
point of processing they are at.
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Packing (GNN-Packing) The last scheduling algorithm integrates with both of the
previously introduced algorithms. The Packing strategy modifies the selection algorithm
by considering the host with the second lowest estimated total energy consumption. We
introduce a threshold with which we determine to take this instead of the lowest. We
select it if the second one’s energy consumption is within the range of the first one by
adding the threshold on top. We set the threshold to 5% for all experiments. We do this
to prefer nodes with more applications running to further dampen the power consumption
increase.

3.2.3.5 Implementation

After explaining the envisioned prediction and scheduler theoretically, we describe key
aspects of our implementation.

Monitoring Our monitoring system is based on Prometheus, a time-series database
that monitors the infrastructure by following a pull-based monitoring approach. This
means that on each host, multiple exporter applications expose a range of metrics via
HTTP. Prometheus scrapes each exporter every second and stores it in its database. We
deploy cAdvisor10 to monitor containers, NodeExporter11 to monitor host metrics and
the Nvidia DCGM12 exporter to monitor GPU usage, as well as two custom exporters
for HPE iLO 13 and Xilinc’s xbutil 14 tool to monitor FPGAs. We observe 16 dynamic
features from cAdvisor, 37 dynamic and static metrics from NodeExporter, and fan and
temperature from iLO. While we did not run workload using hardware accelerators, we
are still monitoring it and integrate it into our graph during preprocessing. Namely,
22 metrics for GPUs, six for FPGAs and three for SmartNICs. We must include them
because it allows the model to learn the individual power consumption of very similar
hosts (i.e., same CPU and memory) but have a different idle power due to equipped
hardware accelerators.

Scheduler The scheduler is implemented in Python and uses a Kubernetes client library
to communicate with the API server. We use Python’s Multiprocessing library to spawn
multiple independent processes that cache monitoring data in memory to instantaneously
access telemetry data required for inference and a scheduler loop that repeatedly takes
new applications from the scheduler queue. Upon decision-making, the scheduler loop
tells Kubernetes which host to start the application. The GNN is implemented in Python
using PyTorch v2.0.1 [PGM+19] and uses the library PyTorch Geometric v2.3.1 [FL19]
, which offers an implementation of the Heterogeneous Graph Transformer [HDWS20]
network.

10https://github.com/google/cadvisor
11https://github.com/prometheus/node_exporter
12https://github.com/NVIDIA/DCGM
13https://www.hpe.com/us/en/hpe-integrated-lights-out-ilo.html
14https://xilinx.github.io/XRT/master/html/xbutil.html

69



3. Mobility- and Energy-aware Orchestration Strategies

Stressor Resource stres-ng Arguments
cpu CPU cpu (1- 88)
memrate Memory memrate (1-4), vm-bytes (256M)
vm Memory vm (1-10), vm-bytes (5%-50%)
iomix Disk I/O iomix (1-4), iomix-bytes (256M)

Table 3.4: Stressors and parameters for profiling

3.2.4 Evaluation
Our evaluation consists of two parts: training and validating our GNN for power consump-
tion and evaluating the energy-consumption reduction when employing our energy-aware
scheduler. The cluster we used consists of three nodes, all equipped with dual-socket
AMD 7443 CPUs. Two nodes were configured with lower TDP (Thermal Design Power),
while one was configured for full TDP. Each node was also equipped with 256 GB of
memory, and one node was also equipped with an Nvidia A100X GPU.

3.2.4.1 Training Dataset

To generate training data, we use different stress-ng stressors to stress certain parts of
the system. This approach allows us to generate applications with different resource
usage phases that mimic the behavior of real-world applications. Benchmark suites like
FunctionBench [KL19] offer similar applications (e.g., matrix multiplication, disk I/O),
but we want to create a set of applications that focus on different resources so that a wide
range of different resource usage is exposed. Table 3.4 shows each hardware resource’s
stressors, parameters, and value ranges. Each stressor runs for 100 seconds, and in total,
there are 72 stress tests for each host. We split the dataset using a 5-fold approach and
show the Root Mean Squared Error (RMSE) in the results for each run. The k-fold split
is commonly used in machine learning [WY20]. This means we run 5 training-test splits,
where one training dataset contains 4/5 of the complete dataset. The profiling data of
different hosts is included in training and test sets. In the future, other resources, such
as FPGA, should be stressed to train the model on a wider resource usage spectrum.

To train the GNN, we use Adam Optimizer with a learning rate of 1e-5, 125 epochs, and
batch size of 5.

3.2.4.2 Scheduler evaluation

Our scheduler evaluation consists of five different approaches: GNN, GNN-Aware, GNN-
Packing, Spreading and Packing. GNN, GNN-Aware, and GNN-Packing are using
the algorithms we presented using the power consumption predictions. The Spreading
scheduling strategy balances containers, i.e., the CPU cores and memory used, as the
default Kubernetes scheduler does. The Packing strategy always chooses the node with
the highest number of CPU cores used. The number of CPU cores requested and used are
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Benchmark CPU RAM Parameters Duration
LavaMD 4 4 GB -cores 4 -boxes1d 50 ∼100s
LavaMD 8 8 GB -cores 8 -boxes1d 50 ∼50s
Leukocyte 4 4 GB 40 40 testfile.avi ∼30s
Leukocyte 8 8 GB 50 40 testfile.avi ∼18s
srad_v1 4 4 GB 1000 0.5 5020 458 4 ∼12s
srad_v1 8 8 GB 0.5 5020 458 4 ∼10s

Table 3.5: Rodinia applications for scheduler evaluation

pre-determined, and the applications are using the Rodinia Benchmark Suite [CBM+09].
All applications immediately run the computation after starting and report the results
(i.e., execution duration) back for post-experiment analysis.

Table 3.5 shows all configurations, the requests, and limits for the number of cores and
memory for Kubernetes resource allocation and the average execution duration. We
define two scenarios based on a sinusoidal pattern. The short-running one submits 72
containers in 209 seconds, while the longer-running one submits 128 containers in 234
seconds.

3.2.5 Results

In this section, we present the results of our evaluation. We start by showing the results
of the GNN training and, afterward, the scheduler evaluation results.

3.2.5.1 Graph Neural Network

The mean RMSE of our AI model from the 5-fold evaluation is around 7.5%, and the
standard deviation is around 3%. These encouraging results can be improved further
by considering a more complex network architecture and the inclusion of additional
sensors. The selection of sensors was mainly motivated by the use case of implementing
a scheduler based on the ability to perform what-if estimations to predict the impact of
an application on power consumption.

We also see that the model can differentiate between similar systems observing different
static power consumption. For example, one host in the cluster is equipped with an
Nvidia A100X that increases the static power consumption by roughly 50 Watts (∼20%
increase). The model can differentiate between these because we model the equipped
GPU in the input.

In addition, we performed experiments with different GNN architectures, using LSTM-
based approaches and different combinations of the presented model architecture (i.e., by
varying the number of HGT layers). Our results indicate that there is a performance-
accuracy trade-off to be made. Specifically, with an increasingly complex model, the
accuracy increases, but the performance suffers (i.e., inference speed decreases). We saw
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Wh Makespan (s) EtS (J) Mean Performance (factor) Std. Performance (%) Mean Power Consumption (W)
Scheduler
GNN 89.27±0.3 260±0.71 105206±331.63 1.28±0.021 22.2±1.03 403±1.55
GNN-Aware 90.05±0.11 259±0.71 104967±915.7 1.29±0.022 20.13±0.12 403±2.95
GNN-Packing 88.84±0.39 260±0.71 104250±782.06 1.31±0.01 20.72±0.45 398±3.95
Packing 87.44±0.39 261±2.83 102039±221.32 1.32±0.004 18.44±0.43 390±2.82
Spreading 90.69±0.35 251±2.12 106854±806.81 1.27±0.033 23.26±1.89 424±0.69

Table 3.6: Results of individual schedulers for the short experiment

Wh Makespan (s) EtS (J) Mean Performance (factor) Std. Performance (%) Mean Power Consumption (W)
Scheduler
GNN 141.69±1.07 336±1.41 169078±341.53 1.37±0.004 22.35±0.47 502±2.83
GNN-Aware 140.75±0.09 332±2.83 168130±1623.52 1.34±0.008 20.98±0.92 506±0.78
GNN-Packing 139.17±0.79 332±0.71 168039±439.82 1.36±0.016 23.78±0.61 504±3.24
Packing 141.14±1.29 339±0.71 168273±178.19 1.39±0.012 21.88±0.84 495±0.7
Spreading 148.38±2.28 335±2.12 178960±87.68 1.20±0.003 18.54±1.56 532±3.25

Table 3.7: Results of individual schedulers for long experiment

2x changes in terms of time to predict but a marginal increase in accuracy (i.e., a 2%
decrease of RMSE). Based on that, we chose the non-LSTM approach.

3.2.5.2 Energy-Aware Scheduler

We discuss the schedulers by showing the summarized results, looking at the power
consumption over time, and investigating the overhead our scheduler imposes.

Table 3.6 and Table 3.7 show the results for the short-running and long-running, respec-
tively. The Packing scheduler achieved the lowest total energy consumption (Wh) and
lowest EtS over all others in the short-running experiment. The GNN-Packing algorithm
is close and only has slightly higher energy consumption, i.e., by 1.6%. The Energy-
to-Solution (EtS) metric shows the workload’s total energy consumption [WAP+14].
Whereas the GNN-Packing was able to reduce total energy consumption and EtS in
the long-running one. In all cases, the Spreading scheduler performed worse and has,
in comparison to the GNN-Packing scheduler, an increase of 6.2% Wh and consumes
5.27% W per second more on average in the long-running one. In terms of makespan, the
Packing scheduler performed worse, making our GNN-based approaches a viable solution
to balance between the two goals. Interestingly, the performance, indicated by the Mean
Performance factor that shows the increase to the average duration, is similar across
the different approaches, even though the Spreading spread the workload across nodes.
The reason for this is that the workload submits enough jobs to saturate all hosts, which
makes the sharp difference in Watts (i.e., a decrease of ∼5%) very good.

Power Draw over Time Figure 3.13 shows the power over time for the long-running
experiment setup. It is clearly visible that the Packing approach maintained a low power
consumption. We also see a sharp increase in power consumption for the Spreading
because it chooses all nodes equally and, therefore, will also pick nodes with higher power
consumption, which results in higher energy consumption. Our model can differentiate
between nodes and pick the low-energy ones. While Packing did not select this node
due to the implementation, our GNN could predict that the other nodes are more
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energy-efficient and select those on purpose. This circumstance, including the fact that
Packing will have a very high performance degradation, due to the strategy of filling
up nodes, proves that our algorithms can strike a good balance between Packing and
Spreading.

0 50 100 150 200 250 300 350

Time passed in seconds

300

350

400

450

500

550

600
W

a
tt

s

GNN

GNN-Aware

GNN-Packing

Packing

Spreading

Figure 3.13: Power over Time (long-running experiment)

Scheduling Overhead The last aspect of our evaluation is the scheduling overhead
caused by using the GNN. For this, we measured the time from preprocessing to post-
processing the selection algorithm. The mean overhead is around 250ms, which can be
improved upon by using GPUs for inference. It also shows the potential of our approach
because we were still able to reduce makespan and energy consumption.

3.2.6 Future Work and Limitations
An important task to alleviate this proof of concept to a production-ready solution is
considering more edge cases than we covered. Specifically, what should the scheduler do
in case of the arrival of new applications? If the application has never been run on any
host, we must resort to a default scheduling strategy (i.e., Packing). Once the application
has been run on a node, we can use its isolated monitoring from cAdvisor. This entails
implementing continuous learning using MLOps [KKH23] to fine-tune the system during
run time. While our model learns the power consumption of the host instead of on a
per-application base, we still need to incorporate newly available data. Lastly, to become
a viable production system scheduler, scalability and energy efficiency experiments have to
be made to guarantee energy savings concerning the scheduling overhead. We also think
the GNN can facilitate the creation of a clustering method to identify similar workloads
[TPPM23]. This way, the GNN-based scheduler can take historical data of similar
workloads for its decision. Moreover, resource interference-aware scheduling methods can
be used by taking advantage of this clustering approach by avoiding placing applications
from the same cluster together. Reducing energy consumption is not an exclusive goal
of cloud data centers, but also plays a vital role in the edge-cloud continuum, where
devices might be battery-powered [RCP23]. The ability to support heterogeneous devices
is, in this context, even more important. Our initial graph model can be extended with
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domain-expert knowledge and models of complex relationships between components to
increase its accuracy. While in this work, we only model hardware accelerators but did not
run profiling experiments, we plan to run more Rodinia benchmarks [CBM+09, CFL+18]
on AMD FPGAs and GPUs to extend the applicability of our model.

3.2.7 Summary of Energy-Awareness
This section introduces a novel model to represent hosts and host components in a data
center as graphs. Atop the graph, we implement and train a Graph Neural Network to
predict the power consumption over a specific time frame. The model’s mean RMSE
is ≈ 7.5% and can facilitate the development of energy-aware data center management
strategies differently. We showcase the feasibility of using our GNN in scheduling
containers, where we can reduce energy consumption by an average of 6.2% while also
completing the workload faster than a scheduler working like the default Kubernetes
scheduler. However, improving energy efficiency is only a partial solution as it has become
clear that we should focus on reducing carbon emissions as well. Therefore, deploying
only energy-aware strategies might not be enough, and carbon-aware ones are required.
Our approach to predicting energy consumption can facilitate building new carbon-aware
strategies.

3.3 Summary
We have presented two novel orchestration approaches that aid Serverless Edge Computing.
One focuses on the mobility of users, the other on energy consumption in data centers.
Both approaches have achieved their respective goals, but we have also encountered
challenges in both. Namely, finding the right parameters. In Section 3.1, the mobility-
aware approach, we had to find thresholds to guide the autoscaler. In Section 3.2, the
energy-aware container scheduler, we had to execute profiling experiments to generate
training datasets for our GNN.

We recognize that the edge-cloud continuum is heterogeneous and dynamic, meaning
that finding parameters is a challenge we will continuously face when using Serverless
Edge Computing platforms. Therefore, we want to build a self-adaptive platform that
tackles this challenge, and for which we introduce two tools that act as a foundation for
our vision in the following Chapter.

Future Work
Section 3.1 has focused on inference workloads that are short-lived and require infras-
tructure to enable high-throughput processing. However, Edge Intelligence also entails
much longer-running applications, such as model training. Model training introduces
challenges around data movement and puts greater emphasis on planning execution
ahead of time. Specifically, training requires the application to fetch the model weights
to train and the dataset, both of which can range from several hundred megabytes to
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several gigabytes. Downloading and uploading that much data poses a challenge in
network-constrained environments such as the edge-cloud continuum. Network-aware
and data-aware schedulers can avoid network congestion.

Besides, training can take minutes to hours or days, which makes long-term decisions
much more important and requires schedulers to plan ahead and consider co-existing
functions. Therefore, future work of the contributions presented in Section 5.1 and
Section 5.2 is exploring the aid of network-aware schedulers that not only focus on
function placement with regards to data movements but also for planning ahead over
much longer time horizons than the autoscaler in this work has so far considered.

Similarly, in Section 3.2, we have focused on longer running applications, but focused on
cloud computing and the energy consumption. The GNN presented only models a single
host; future work would expand on this and create larger graphs that encompass data
centers or even the edge-cloud continuum. The use case of the GNN can also be extended
to serve as a guidance mechanism for future applications based on their resource usage,
i.e., by estimating the energy consumption ahead of deployment during development.
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CHAPTER 4
Testing And Simulating Serverless

Edge Computing

The following chapter introduces our testing framework for Serverless Edge platforms in
Section 4.1, first presented in [RRP+22]. The framework offers monitoring capabilities
and a programming API to manage functions. Section 4.2 presents faas-sim, our simulator
for Serverless Edge Computing, presented in [RRFD23]1. The simulator and testing
framework share the entity model to a degree, which allows us to replicate the real-world
system in the simulation. This facilitates a simulation-driven self-adaptive platform that
we evaluate in Chapter 5.

4.1 End-to-End Evaluation Framework for Serverless Edge
Platforms

This section presents a framework for defining, performing, and analyzing distributed
load testing experiments for benchmarking edge-cloud clusters. This end-to-end work-
flow helps researchers build reproducible environments to evaluate cluster management
techniques. Our implementation extends the open-source tool Galileo by adding support
for distributed execution on Kubernetes clusters, additional system monitoring instru-
ments, as well as out-of-the-box experiment workloads. We focus on providing tools that
run across popular CPU architectures and provide a set of representative workloads,
such as edge AI functions. We demonstrate our framework’s capabilities in a set of
experiments based on use cases commonly found in edge computing systems research.

1A basic version of the simulator has been presented in the dissertation of Rausch [Rau21]. Therefore,
parts of it have been reused for the paper publication and this thesis. However, the simulator has
been substantially extended since the publication of [Rau21], and [RRFD23] was its first peer-reviewed
publication. In addition, we explicitly mark parts that were first presented in [Rau21].
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Additionally, we show that the resource usage of our system is minimal and that it can
run on resource-constrained devices.

4.1.1 Introduction
To evaluate edge-cloud cluster management techniques, such as orchestration strategies
used for Serverless Edge Computing, researchers often rely on building testbeds that are
tailored to evaluate the particular technique [RCLN20, TPTE21, SFEG21, KF22]. In
the absence of publicly available edge infrastructure, testbeds are, next to simulations
[AJH+21] and emulations [MGG+17], the only way to evaluate systems approaches.
However, there is currently no generally accepted way of creating such testbeds or repre-
sentative benchmark workloads. This makes it hard for other researchers to reproduce
results and prevents the community from comparing works easily. Reproducible ex-
periments for edge-cloud clusters aid in evaluating cluster management techniques and
include the following steps: (1) setting up the testbed, (2) generating workload patterns,
(3) managing application deployments, (4) orchestrating experiments, (5) instrumenta-
tion and monitoring, (6) analyzing experiment data. Performing these steps manually
is error-prone and impedes reproducibility [JNW+19]. An experiment and analytics
framework allows researchers to evaluate their systems approaches while opening up
other possibilities crucial to developing and testing cluster management techniques. For
example, some cluster management techniques are based on optimizations that rely on
historical data [RRD21]. An experiment framework gathers data in a streamlined way,
significantly reduces manual steps, and allows scaling in terms of applications and cluster
sizes.

Reducing performance degradation caused by the interference of co-locating monitoring
applications on the same device is challenging for cloud deployments and more so for edge-
cloud clusters [JGJ+18] that are typically heterogeneous and resource-constrained. Hence,
we require hardware architecture agnostic, lightweight, and non-intrusive instrumentation
tools to measure resource usage and power consumption. Further, trace-driven simulations
require real-world data to run realistic simulations [RHM20]. An experiment framework
helps record this data and enables the community to perform complex simulations based
on real-world data.

Based on the abovementioned observations and requirements, we conclude that such a
framework should provide scalable and reproducible experiments, simple configuration of
workload and applications, fine-grained monitoring telemetry, storage for analysis data,
and standardised analysis techniques.

To this end, we built Galileo [RRPD19], a distributed load testing framework for edge
computing environments. However, while Galileo allows the definition and execution of
experiments, it cannot operationalize those experiments on existing cluster testbeds nor
provide a streamlined way to instrument and collect monitoring data from such clusters.

In this section, we present an end-to-end experiment framework based on an extension
of Galileo and the combination of different components. We motivate our work by
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introducing different use cases typically encountered in evaluating cluster management
techniques, demonstrating our framework’s efficacy by executing them, and showcasing
the results.

Edge Run2 is a collection of projects aimed at helping developers create, monitor, and
test applications for the edge-cloud continuum. Part of the Edge Run project is Galileo3,
a distributed load testing framework [RRPD19]. Galileo can start clients, generate
configurable requests, and store trace and telemetry data in a SQL database, which
is unfit for high volumes of time-series data. The caveat of Galileo is that it requires
a manual setup and does not offer any kind of integration with modern orchestration
services such as Kubernetes. In this work, we introduce a framework that extends Galileo,
solves these issues, and provides an analytic framework that completes the end-to-end
framework. Further, we introduce components mimicking the characteristics of edge-cloud
clusters.

Specifically, our contributions are as follows:

• An end-to-end experiment and analytics framework using a container orchestration
service based on Galileo.

• An open-source repository of benchmark applications that can be used within our
framework.

To evaluate and demonstrate the end-to-end process, we conduct experiments based on
representative use cases.

4.1.2 Galileo experiments
This section describes the aim of our framework based on the experiments and applications
we intend to support and the characteristics of edge-cloud clusters.

4.1.2.1 Aim of the framework

The framework aims to provide tools to perform benchmarks on edge-cloud compute
clusters. Benchmarks aim to profile single devices or evaluate cluster management tech-
niques in scenario experiments. The edge-cloud continuum deploys different types of
hardware; therefore, all framework components must run on various hardware architec-
tures. Components are tailored to run from resource-constrained devices to off-the-shelf
Virtual Machines hosted in the cloud. Particularly, monitoring components should not
interfere with running applications and cause minimal overhead. Additionally, the frame-
work uses a container orchestration service to automate the deployment of components
and execution of experiments. Lastly, an integrated monitoring strategy is necessary

2https://github.com/edgerun
3https://github.com/edgerun/galileo
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to provide tools for analyzing cluster management techniques. Based on the collected
monitoring data, the framework offers features to analyze experiments. It supports
commonly observed key performance indicators (i.e., resource usage, CPU consumption,
scheduling behavior) out of the box. We present and evaluate in Section 4.1.4.2 use cases
that include these indicators. To summarise, our end-to-end framework aims to support
users in performing experiments from deployment to analyzing them.

4.1.2.2 Galileo

Galileo [RRPD19] was created to develop and evaluate cluster management techniques
using Symmetry, a custom cluster management system. Galileo’s main tasks are to
coordinate clients to generate requests as well as monitor and store monitoring data in a
MySQL instance.

Based on the description of our view of a modern end-to-end experiment and analytics
framework, Galileo requires adaptations and extensions. Specifically, we intend the
integration into a modern container orchestration service such as Kubernetes. This
allows us to deploy framework components into the cluster, reducing the manual steps
required to run experiments. Further, we provide a representative set of ready-to-deploy
applications (i.e., AI inference functions) to the community for evaluation purposes and
as examples for creating custom applications. Additionally, we add to the SQL-based
data storage the time-series database InfluxDBv24. The SQL storage stores experiment
metadata (i.e., start, end), and data gathered during runtime is stored in InfluxDB. The
fine-grained monitoring tool, telemd, has also been extended since its first release and
now supports Kubernetes pods as well as the recently released Pressure Stall Information
(PSI)5. PSI is available for CPU, I/O, and network. It shows the time some or all
processes have been waiting for a specific resource. We believe that using these new
metrics can lead to many novel cluster management techniques.

4.1.2.3 Experiments

The experimentation and analytic framework offer a streamlined approach for executing
and measuring benchmarks. We consider two types of experiments in this section:
scenario and profiling.

Scenario experiments are complex scenarios to perform resource management actions
(i.e., scaling). These experiments allow users to specify multiple application instances on
nodes. Request generation is based on workload profiles that Galileo clients execute.

Profiling experiments are similar to scenarios but offer reduced functionality and concen-
trate on executing one type of application on one node. Profiling experiments aim to
rapidly test new applications to estimate resource usage and performance across devices.

4https://www.influxdata.com/
5https://www.kernel.org/doc/html/latest/accounting/psi.html
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4.1.2.4 Applications

Our framework supports any containerized application that exposes an HTTP endpoint.
Though our primary focus while developing it was using OpenFaaS6 based functions on
different hardware. Therefore, we offer ready-to-use functions that support all common
architectures (i.e,. amd64, arm64v8 and arm32v7). The functions use the OpenFaaS
watchdog7, which uses a Go-based proxy and calls an internal Python Flask web server
to invoke the function. At the time of writing, our function repository8 primarily consists
of AI inference functions. For example, the functions can perform object detection (i.e.,
gun, human, mask), object classification, and pose estimation.

Custom applications require implementing methods to call the relevant service and a
Kubernetes Pod factory for the container image. This guarantees flexibility concerning
future applications and requires minimal coding efforts. Section 4.1.3.3 presents details
about the individual projects.

Backhaul

Load Balancer


Figure 4.1: Edge-cloud system consisting of multiple clusters

4.1.2.5 Edge-cloud testbeds

To ensure the reproducibility of experiments, we require tools for setting up testbeds.
However, our vision of an edge-cloud system consists of multiple heterogeneous intercon-
nected clusters with varying and adverse network conditions. Consequently, we cannot
rely on existing work on cloud testbeds characterized by relative homogeneity of resources
and static and optimal network conditions. Figure 4.1 depicts such an edge-cloud system
with multiple clusters, where each is assigned a load balancer.

Cluster management techniques must consider user mobility since it is an important
characteristic of edge-cloud systems [OZC18]. For example, clients move around the
city and connect to radio towers, which act as the first entry point. Each load balancer
can redirect requests to other clusters. Internet backhauls inter-connect all clusters but

6https://docs.openfaas.com/
7https://github.com/openfaas/of-watchdog
8https://github.com/edgerun/galileo-experiments-functions
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introduce significant network latency[BPKP20]. Our architecture is comparable to works
presented in [RCLN20] and [TPTE21], which evaluate cluster management techniques in
geo-distributed systems using public cloud offerings. As mentioned, we use a container
orchestration service to set up the cluster. Thus, we create deployment files that must
be applied to the cluster once. This includes clients, monitoring agents, as well as load
balancers, enabling users to set up our framework on their testbed. Network latency is
emulated via Linux tools and mimics the behavior of geo-distributed edge-cloud clusters.
Reproducibility is guaranteed through the usage of Linux tools and an orchestration
service.

4.1.3 System
This section introduces our experimentation framework by describing the system architec-
ture, explaining the experiment workflow, highlighting important implementation details,
and presenting the testbed used to demonstrate our framework.

4.1.3.1 Architecture

Client
(galileo)


Client
(galileo)

Client
(galileo)

Controller
(Load

Balancer)


Worker
Node


Worker
Node


Worker
Node


Worker
Node


Worker
Node


Worker
Node


etcd

RedisInfluxDB

MariaDB

Galileo
Shell


round-robin
weights


traces

telemetry

store data


subscribe
to data


telemdtelemdtelemdtelemdtelemd

telemd

Figure 4.2: A high-level overview of the experiment setup

The architecture facilitates generating requests, hosting applications, distributing mes-
sages, and storing data. We use the lightweight edge-oriented K3s9 Kubernetes distribu-
tion to host applications and clients. All nodes join the same cluster; while not intuitive
at first, considering we want to create a testbed with multiple clusters, it avoids the
overhead of setting up a cluster federation. We use labels to tag controllers, client nodes,
and workers, which assign each node cluster. Each cluster has one controller node acting
as a load balancer. WireGuard [Don17], a lean VPN, is used to form a homogeneous
network and tc10, the Linux network shaping tool, to introduce latency between clusters.
Section 4.1.4.3 presents more details about the testbed setup. Figure 4.2 depicts the
described system. Workers host applications, while client nodes run Galileo and wait for
workload generation requests published via Redis. Clients send HTTP requests to the

9https://k3s.io/
10https://man7.org/linux/man-pages/man8/tc.8.html
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Figure 4.3: Experiment workflow

load balancer, which forwards them to application instances. The controller hosts the
load balancer instance. We provide a Go-based load balancer (go-load-balancer) which
implements a weighted round-robin based load balancing strategy. Though users can
choose to use any other L7-layer load balancer (i.e., Traefik11). Our experimentation
framework sets initial weights for load balancers. Users can modify weights via etcd12, a
key-value storage used by Kubernetes to store state. Each load balancer instance watches
the etcd instance for changes and updates its internal weights accordingly. The galileo
shell is the component that initiates the experiment and subscribes to Redis, and stores
data in InfluxDB and MariaDB for post-experiment analysis.

4.1.3.2 Experiment workflow

In the following, we explain how users can define and run experiments. Figure 4.3 splits
the experiment into three phases: pre-experiment, runtime, and post-experiment. Users
only have to interact during the pre and post-experiment phases, while our framework
handles the system during the runtime phase. Users have to supply the following input:
workload (i.e., a list of inter-arrival times), applications (i.e., container image), clients
(i.e., implement a method to create the HTTP request), and nodes (i.e., the testbed to
perform experiments on). In the pre-experiment phase, users can generate workloads.
The framework supports two types of workloads: parameterized and profile-based. The
parameterized approach requires three arguments: n, the number of requests, ia, the
inter-arrival time, and the number of clients. Clients are asynchronous and send n requests
with a fixed inter-arrival time ia. Consequently, experiments will stop without waiting
for responses. The profile-based variant expects an array that contains inter-arrival times,
each array representing one client. For example, [0.5, 1, 0.5] will send three requests: one
after 0.5 seconds, another one after 1 second, and the last after another 0.5 seconds.

Profiling and scenario experiments, as described in Section 4.1.3.2, have different pa-
rameters. The former takes both types of workload, while the latter only supports the
profile-based approach. Additionally, profiling experiments take the application container

11https://traefik.io/
12https://etcd.io/
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image, the number of application instances, the host to profile, and the cluster clients
that generate requests. In scenario experiments, users create a mapping between nodes
and container images, including the number of instances. Further, scenario experiments
can start clients in different clusters, making it possible to define complex scenarios (i.e.,
migrating users from one cluster to another).

After users start the framework and enter the runtime. The framework sets up load
balancers, spawns applications, configures clients, and starts the galileo shell to record
all telemetry and trace data. Finally, in the post-experiment phase, users can analyze
the results using galileo-jupyter. We categorize analytics data into three main categories:

Load Balancer
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tend

Go Watchdog
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Go Watchdog
return
Network Latency
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t1
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Figure 4.4: A detailed look into traces

metadata, traces, and resource usage. Metadata consists of an experiment ID, the creator,
start, and end. Additionally, the framework also saves information about all nodes.
This includes information detailed in the telemd repository and Kubernetes labels of
each node and their allocatable resources. Figure 4.4 provides a detailed description of
one trace. We record: the time the trace was created, the client sent it (tstart), it was
forwarded from the load balancer (t0), it was received by the function t1, returned t2 and
arrived back at the client tend. Based on these timestamps, we can calculate and estimate
further measures: round-trip-time (RTT, tend − tstart), network latency between client
and load balancer (t0 − t1), the network latency between load balancer and application
instance (t1 − t0) and the execution time (t2 − t1). The execution time includes any
queuing caused by the static number of worker threads the Python Flask server employs
to handle requests. Functions can return the function execution time in the response
body. Telemetry data consists of node-based resource usage (i.e., CPU usage) and per
container (i.e., CPU time). We refer readers to look up the project’s homepage for an
exhaustive list of monitored resources13.

In scenario experiments, users must deploy their own cluster management techniques.
They can create and tear down Pods via the Kubernetes API, and the telemd-kubernetes-
adapter publishes these events, as well as telemd will monitor newly created Pods. Further,
if our go-load-balancer is used, users must update weights manually to include new or
deleted applications.

13https://github.com/edgerun/telemd/
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4.1.3.3 Implementation

Our projects mainly use Python. Only the load balancer, a Kubernetes adapter, and the
monitoring agent are written in Go. All projects are open source and available in the
Edge Run project. In the following, we want to give a high-level overview of the different
repositories and their functionality.

Galileo does two things: start clients and record experiment data. It offers the essential
working tools but is not automated. Users must deploy an experiment setup manually.

Galileo Experiments contains code that invokes galileo to start and record experiments.
It also includes deployment files for necessary components and describes in detail which
other services are required to start an experiment.

Galileo Experiments Extensions provides client implementations for our functions and
serves as an entry point for experiment execution.

Galileo Experiments Functions contains OpenFaaS-based functions that can be deployed
and benchmarked using clients implemented in the Extensions project.

Galileo Jupyter contains gateways that allow users to easily access data recorded during the
experiments. Specifically, the K3sGateway is implemented to analyze Galileo experiments.
The galileo-jupyter project internally uses galileo-db to access the data storage. Both
projects have been extended to support InfluxDB.

The Request Generator project provides functions to generate workload profiles that can
be used in the experiments.

Go Load Balancer It is a weighted round robin Load Balancer that watches etcd for
weight changes. It sets HTTP headers to later analyze the path each request has taken
to finally arrive at an application instance.

Telemd is used as a lightweight push-based fine-grained monitoring agent and supports
resource monitoring on the node and application level. Users can set the interval for each
resource separately. Published messages follow a specific topic schema that starts with
the keyword telem, followed by the corresponding node, the metric, and an optional
subsystem. Available subsystems depend on the metric. For example, when reporting
disk usage, the subsystem might indicate the actual disk from which the metric originates.
For example, the topic to monitor disk usage of disk sda on host server looks like this:
telem/server/disk/sda. The message of each topic first contains the timestamp of
the measurement and then the value. Currently, Telemd supports various metrics ranging
from CPU statistics, such as usage and clock frequency, to memory, disk and network
usage. Telemd also supports the collection of metrics on a system- and container-level,
including integration with Kubernetes Pods.

The framework automatically deploys the Telemd Kubernetes Adapter, which watches
Kubernetes Pods using the official Go Kubernetes client. Any Pod lifecycle event is
reported via Redis and gets recorded during experiments. This allows users to analyze
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scale events and associate telemetry with Pods. The message schema of the Telemd
Kubernetes Adapter is similar to the one from Telemd.

4.1.4 Demonstration

This section describes possible use cases to motivate our framework, and we evaluate in
Section 4.1.4.2. Afterwards, we present our applications used to evaluate selected use
cases to show the results of the framework on our testbed.

4.1.4.1 Use cases

Profiling experiments can be used to gather performance measures and resource usage
to help developers better understand application implementations and estimate how
well a deployment might perform [JNW+19]. Especially in heterogeneous environments,
with resource-constrained devices and modern hardware accelerators, it is essential
to understand hardware and applications [BJCG21]. Another use case for a profiling
experiment is the measurement of performance interference due to multi-tenancy [JGJ+18].
The scenario experiments differ in configuration capabilities and let users define a range
of initial application instances and their location. The framework does not offer any
support for cluster management techniques, and users must start schedulers or scalers
that interact with the cluster. Nevertheless, during the experiment, any changes to the
clusters are recorded, meaning that users can perform cluster management actions during
runtime and use our framework to analyze the experiments. For example, an analytics
technique is to display when and where application instances have been created and shut
down [RCLN20].

4.1.4.2 Applications

We are deploying an OpenFaaS-based function, which serves the Mobilenet neural network
[HZC+17] using TFLite in CPU mode. TFLite is a version of TensorFlow tailored
towards resource-constrained devices. The function performs object classification on
base64-encoded images. The function, as well as the Galileo experiment client application,
are available on GitHub. You can find the code for the demonstration on Github14 as
well. We also include an evaluation of resource usage of telemd, our monitoring agent,
the only experiment component running on end-devices (except for kubelet).

4.1.4.3 Testbed

Table 4.1 displays a selection of devices in the testbed. NX, TX2 and Nano are all Nvidia
Jetson devices15. There are three clusters in total: IoT Box, Cloudlet, and Cloud. The
edge-based clusters are derived from [RLF+20].

14https://github.com/edgerun/galileo-experiments-tdis-2022
15https://www.nvidia.com/en-gb/autonomous-machines/embedded-systems/
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Table 4.1: Testbed

Device Arch CPU Memory Cluster
1x AsRock x86 8x Ryzen @ 2 GHz 33GB IoT Box
1x RPI 4 arm32v7 4x Cortex @ 1.5 GHz 1 GB IoT Box
1x NX arm64v8 4x Cortex @ 2 Ghz 8 GB IoT Box
1x TX2 arm64v8 4x Cortex @ 2 Ghz 8 GB IoT Box
1x Nano arm64v8 4x Cortex @ 1.4 GHz 4 GB IoT Box
1x Xeon x86 4x Xeon @ 4.6GHz 16 GB Cloudlet
4x VM x86 4x vCPU @ 2Ghz 8 GB Cloud
2x NUC x86 4x i5 @ 2.2 GHz 16 GB Clients
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Figure 4.5: Profiling results of the MobileNet function

4.1.4.4 Experiments

Profiling experiment The profiling experiment aims to evaluate performance and
resource usage across devices. One client sends 100 requests with an inter-arrival time
of one second. We execute the experiment on four devices: Xeon, NX, TX2 and Nano.
Figure 4.5 shows the milli cores used by the container, the RTT in ms, and the memory
usage in megabytes for each device. The error bars indicate the 95th mean confidence
interval. While NX and TX2 have comparable performance, the Xeon node has the
lowest RTT. The Nano performs worse, and outliers are as long as 6 seconds. A milli
core value of 1000 equals one fully utilized CPU core. The Nano performs again the
worst and has the highest CPU usage. Interestingly, the Xeon device has the highest
memory usage, while the Nano has the lowest. It is out of scope to further discuss the
results, as we only intend to demonstrate possible use cases for our experimentation
and analytics framework. The galileo-jupyter project offers many convenience functions
(i.e,. preprocessed_traces, preprocessed_telemetry) that enable developers
to plot this chart based on the results (i.e., with Jupyter Notebooks16).

16https://jupyter.org/
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Scenario We now turn to the scenario experiment. Specifically, we start three clients
spawning 60 requests with an inter-arrival time of 1 second. Two clients are situated in
the IoT-Box cluster and one in the Cloudlet cluster. We also start a Python program
that randomly scales up and down in an interval of 5 seconds. With a probability
of 10% it does nothing, with 40% it starts one new function instance, and with 50%
it tears one instance down. All load balancers distributed requests in a round-robin
fashion for this experiment (i.e., from Cloudlet to Cloud). Figure 4.6 shows how many
function replicas have been running across the cluster. This plot illustrates the behavior
of cluster management techniques, and analyzing it serves as an essential task during
development. Further, our framework enables users to analyze where requests have
been generated and where they have been processed. To sum up, our framework can
perform experiments that allow requests to be processed across the edge-cloud continuum
and offers functionality to analyze them. As before, galileo-jupyter exposes convenience
functions to support users in developing and testing cluster management techniques (i.e.,
get_replica_schedule_statistics).
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Figure 4.6: Function replicas running across clusters

Telemd evaluation To conclude this section, we show our monitoring agent’s resource
usage while it emits resource metrics every second. Figure 4.7 displays results recorded
during a 100-second experiment. The figure shows the relative container CPU usage of
telemd. 100% CPU usage means that the container (i.e., telemd) fully utilized all cores of
the device. Figure 4.7 also shows the memory usage in megabytes. Both results show
that resource usage is relatively low on all tested devices, ranging from a Raspberry Pi 4
to an Xeon-based PC. Users can set a different monitoring interval for each resource to
reduce resource usage further.

4.1.5 Related Work
Works have been published that provide applications (i.e., functions) to evaluate systems
but do not propose an end-to-end framework [KL19]. We can use these functions
with our framework if they expose an HTTP endpoint. Grambow et al. [GPB+21]
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Figure 4.7: Resource usage of telemd

present a benchmarking framework for FaaS platforms. They focus on supporting
public FaaS offerings while we present a framework for edge-cloud testbeds. Gao et al.
[GZGD20] present LinkLab, a scalable IoT testbed that supports experimentation and
remote development. In contrast to their work, our framework aims to support users
in evaluating cluster management techniques and profiling applications, while theirs
focuses on developing and evaluating IoT applications. Yang et al.[YWCW22] present
EdgeTB, a hybrid testbed to evaluate distributed machine learning applications at the
edge. EdgeTB combines emulated nodes with real ones to create a high-fidelity and
large-scale evaluation. In contrast to our work, their framework is for AI training, while
ours is flexible regarding applications. Das et al. [DPW18] present a benchmark suite to
evaluate commercial edge computing platforms. To summarize, many approaches exist
that build benchmarks for FaaS or edge-cloud computing, but we specifically aim to
support the development of cluster management techniques.

4.1.6 Future Work
The testbed configuration (i.e., labeling the nodes) is not yet fully automatic, and
configuring network latency between clusters has to be done manually. For future work,
we plan on extending Ether, Edge Run’s topology synthesizer [RLF+20], to model the
real-world testbed as code and perform configurations (i.e., WireGuard) as well as set
the network latency between them. Another extension we are working on right now is
adding power measurements and using them to train models that can predict energy
consumption based on resource usage. Using our framework, we can fully automate and
perform different experiments to gather enough data to train our models.

4.1.7 Summary
Evaluating edge computing systems is challenging, given both the nascent nature of
the field and the heterogeneity of the infrastructure on which such systems operate.
Benchmarks and testbeds used to evaluate cluster management techniques are often
tailored to the specific technique, making it difficult to reproduce them and therefore
compare approaches. We extend Galileo, a system for distributed load testing that enables

89



4. Testing And Simulating Serverless Edge Computing

users to define and run reproducible benchmarks. Galileo lacks tools to operationalize
experiments; users must manually deploy other tools to scale workers, instrument their
testbed, and collect data. We extend Galileo to use Kubernetes to deploy runtime
components, and extend and create tools to offer an end-to-end experiment and analytics
framework for edge-cloud clusters. Therefore, the framework is able to evaluate and serve
as a base for our self-adaptive Serverless Edge Computing approach in Section 5.1. The
next section deals with the simulation of edge-cloud environments.

4.2 Serverless Edge Computing Simulator
This section presents faas-sim, a simulation framework tailored to serverless edge com-
puting platforms. In serverless computing, platform operators are tasked with efficiently
managing distributed computing infrastructure completely abstracted from application
developers. To that end, platform operators and researchers need tools to design, build,
and evaluate resource management techniques that efficiently use of infrastructure while
optimizing application performance. This challenge is exacerbated in edge computing
scenarios, where, compared to cloud computing, there is a lack of reference architectures,
design tools, or standardized benchmarks. faas-sim bridges this gap by providing (a) a
generalized model of serverless systems that builds on the function-as-a-service abstrac-
tion, (b) a simulator that uses trace data from real-world edge computing testbeds and
representative workloads, and (c) a network topology generator to model and simulate
distributed and heterogeneous edge-cloud systems. We present the conceptual design,
implementation, and a thorough evaluation of faas-sim. By running experiments on both
real-world test beds and replicating them using faas-sim, we show that the simulator
provides accurate results and reasonable simulation performance. We have profiled a
wide range of edge computing infrastructure and workloads, focusing on typical edge
computing scenarios such as edge AI inference or data processing. Moreover, we present
several instances where we have successfully used faas-sim to either design, optimize, or
evaluate serverless edge computing systems.

4.2.1 Introduction

Context & Background Serverless edge computing is an emerging distributed com-
puting model that applies principles from serverless cloud computing to edge computing
systems [ATC+21]. In traditional serverless computing, serverless platforms hide the
underlying infrastructure of massive cloud data centers from application developers
while giving platform operators the controls to schedule and scale workloads to optimize
operational goals [JSSS+19]. The edge-cloud continuum extends the narrow cloud- or edge-
centric view to a hierarchical geo-distributed system, ranging from resource-constrained
edge devices to large-scale cloud data centers [RND23]. Applying the operational mecha-
nisms that enable serverless computing in this new environment is highly challenging
and subject to active research [XTQ+21, ATC+21, RND23]. Current cloud-centric or-
chestration services need to be adapted in their architecture [PB20a], which is typically
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centralized and can form bottlenecks. While concepts like federated clouds can help
connect multiple on-premises data centers and mitigate scalability issues [TPTE21], how
current serverless platforms behave in these heterogeneous and geo-distributed scenarios
is not well understood. New challenges introduced by the edge-cloud continuum include
discovering and forming computing clusters [LLR+21], incorporating new computing
device types while aiming for resource efficiency [WKB+19], or dealing with data and
computation movement trade-offs [RRD21].

Motivation With the growing adoption of serverless edge computing and the complexity
inherent in these systems, there is a pressing need for effective evaluation frameworks to
assess the performance and help aid the design of serverless edge computing platforms. In
cloud computing research, there is a long history of well-understood benchmarks [CST+10],
testbeds [DRM+19], and trace data sets [VPK+15] to perform systems evaluations.
Evaluating edge computing systems is much more difficult due to the lack of established
benchmarks, reference architectures, trace data sets, or real-world testbeds [RLF+20].
Researchers must invest considerable resources to create testbeds and benchmarks often
tailored to the system they are evaluating [RRP+22]. This then often leads to evaluations
that do not allow generalizable conclusions about the performance of the systems under
the wide variety of conditions that the edge-cloud continuum provides. Simulators help
to fill this gap by allowing quick iterations over ideas and evaluating their feasibility
before deploying them on real-world hardware [MAJ+21]. They allow the creation of
synthetic infrastructure according to specific parameters, such as deployment density
in geo-distributed settings or heterogeneity of compute nodes [RLF+20], thereby vastly
expanding the evaluation parameter space. Moreover, simulations can facilitate use cases
such as tuning serverless function orchestration strategies [RRD+22], resource planning,
cost prediction, and application performance estimation. As we explore in this section,
simulators can even be used in co-simulation, where systems optimize themselves during
runtime by evaluating different scenarios using the simulator.

Challenges In recent years, numerous simulators have emerged for different system
environments, such as cloud computing [JCSY19] IoT [JAA+20, AJH+21] serverless com-
puting [MK21, MAJ+21, RHHP22], and edge computing [SOE17, GVDGB17]. However,
existing work does not thoroughly investigate the requirements, use cases, and solution
approaches to address the challenges described in the previous subsection. Moreover,
many state-of-the-art systems simulators, such as CloudSim [JCSY19] and its many
derivatives [GVDGB17, SOE17], build on oversimplified resource models that have sev-
eral limitations that we analyze in depth in this section. From studying the current
state-of-the-art and analyzing simulation requirements, we summarize the challenges for
building a modern simulator for serverless edge computing platforms as follows:

(i) To seamlessly transfer simulation designs to real-world systems, the domain model
should generalize edge-cloud simulators to include serverless computational models. (ii)
The simulator should have strong support to evaluate orchestration strategies as they
are essential for governing the overall behavior of function deployments. Specifically,
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serverless function orchestration strategies (scaling, placement, and routing) should be
first-class entities for users to modify and extend. (iii) Since serverless edge computing is
still evolving, the simulation engine should strongly emphasize modularity and extensi-
bility. (iv) High-fidelity simulators are typically slow and challenging to implement but
closely resemble real-world conditions. Conversely, low-fidelity simulators are fast and
straightforward to implement. Hence, the simulator should be configurable to accom-
modate the current needs of client programmers and platform designers and create low
or high-fidelity simulations. (v) The spatio-temporal context in simulations is highly
application-specific, i.e., it requires careful modeling of component interference and user
access patterns. Consequently, client programmers and platform designers should be able
to integrate custom resource models. (vi) The simulation should support programmable
topologies that scale for large clusters to model the heterogeneous resource aggregates.

Contributions We have built faas-sim to address these challenges and overcome the
limitations of state-of-the-art simulators for serverless edge computing platforms. faas-sim
is a trace-driven stochastic discrete-event simulation engine, enabling the fine-grained
evaluation of serverless edge computing platforms on edge-cloud infrastructures. It
simulates the deployment, execution, and resource consumption of serverless workloads
on different types of computing hardware and comes with a flow-based network simulator
based on the network topology synthesizer Ether [RLF+20]. Our code framework provides
a generalized serverless system model that allows modeling a wide range of function
orchestration strategies and platform optimization algorithms, as well as developing
reusable benchmarks and experiments. The simulation engine has a flexible performance
and resource modeling approach to evaluate common system performance indicators
such as resource consumption, function execution time, data throughput, or network
usage. faas-sim is trace-driven and relies on data from real profiling experiments. It
ships with a wide range of profiled workloads and compute nodes that can be used out
of the box to bootstrap experiments, but users can provide custom profiling traces to
model other workloads and hardware. faas-sim is integrated into the Edgerun project 17,
offering extensive tooling to support researchers and practitioners performing edge-cloud
experiments. It is written in Python, built using the discrete event simulation engine
SimPy [Mat08], and integrates seamlessly with modern data science tools. The objective
of faas-sim and the complementary Edgerun ecosystem is to aid researchers and platform
designers in developing and evaluating new serverless edge platforms. For example,
the experimentation framework Galileo [RRP+22] can run experiments on testbeds and
pre-process traces that faas-sim expects.

We summarize our contributions as follows:

• faas-sim, an open-source18 serverless edge computing simulator based on the design
and performance data of real-world platforms.

17https://github.com/edgerun/
18https://github.com/edgerun/faas-sim
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• faas-sim enables researchers and practitioners to design, implement, model, and
evaluate serverless platform architectures and orchestration strategies such as
function autoscaling, scheduling, or load-balancing algorithms.

• An efficient performance and resource modeling approach that uses profiling data
from real-world edge-cloud workloads and compute infrastructure.

• A set of profiling benchmark traces included in faas-sim to bootstrap simulations.

• An evaluation on a real-world testbed demonstrating the accuracy of our network
simulator.

• A use case-based evaluation showing the capabilities of faas-sim.

Outline The remainder of the section is structured as follows. Section 4.2.2 introduces
the simulation-driven design process of serverless edge computing. Specifically, we
introduce two main tasks that serverless edge platforms must implement. Based on
use cases, we show how our simulation can facilitate implementation and highlight the
resulting simulation challenges. Afterward, Section 4.2.3 describes the conceptual model,
architecture of faas-sim, and various models for resources, performance, and network.
Section 4.2.4 represents the evaluation of our work. It is structured into multiple parts and
evaluates faas-sim’s ability to model the simulation use cases we present in Section 4.2.2,
shows traces that come with faas-sim, evaluates the network simulation, and showcases
its flexible domain model by implementing the reverse proxy component of OpenFaaS
[Ope16]. Afterward, Section 4.2.5 highlights the main similarities and differences between
ours and other simulation engines. Section 4.2.6 concludes our work and outlines future
tasks.

4.2.2 Simulation-driven Serverless Edge Computing Design
In the following, we describe fundamental aspects of our work revolving around serverless
edge computing and simulations. We introduce in Section 4.2.2.1 serverless edge comput-
ing in general and the tasks of designing platforms and function orchestration strategies
which faas-sim intends to support. Therefore, we show in Section 4.2.2.2 use cases that
facilitate the design process of platforms and address the simulation challenges that arise.

4.2.2.1 Serverless Edge Computing

Serverless edge computing extends serverless computing to manage resources and ap-
plications across the edge-cloud continuum [ATC+21]. Serverless computing combines
Function-as-a-Service (FaaS) and Backend-as-a-Service (BaaS) [JSSS+19]. FaaS enables
developers to split complex applications into multiple simple functions, package and
upload them. The FaaS provider is responsible for placing and scaling function replicas
and routing requests to running replicas. These are the main orchestration strategies
of FaaS platforms to manage function deployments dynamically. Platform clients can
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invoke functions through various triggers. A client can send an HTTP request forwarded
through a router (e.g., application-layer load balancer) to a function replica. Clients can
publish messages in a queue, and brokers are responsible for forwarding them to function
replicas. Other event-driven triggers include file and database changes. [JSSS+19]. Func-
tion replicas are typically stateless and only have ephemeral storage. However, stateful
function support is actively explored and commercially available (e.g., on Microsoft’s
Azure Functions platform [BGJ+21]). Replicas cannot rely on the assumption that data
is locally available and must fetch it from backend services. BaaS enables FaaS and
manages various services such as databases, message middleware, routers, and caches.
The autonomous orchestration of backend service components are crucial to succeed in the
edge-cloud continuum and guarantee operational goals [RND18]. Orchestration strategies
are essential for serverless platforms and directly impact operational goals. Each of the
orchestration strategies can have different implementations. For example, placement
can have various implementations, such as optimization-based [RRD21] or AI-driven
[YCYO23]. Scaling can be reactive or proactive, while platforms can route centralized
(e.g., a single gateway that all requests go through) or decentralized (e.g., where multiple
gateways exist). These options are not exhaustive and should only highlight different
ways of adapting function deployments. Interactions between the orchestration strategies
are also complex. The system’s performance after updating them can lead to unexpected
behavior. Serverless edge computing represents a complex system facing many tasks and
challenges. Figure 4.8 shows an example of a serverless edge computing platform. Note
that requests are routed in a decentralized manner, but orchestration decisions are made
centrally in the cloud. This architecture might not be feasible due to the cloud’s cen-
tralized scaling and placement components. However, a naive decentralization approach
can lead to other problems, such as state sharing and consistency problems [RB19]. The
figure also emphasizes that serverless platforms must implement orchestration strategies
for FaaS and BaaS. The platform must place and scale function replicas and manage the
backend services.

Operational goals can range from performance (e.g., response time) to privacy (e.g.,
execution location) and are crucial for emerging application paradigms (e.g., Edge
Intelligence [DZF+20]). Edge Intelligence emphasizes and requires the execution of
applications across the edge-cloud continuum. Applications may require ultra-low latency
(e.g., < 10 milliseconds), have strict privacy constraints (e.g., health data), and are
formulated as complex workflows consisting of multiple applications, each having different
requirements (e.g., AI pipelines) [RD21]. Serverless orchestration is not only based on
requirements but must consider environmental changes. A key characteristic of the edge-
cloud continuum is its dynamic and heterogeneous environment. Therefore, platforms
must be resilient, and their orchestration strategies must continuously evolve and cope
with changes. These changes stem from the infrastructure side (e.g., nodes fail, new
nodes join), from new function requirements (e.g., privacy), or unseen functions. This
introduction to serverless edge computing should give a broad overview of the complex
interdependencies between the platform architecture and serverless function orchestration.
However, we want to give more details about these two aspects of platform design and
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Figure 4.8: Example platform with decentralized gateways and centralized scaling and
placement components

how they can benefit from faas-sim and the simulation challenges they introduce.

Platform architecture In this work, the platform architecture determines the deploy-
ment (e.g., location of execution) and the responsibilities of the serverless orchestration
components, and which technologies the execution model consists of (e.g., function
runtime). Thus, a simulation tool should be able to model these different aspects, from
the placement of components to the underlying function runtimes. To highlight the
difficulty in selecting an architecture, we briefly describe three platform architectures
that are currently deployed or plausible for serverless edge computing platforms. This
comparison should emphasize the need for tools that can evaluate different platforms
without the burden of implementing each platform on a real-world system. Figure 4.9
depicts these architectures on an infrastructure that consists of three computing clusters
exist (i.e., Cloud, Sydney, and Frankfurt). It is plausible that the number of computing
clusters is much higher and consists of heterogeneous devices and network conditions.
Thus, introducing the simulation challenge to be flexible regarding scenario definition.
The first architecture is the typical cloud-centric Centralized Platform Architecture. It
deploys a single entry point for users in the cloud, and placement and scaling components
are also situated there. In this example, all components reside in the cloud, and requests
must travel from the edge to the data center. This architecture has several shortcomings
and represents how most commercial and open-source serverless platforms are built (e.g.,
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OpenFaaS19, Knative20, Fission21, OpenWhisk22, AWS Lambda23). The main shortcom-
ing is that requests must travel to the cloud to be handled, which increases network
latency and diminishes the advantages of function instances at the edge. The Hybrid
Platform Architecture shows an approach that deploys routing components at the edge
and deploys a two-step placement approach [RRD+22]. The main differences from the
Central Platform Architecture are decentralized router instances and the decentralized
placement approach. The scaling component still resides in the cloud and decides when
new function instances are necessary (or when to remove instances). The global placement
component decides the computing cluster, and the local placement component must select
a node. This architecture scales better because the global placement component can
use simple heuristic algorithms while the local placement component can use complex
algorithms. The drawback of this approach is that the cloud components can still be a
bottleneck, which the design must incorporate. The Decentralized Platform Architecture
deploys placement, scaling, and routing components in each computing cluster [BHQT22].
This architecture offers the advantage of decentralized components and high scalability.
However, implementing this design can be challenging as it must coordinate placements
and routing between computing clusters.

Other variants are possible; for example, the placement components can have distributed
implementations that increase the complexity but offer high scalability [RB19]. To explore
the performance impact of different platform architectures and underlying infrastructure,
simulators are a good tool for getting first results and building confidence in a particular
design. To this end, simulations must be customizable and extendable to adapt and

19https://www.openfaas.com/
20https://knative.dev
21https://fission.io/
22https://openwhisk.apache.org/
23https://aws.amazon.com/lambda/
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model different platform designs quickly. Moreover, simulation users should be able to
model and configure various system parameters easily, which introduces the challenge of
simulation configurability. Simulators should ship with a basic set of system assumptions
so researchers can get started with baseline experiments quickly, but also allow high
configurability through custom performance models (see Section 4.2.3.2), parameterizable
infrastructure topologies (see Section 4.2.3.2), or adding completely custom simulation
components.

Serverless function orchestration strategies The platform architecture determines
where the orchestration components reside and how they interact (e.g., centralized
vs. hybrid). However, the three main orchestration strategies (i.e., scaling, placement,
and routing) govern the placement of function instances and backend services. We
highlight their challenges in the edge-cloud continuum and briefly discuss implementations
from the literature. This discussion highlights the complexity of designing function
orchestration for serverless edge computing platforms, from which there are simulation
use cases that researchers and practitioners alike can benefit from. We categorize
the challenges that orchestration strategies face into application and infrastructure.
Edge-cloud applications exhibit high amounts of spatio-temporal workloads. Due to
systems spanning multiple cities or countries, the workload is generated at different rates
in different places. Therefore, orchestration strategies must optimally place function
instances in the edge-cloud continuum to process requests efficiently. Emerging application
paradigms (e.g., Edge Intelligence) can have stringent requirements that platforms must
fulfill. Moreover, these applications also exhibit high heterogeneity in resource usage
and complexity. Complex AI pipelines are a prime example in which different hardware
accelerators must be taken into account, but dynamic application flows can also change the
path of execution (i.e., which functions must be executed) [CSM+20, RD21]. We can split
the challenges from the heterogeneous infrastructure into node-level and topology-level.
Nodes offer different capabilities and capacities. Capabilities can be hardware accelerators
or other physical attachments exclusive to specific devices (e.g., cameras); therefore,
orchestration strategies must be aware of correctly placing function instances that require
capabilities. Multi-tenancy leads to performance interference, which can negatively
impact resource-constrained nodes. Further, some capabilities are exclusive to individual
function instances (e.g., hardware accelerators); therefore, orchestration strategies must
carefully use those resources. The topology can consist of computing clusters that have
different capacities and capabilities. Due to heterogeneous networks, nodes have different
network conditions and can leave or enter the topology, causing instability. Simulations
help understand the ability of function orchestration strategies to handle these types of
heterogeneity. Previous challenges have been extensively covered in literature but are
fundamental to orchestration strategies and serverless edge computing [ATC+21, SKM22].
It becomes clear that implementing orchestration strategies in the edge-cloud continuum
is complex. Therefore, extensive evaluation of orchestration strategies is crucial for a
successful deployment. However, it also introduces several challenges that the simulation
must address for a viable solution. First, the simulation must incorporate well-known
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components in the core to evaluate orchestration strategies. These components include a
scheduler, an autoscaler, and load balancers. Simulation users should be able to extend
and implement novel solutions for these components. At the same time, the simulation
should use a realistic domain model that maps simulation components to real-world ones.
The last challenge revolves around the scenarios and request patterns during simulations.
As previously mentioned, spatio-temporal context is important in edge-cloud systems
(e.g., people moving around the city [RRD+22]), and simulations must be able to model
this aspect.

Our simulation can support the development of serverless edge platforms by allowing
rapid evaluation of different designs that propose individual solutions to these challenges.
Therefore, we present simulation use cases that can help design and understand platform
designs.

4.2.2.2 Simulation use cases
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Figure 4.10: Simulation use cases that facilitate implementation of tasks for serverless
edge computing platforms.

Before discussing serverless edge computing platform simulations, we want to describe
their use cases. Figure 4.10 shows each task’s corresponding simulation use case and the
simulation challenges it creates.

Resource planning Resource planning determines the necessary physical hardware
capacities to serve workloads adequately [LLR+21]. The simulation can help understand
platform providers and which architectures suit their infrastructure. They also can per-
form simulations in which the infrastructure varies, which can support future investments
in new equipment. In addition, simulations can also determine the highest workload the
infrastructure can withstand. The simulation tool must support automated topology and
workload creation to perform many simulations to enable platform providers to identify
possible interesting infrastructures.

Application performance estimation Application performance estimation has vari-
ous facets and not only includes the estimation of performance-related indicators such
as the response time of functions but can also include other factors such as Quality of
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Service and cost [MK21]. Customers can get estimates for deploying their functions,
while platform providers can use them to see whether different platform architectures
impact the cost in advance. The application performance estimation use case requires
simulation users to freely adapt the simulation to their specific use cases.

Serverless orchestration evaluation It is challenging to operationalize orchestration
strategies in dynamic systems like the edge-cloud continuum, and requires continuous
re-evaluation and optimization at both design-time and run-time. Orchestration strategies
range from threshold-based approaches to heuristics and AI-driven strategies. Different
ways of evaluating orchestration strategies exist. Testbeds and emulations help evaluate
orchestration strategies on realistic setups that remain on a small scale [RRD+22, RNC19].
They offer realistic results but lack scale and can be expensive. Additionally, results
can be hard to reproduce because setups have many variables (e.g., OS version, library
versions). While efforts exist to make testbed evaluations reproducible [RRP+22] (e.g., by
streamlining the definition, execution, and analysis of experiments), many factors depend
on resource configuration. Emulations bridge the gap between real-world behavior and
scalability of simulations [MGG+17]. Both approaches rely on the available hardware
and its configuration, making it hard to reproduce results. Simulations, while highly
dependent on the implementation (i.e., performance, resource models, etc.), offer high
reproducibility and can support large-scale scenarios. Researchers and system designers
must be able to extend and develop their own serverless function orchestration algorithms
into the simulation. A simulation tool should offer baseline orchestration strategies,
generic APIs to easily interface with the system (e.g., reasoning over the cluster topology,
accessing simulated resource usage, or triggering function deployment), and ways to
capture spatio-temporal context to model things like clients moving through the geo-
distributed topology.

Co-simulation driven orchestration The co-simulation-driven orchestration use case
focuses on operationalizing orchestration in real-world platforms. Serverless orchestration
strategies rely on thresholds, heuristic-based optimizations, or AI-driven strategies.
These orchestration strategies rely on parameter tuning, historical data, and possible
optimization processes (e.g., AI training) [ZXR+22, MKB22]. Observing the system
for changes is crucial once an orchestration strategy has been deployed. These changes
can come from the applications (e.g., new applications or new requirements) or the
environment (e.g., network saturation, node failure). In any case, the orchestration
strategies must incorporate new circumstances during runtime. If orchestration strategies
only interact with the real world and learn using historical data, updated configurations
might need to be updated when deployed. One of the key characteristics of the edge-cloud
continuum is its dynamic nature, and platforms have to autonomously and quickly
adapt. In the best-case scenario, they can proactively update strategies to possible
future scenarios. The concept of co-simulation tackles this issue by using an underlying
simulation engine to quickly update deployed orchestration techniques by simulating
possible future scenarios [TPS+22]. Therefore, simulations must use a realistic domain
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model to provide interoperability between the implementation in the simulation and the
real-world system.

4.2.3 faas-sim
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Figure 4.11: faas-sim overview

faas-sim is a trace-driven stochastic discrete-event simulation framework built on SimPy [Mat08].
It was initially developed to evaluate how well Skippy [RRD21], a generic container schedul-
ing system based on the Kubernetes scheduling logic, could make trade-offs between data
and computation movement in edge computing infrastructure scenarios. To that end,
faas-sim primarily simulates serverless workload execution and network data transfer.
Figure 4.11 shows an overview of simulation inputs, internal components, and simulation
outputs of faas-sim.

The default workload scheduling system is Skippy, which is highly customizable and
models a wide range of placement strategies but can also be replaced with a completely
custom scheduler. To simulate workloads, faas-sim uses workload traces from profiling
experiments on real-world testbeds to simulate the execution time and resource usage
of running serverless workloads on different types of computing hardware. Our Galileo
experiment framework [RRP+22] can facilitate the execution and pre-processing of
experiments on a real-world testbed to generate traces for new functions and devices.
For network simulation, it uses a higher-level flow-based network simulation that is part
of the Ether edge network topology synthesizer [RLF+20].

All functionality faas-sim is implemented using Python and SimPy primitives. SimPy’s
simulation engine is single-threaded and uses a single event queue to model time pro-
gression in discrete steps. It leverages Python’s generator concept, allowing users to
implement simulation processes using the yield keyword to emit simulation events and
programmatically advance the simulation clock. faas-sim uses SimPy’s base mechanisms
to facilitate the entire simulation and requires no additional extensions. As shown
in Figure 4.11, faas-sim and Ether use SimPy and, therefore, can interact with each other
in the process simply by in-memory communication using standard Python. A single
Python process simulates the network and the serverless platform. A Benchmark is the
programmatic execution of a user-defined simulation scenario, which may include work-
load generation based on specific patterns and allows users to plug in custom workloads

100



4.2. Serverless Edge Computing Simulator

or function simulators. The simulation result is a set of Pandas data frames that include
fine-grained workload traces and network simulation results that allow the calculation of
system key performance indicators such as average function execution, execution cost,
resource usage, or network usage.

faas-sim provides pre-defined benchmarks, topologies, workload traces, and schedul-
ing strategies, which users can individually customize. Specifically, faas-sim provides
(a) traces from several common edge computing devices and representative serverless
workloads such as AI-based image recognition, numerical computations, or AI-based
speech-to-text; (b) request generators that model real-world workload patterns; (c) com-
mon edge computing system topologies and cluster configurations that are synthesized
from real-world edge computing use cases [RLF+20]; (d) implementations of the container
scheduling strategies presented in previous works by the authors [RRD21],[RRD+22] that
can be used as baselines for new strategies.

We outline its conceptual model before explaining the implementation and architecture
of faas-sim in Section 4.2.3.2.

4.2.3.1 Conceptual model

The conceptual model of functions, deployments, and running replicas is shown in
Figure 4.12. The API of the conceptual model can be found in a dedicated code
repository24. It serves as a unified API collection, allowing implementations for different
environments, such as faas-sim.
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Figure 4.12: Conceptual model of functions and their deployment.

We split the conceptual model of functions into two parts: Design time and Run time.
The Design Time includes Functions and Function Images and gives simulation users
the possibility to change the implementation of functions without redefining Functions.
It decouples the interface from the implementation and enables higher flexibility when
defining functions.

24https://github.com/edgerun/faas
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• A Function is the highest level of abstraction and refers to some functionality
identified by a name that can be invoked with a Function Request. For example, a
Function could be an object detector named “detect-objects” that takes an image
as input and returns the bounding boxes and labels of objects in the picture.

• A Function comprises several Function Image instances, one for each deployment
platform. A Function Image is conceptually the code that implements a function on
a specific deployment platform. For example, our “detect-objects” function could
have one version that uses the GPU and one that uses a TPU (an AI accelerator).
The reason for this additional abstraction is the way container platforms like Docker
deal with multiple computing architectures. Docker images group different CPU
architectures via a manifest to a multi-arch image. A docker pull command will
pull the correct image based on the node’s architecture. However, there is no way
to include additional platform aspects such as GPUs or TPUs. If two container
images exist for the same function, one that uses the CPU and one that uses the
GPU, it may be ambiguous at runtime which image to pull. Instead, we want to
allow the placement component to decide which image to deploy for a particular
function.

• A Function Deployment is an instance of a Function with a concrete resource
allocation and scaling policy configuration. A deployment consists of multiple
Function Container instances and said configurations.

• A Function Container is the runtime configuration of a Function Image. It has a
specific resource configuration that declares how many resources are allocated on
a node when a particular replica of this Function Container is deployed. In our
running example, a GPU-based “object-detector” might require less CPU but more
VRAM than the CPU-based Function Image. A Function Replica is a concrete
instantiation of a Function Container. It represents the actual running function
(like a Docker container).

• Each Function Replica has a Function Simulator object that models the function’s
behavior for the simulation. Each Function Replica has a Function Replica State
that signals the replica’s current life cycle. The life cycles are inspired by Kubernetes
and range from being scheduled for placement to running and shutdown.

• A machine capable of hosting function replicas is called Function Node. The
Node State is a generic container for data needed during simulation time, for
example, storing the number of concurrent invocations to a particular replica to
calculate performance degradation. It also stores information that describes its
CPU architecture, number of cores, memory size, and allocatable resources.

4.2.3.2 faas-sim architecture

faas-sim’s architecture allows the modification and extension to accommodate different
serverless edge computing platform designs and execute various use cases. The architecture
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Figure 4.13: Main abstractions of faas-sim

mainly consists of three abstractions: FaaS System, Environment, and Function Simulator.
Figure 4.13 shows the internals of them, whereas Environment contains object references
(e.g., to the FaaS System), while FaaS System and Function Simulator show methods to
interact with them. The FaaS System acts as the central entity that exposes methods
to interact with the platform. For example, it allows users to deploy functions, remove,
invoke, or scale them up and down (also commonly referred to as scale out and scale
in[RCLN20]). It manages a set of functions and the associated Function Replica and
acts as the serverless edge computing platform’s front end. The Environment contains
references to essential objects used throughout the simulation. These objects contain the
main logic of the simulation and can be configured and accessed via the Environment.
For example, simulation users can replace the Scheduler (i.e., the placement component)
by simply pointing it to their implementation. Each Function Replica has a Function
Simulator containing the function’s simulation model. Based on that, we structure the
remaining section by first outlining the FaaS System, followed by the Environment. Both
represent high-level components that encompass the simulation. Afterward, we detail how
the Function Simulator works and our approaches to modeling resources, performance,
and network as well as faults.

FaaS System The FaaS System abstraction is the high-level interface a simulation
user interacts with. It is inspired by open-source FaaS platforms (i.e., OpenFaaS [Ope16])
and container orchestration services (i.e., Kubernetes [Kub14]). The API of the FaaS
System25 presents the frontend of a serverless edge computing platform and lets simulation
users deploy, remove, scale, and invoke Function Deployments. The following shows an
excerpt of available methods:

25The source code of this class is available under https://github.com/edgerun/faas. However, faas-sim
provides an implementation called DefaultFaaS System
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• deploy: makes the function invokable and deploys the minimum number of
Function Replica instances on the cluster. The number of minimum running
instances is configured via Scaling Configuration. FaaS System creates for each
Function Replica a new Function Simulator using the Function Simulator Factory.
Each Function Replica gets a Function Node assigned using the Scheduler. The
Cluster Context is updated accordingly, and the FaaS System starts the Function
Replica life cycle.

• invoke: the Load Balancer selects the replica and simulates the function invocation
by calling the invoke method of the Function Replica’s Function Simulator.

• remove: removes the function from the platform and shuts down all running
Function Replica instances, calling the tearown method of each.

• discover: returns all running Function Replica instances that belong to the
Function Deployment.

• scale_down: removes the specified number of running Function Replica instances,
with respect to the minimum requirement. The current implementation first picks
the most recently deployed Function Replica instances, which is Kubernetes’ default
behavior [RCLN20]. However, simulation users can also pass a list of Function
Replica to remove. This operation is equivalent to the commonly used scale in
operation [RCLN20].

• scale_up: deploys the specified number of Function Replica instances but has
to respect the maximum number specified in the ScalingConfiguration. As with
scale_down, the simulation user can also pass a list of Function Replica instances
to schedule, and the operation is commonly referred to as scale out [RCLN20].

• poll_available_replica: repeatedly waits and checks for running Function
Replica instances of the Function Deployment.

The API exposes additional lookup methods that we did not include above. The FaaS
System manages functions using the Environment and is responsible for invoking all life
cycle phases of the Function Simulators. Using the Environment allows simulation users
to inject their Load Balancer, Scheduler, and other objects that the FaaS System uses.

Environment The Environment is the central instance that stores object references
used throughout the simulation. Figure 4.13 highlights most of the objects currently in
the Environment. This might change over time as the simulation is continuously updated
to implement and provide more features out of the box. However, we explain some of
them in detail in the following and show which features they enable.

• The Cluster Context keeps track of available Function Container images available
and resources (i.e., CPU and memory) on each node. This enables the simulation
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only to download images unavailable on the node and the Scheduler to check if a
node has enough resources.

• The Function Simulator Factory is a component that simulation users have to
provide and determines which Function Simulator instance is assigned to a given
Function Replica upon creation.

• The Topology contains all nodes and the network graph and can be created using
the external library Ether, which also provides the network simulation. Ether im-
plements a flow-based simulation that users can transparently change by modifying
the Flow Factory, which determines the concrete type of network simulation.

• The Scheduler has to implement a schedule method, which takes a Function
Replica and decides on which node it should be placed. The default implementation
of FaaS System uses a SimPy queue to process each requested Function Replica
sequentially and use the skippy-scheduler [RRD21]. However, simulation users can
replace the Scheduler implementation or modify the FaaS System implementation
to suit their needs. For example, simulation users can change the default monolithic
scheduler architecture to a decentralized one.

• The Resource State keeps track of the resources across nodes and Function Replicas.
This object acts as storage and offers methods such as put and remove. The
simulation user is responsible for using those methods; faas-sim does not restrict
what kind of resources are stored. The Resource Monitor can measure resource
usage repeatedly during the experiment by fetching the resource usage for all running
function replicas. This approach simulates a pull-based monitoring strategy, in
which a central controller is responsible for fetching the latest resource usage from
all replicas, which mimics the behavior of real-world monitoring frameworks, such
as Prometheus26. However, users can also modify the Resource State to log every
put and remove action without using the monitor.

• The Metrics object is the central logging entity and stores everything in a table-like
data structure for export at the end of the experiment (e.g., as CSV file). The class
offers some methods tied to the simulation, which faas-sim automatically logs (i.e.,
the scheduling process), but simulation users can log arbitrary data. Simulation
users can also implement the Metrics class to support other storage mechanisms
(e.g., SQL databases) to improve performance and keep memory usage low.

• Simulation users populate the Container Registry before starting the simulation
with their Function Containers. Each Function Container has a CPU architecture
(i.e., arm64v8, arm32v7, amd64) and size of the image in bytes. The Container
Registry is a node in the Topology which enables the simulation of downloading the
Function Container onto the node.

26https://prometheus.io/
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• The Background Processes object is a list that simulation users can populate. SimPy
has a built-in concept of processes running in the simulation’s background. The
list of processes is automatically started at the beginning of each simulation and
allows users to run processes continuously. For example, the Resource Monitor,
which periodically fetches the resource usage of each Function Replica and node, is
a background process. Another critical component in the simulation of serverless
edge computing is the Autoscaler. faas-sim includes a variety of Autoscalers that
can be included in the list of Background Processes. Each Autoscaler implements
a run method that repeatedly observes the platform state and invokes the FaaS
System’s scale_up and scale_down methods.

• The last concept we include in faas-sim is the Storage Index, which enables users
to model object storage that is popular in serverless computing and is mainly used
to store data that functions have processed. Therefore, faas-sim can realistically
simulate the network transfer between Function Replicas and storage nodes.

Having access to all important aspects of the simulation (e.g., FaaS System) enables the
implementation of Function Simulators that act as Load Balancer, Autoscaler, Scheduler,
and arbitrary components.

Before describing our evaluation, we want to define the Simulation and input parameters
(i.e., Topology and Benchmark) in more detail.

Trace-driven function simulators The main goal of faas-sim is to determine the
function execution time (FET) and resource usage of running workloads on particular
nodes. faas-sim is trace-driven, which means that users need to provide measurements or
estimations from real-world experiments to feed the simulation. We explain this in more
detail in Section 4.2.3.2. In this section, we present the Function Simulator abstraction,
which allows users to simulate various stages of a function that ultimately determine the
FET and resource usage.

While we ship a set of functions with faas-sim, we also enable simulation users to profile
new functions on their hardware using Galileo experiments [RRP+22]. In the following,
we focus on our profiling approach, but want to emphasize here the flexibility of our
simulation. As we mentioned, the simulation does not make any assumptions about
resource usage, and users must inject their traces. Further, faas-sim also does not
have an integrated resource model, and simulation users must implement their own.
However, faas-sim offers functionality to implement a resource model as we describe in
Section 4.2.3.2. Figure 4.14 shows the Function Replica life cycle phases and denotes for
each one the data we must store to enable the trace-driven simulation. For example, we
calculate the resource usage of a single function invocation and use this in the simulation.
We also use the duration for each phase to simulate it accurately. The phases, depicted in
Figure 4.14, correspond to the phases that the Function Simulator offers to implement.
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Figure 4.14: Trace-driven analysis process

The Function Simulator is the core of faas-sim and implements the behavior of a function.
Deploying a Function Replica consists of the following life cycle phases. The Function
Replica is deployed on the node (e.g., by pulling the container image if it is not present),
and starts the Function Replica. Afterward, the replica can execute some setup code and
then is ready for invocation. In the end, the replica is torn down. To simulate this life
cycle on a node, a FunctionSimulator class must be implemented with the following
methods. Each method yields SimPy simulation events, which enables simulation users
to implement arbitrary complex simulation models of functions.

• deploy: deploys the Function Replica on the node (e.g., by pulling the container)

• startup: starts the Function Replica

• setup: executes any setup code of the Function Replica

• invoke: simulates the invocation of the Function Replica

• teardown: cleans up and stops the running Function Replica

Figure 4.15 shows the life cycle phases and puts the real-world execution and function
code next to the simulation code. It also depicts the different states the replica is in
during the simulation, from starting to shutting down. The deployed function offers AI
inference and initially loads an AI model into memory, which is kept in memory to speed
up inference.

Before going into details, we want to highlight three things: (1) in some phases docker
commands are shown. Typically, the underlying orchestration service executes these
commands, and we include them only to simplify the explanation. (2) the simulation is
not tied to Docker or container virtualization techniques and can model the behavior of
other technologies. (3) this example highlights many aspects of the function execution
model, which are all optional,i.e., simulation users can decide which of them they include.
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In the deploy phase, the docker pull command downloads the function image from
the container registry. The simulation model simulates a network download using Ether,
which downloads the Docker image size from the container registry if it is not already on
the node.
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    # cleanup resources
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Figure 4.15: Life cycle phases of AI inference function based on OpenFaaS’ HTTP
of-watchdog.

The yield statement enables SimPy to track time spent and includes the simulated
download time from Ether. Afterward, the docker run command starts the function,
which we simulate using the time taken from the traces. The env.timeout call lets
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the simulation wait. SimPy has no built-in concept of units, leaving this open to the
simulation users. Our traces are in seconds; therefore, startup_delay is also in seconds.
Next, the simulation includes the container’s resources after the startup (e.g., CPU usage,
memory). The delay in starting the function and the resource usage come from the trace
analysis that the simulation users must provide. The Function Replica transitioned in
the meantime to the starting state and began the setup phase. The Function Replica
only consumes the base resources. As we describe in Section 4.2.3.2, faas-sim is not built
around a specific resource model but offers a resource state object that acts as storage.
For example, we can measure the function’s idle CPU usage, store it, and afterward
remove it. Further, the Function Simulator methods accept (among other arguments
not shown for conciseness) an Environment (i.e., env) argument, which gives access to
the resource state. In the setup life cycle phase, the container loads an AI model into
memory. The simulation models the delay of loading the model and claims resources
consumed by the AI model. After the setup phase, the replica is running and can be
invoked. In the real world, the function invokes the AI model with the request (e.g., an
image). However, in the simulation, the Function Simulator first claims resources that
are used due to the inference process and simulates the inference by waiting for the time
we derived from the traces, and afterward releases the resources. While this example
is kept simplistic on purpose, faas-sim users can implement sophisticated simulations
that model more complex aspects of a function. For example, the execution duration can
depend on the input (e.g., small vs. large input), and simultaneously, simulated resource
consumption can also rely on the input. To achieve this, a formula (either using profiled
traces or ML models) is needed that can estimate the execution time. In contrast, the
parameters of this formula can depend on the input size, resource usage based on the
input, etc. This allows the modeling of functions that use different resources (e.g., I/O,
CPU) based on the input and other factors. The resource modeling approach of faas-sim
is explained in Section 4.2.3.2, and we later show how it can be used to implement
complex multi-tenant scenarios in Section 4.2.3.2 and Section 4.2.4.1.

Eventually, we can stop the function replica. In the real world, we call docker stop, and
the container receives a signal to shut down (i.e., leads to the invocation of shutdown).
The Function Simulator ’s teardown method is called, and it waits for a specific time,
simulating the clean-up process, and then releases all resources.

The Function Simulator is flexible, and simulation users can adapt it to their needs. We
show in Section 4.2.4.4 how they can mimic the behavior of OpenFaaS functions.

Trace-driven performance modeling27

As mentioned, faas-sim is trace-driven and relies on the results of basic profiling bench-
marks that faas-sim then uses to model more complex behavior. Existing simulation
systems for edge and cloud computing, such as CloudSim [CRB+11] and its numerous ex-
tensions [GVDGB17, SOE17], use a performance model based on discrete values of CPU
instructions. The execution duration is calculated using the number of CPU instructions

27The trace-driven nature of the simulator has already been introduced in [Rau21].
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of a workload and the CPU’s instruction rate in instructions per second (IPS) [MK20].
However, it is difficult to accurately measure the number of CPU instructions of a
workload due to different CPU architectures; the same holds for the CPU’s instruction
rate. Further, the CPU speed varies significantly in the edge-cloud continuum [RAD18],
and functions do not only rely on the CPU speed but also on other resources, such as I/O.
Ultimately, even these approaches have to estimate or profile the number of instructions
of a function invocation and the CPU, similar to our profiling experiments. Leading us
to a trace-driven approach that can be facilitated using our Galileo framework.

In Section 4.2.3.2, we introduced the Function Simulator and showed which traces the
simulation can use during the simulation. The Invoke step of our example shown in
Figure 4.15 has a placeholder for determining the function execution time (FET), which
we want to elaborate on. Generally, we simulate FET using an oracle that determines the
FET based on the workload, the node executing the workload, and the current resource
utilization. We model performance and performance degradation by fitting functions on
the distribution of workload traces for a particular workload and compute device. During
simulation time, the oracle samples from the fitted distributions to determine the FET,
and the simulation system records how many requests are being executed in parallel.

While faas-sim is not tied to a specific performance model to determine FET and resource
usage, we want to show and evaluate the model that faas-sim ships with. To that end,
we first explain how we model resources of cluster nodes, and then how we use stochastic
performance models to simulate performance degradation and multi-tenancy.

Resource modeling28

Our resource model approach is based on traces gathered during workload and device
profiling experiments. Similar to our performance model, which is centered around the
execution time of one function invocation, the resource model allows us to describe the
resource usage of one function invocation. Based on the traces, we calculate a resource
vector representing the utilization of the following resources:

• ucpu: the CPU utilization,

• uio: the block I/O in bytes/sec,

• unet: the network I/O in bytes/sec,

• ugpu: the GPU utilization (if available), and

• uram: the RAM usage

Each resource represents the mean usage for one function invocation. We are using
telemd29, a lightweight telemetry daemon that continuously collects and publishes data.

28Initially conceived in the Master Thesis [Rai21] and later on partly presented in [Rau21].
29https://github.com/edgerun/telemd/

110



4.2. Serverless Edge Computing Simulator

Telemd enables fine-grained profiling on the container level (i.e., CPU, network & block
I/O, and memory). The GPU utilization is measured on the system level, and measures
must be taken to avoid interference. Details can be found in [Rai21]. The resource vector
can be subsequently claimed during Invoke step of the function simulator. Adding the
resources during each function invocation facilitates estimating performance degradation
in multi-tenancy scenarios, as shown in the following section.

Stochastic performance models30

Stochastic performance modeling embraces the fact that there is variance in the execution
duration of a task, even if the conditions appear equivalent. When performance degrades
because of concurrent execution of tasks and resource contention, not only does the
function execution duration increase, but the variance also increases. Modeling this
behavior is particularly relevant for systems that need to balance the load between workers.
There are two distinct scenarios: single-tenant performance degradation and multi-tenant
performance degradation. In the single-tenant case, only one type of workload is executed
on a node, and the performance degradation can be formulated simply as a function
of the number of concurrently executing processes. Details on the implementation of
the single-tenant scenario can be found in [Rau21]. In the multi-tenant case, multiple
workloads may require heterogeneous amounts of resources, which is much harder to
model.

Multi-tenant performance degradation Besides the single-tenancy case, which
is based on fitting simple parameterized distributions, we also explored an ML-based
approach to predict performance degradation occurring in multi-tenancy scenarios [Rai21].
Our approach is based on the previously described resource vectors that we assume to
have for each deployed function. We integrate this model as follows. At each function
invocation, we sample the execution duration based on the stochastic performance model
and collect the current resource usage afterward. The resource usage is used as input
to invoke our ML model, which returns the factor that worsens the performance. For
the final execution duration, we multiply the performance degradation factor by the
initially sampled duration. The input is based on the function requests being executed
at the moment and base resource usage as well as hardware accelerators (e.g., GPU).
The single-column vector has a fixed length of 34. It contains the sum, mean, standard
deviation, minimum, maximum, 25th, 75th percentile of CPU, GPU, network, and block
I/O usage, mean memory usage, and the number of running containers. The difficulty of
this approach lies in training a good model, which we describe in more detail and present
results in Section 4.2.4.1.

Network simulation31

A network simulation is fundamental to simulating interactions between nodes and
workloads within a serverless system. Network topology, capacity, and usage significantly

30Partly presented in [Rau21] (i.e., single-tenant model).
31Partly presented in [Rau21] (i.e., the flow-based network model).
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impact the performance of serverless systems, so having a reasonable simulation model
for networking is essential. Examples of interactions in our model where the impact of
networking is high include:

• downloading a Function Container onto a cluster node.

• transferring data from storage nodes to a Function Replica.

• transferring data between functions (e.g., request and response data).

Our network simulation is based on the network model of Ether [RLF+20]. Other
simulators such as ns-3 [HLR+08] or OPNET [Cha99], precisely model the low-level
interaction between network protocols and networking hardware, which differs from our
goal. Instead, our simulator implements a high-level network model on top of topologies
based around flows, representing data transfers between nodes through several links.
This way, we trade off fidelity for simulation performance.

The conceptual model of Ether is simple and has three core concepts that are relevant to
the network simulation: (a) node: a computing or storage device within the network; (b)
link: a connection between nodes in the network (e.g., a network card, a WiFi access point,
or a mobile network uplink), which has an associated data rate capacity (bandwidth); (c)
topology: a graph that models nodes and links as vertices and connections as edges
that can hold QoS attributes such as latency.

The model opens a flow flow through several connected networks links, i.e., a route, when
simulating data transfer. This is a very common model for simulating and reasoning over
networks [BG96, MR99, Kel97]. Our network simulation implements a simple shortest-
path routing through the topology and fair link bandwidth allocation across flows. When
simulating edge computing systems, more research is needed to determine the accuracy
of different bandwidth-sharing models, such as proportional fairness [MR99]. Further
details of the network simulation can be found in [Rau21, RRFD23].

Limitations Although the simulation model is straightforward, its accuracy in the
basic scenarios we have investigated is comparable to that of packet-level simulators like
ns-3, as shown in our evaluation of the network simulation accuracy in Section 4.2.4.3.
However, the simplicity of the model comes with some limitations. TCP congestion
control using additive-increase/multiplicative-decrease (AIMD) is known to converge
to an equal allocation of a contested link between flows [CJ89], our max-min fairness
allocation does not model the process of converging to that allocation, which takes time
and may affect the result of individual flow simulations. Also, TCP is known to have
degrading performance behavior when there are many parallel flows [Mor97], which still
needs to be explicitly handled in the current model. Moreover, the goodput of a flow
can be negatively affected by TCP packet loss, which is not simulated and likely harder
to implement since we do not simulate on the packet level. It is currently unclear to us
when and how such behavior would impact the conclusions drawn from simulation results,
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given that network conditions are often only one aspect of the systems that faas-sim
targets. For example, in the evaluation of Skippy [RRD21], an optimizing container
scheduler for geo-distributed scenarios, the network simulation played a significant role
in identifying network bottlenecks. However, aspects such as the workload execution
time or computational resource contention had a similar or higher impact, such that the
additional fidelity of modeling TCP loss rate, which Morris [Mor97] showed can range
from 1%-5% with 40-140 active TCP flows, would have no significant impact on the
overall result of the evaluation. To understand this more and to be able to generalize, we
invite the community to contribute baseline scenarios that can provide more evidence for
whether this type of fine-grained simulation is needed for edge system evaluations.

Fault modeling Faas-sim supports out of the box two common classes of faults in
distributed systems, specifically in the edge-cloud continuum: network degradation and
replica failure. The default network simulation configuration throws an error when
the bandwidth of a link is under a certain threshold. This simulates the exhaustion
of network connections that can quickly saturate in resource-constrained environments
(e.g., a Raspberry Pi 3 has a 100 Mbit/s bandwidth). Moreover, users can implement
methods that randomly shut down functions or make nodes unavailable. The flexible
Function Simulators can provide more fine-grained faults, such as resource exhaustion
during invocation. For example, a function invocation might consume too much memory
and cause the function and possibly others on the same node to shut down abruptly.

4.2.3.3 User-defined simulation scenarios

A simulation encapsulates the configuration and the runtime state of a simulation. It
requires two inputs: a Topology and a Benchmark which can be built using request
generators.

Topology The simulation takes an Ether [RLF+20] topology as an input parameter.
This enables users to generate network topologies in code and synthesize plausible
infrastructures. As we described in Section 4.2.3.2, Ether ’s fundamental concepts, which
are tightly integrated into faas-sim, are nodes, links, cells, and the topology. A node
represents a compute or storage device, and users can set the CPU and memory resources
and label it to expose any additional capabilities (e.g., hardware accelerators). Links
represent connections between nodes, such as access points, routers, and switches. Each
link can be configured to have a specific data rate capacity. Cells represent a group
of nodes, links, or other cells and help users to compose larger computing clusters.
Topologies represent these components’ graph representations and connect the nodes,
cells, and links.

faas-sim provides several Ether topologies for common edge computing scenarios out
of the box. These include: (a) an Industrial IoT scenario with distributed premises
and shared cloud infrastructure, (b) an urban sensing scenario based on data from the
Array of Things project [CBSG17] that connects distributed IoT nodes through mobile
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Internet, (c) a multi-region cloud scenario with several cloud data centers connected via
an Internet backbone. Users can use Ether to generate topologies for their scenarios,
but the pre-defined scenarios can serve as a baseline. These topologies have been used
to successfully evaluate edge computing resource management algorithms, as shown
in Section 4.2.4.

Benchmark The Benchmark is a container for simulation parameters and the workload
configuration to model a particular experiment scenario. Such scenarios could be: (1)
generate N sequential requests for function f ; (2) for t number of hours in simulation
time, generate requests for functions f1, f2, and f3 based on random workload patterns;
or (3) for t number of days in simulation time, create u number of workload generators
(representing users in the scenario generating requests) that generate requests for function
f in a sine-based workload pattern. faas-sim provides several such scenarios as examples
but will ultimately have to be provided by the user depending on their use case and
evaluation scenarios.

Specifically, the Benchmark is a SimPy process implemented in Python that prepares
the evaluation environment by preparing the different workload types and then generates
requests based on some logic. Simulation users must implement two methods: setup
and run. The setup method has access to the Environment, and users can initialize
objects, such as the container registry (i.e., register available images). The run method is
invoked to bootstrap the actual simulation scenario and start the workloads. Simulation
users can also deploy Function Deployments at this stage and use our request generators
to produce workload on the deployed functions.

Request generators faas-sim allows programmable workload generators to produce
realistic invocation patterns. These generators are located in the request-generator project
on GitHub32. They are composed of an arrival process and a workload pattern. The
arrival process determines the distribution from which the inter-arrival times, i.e., ∆t
between requests, are drawn. The request-generator offers as of now: constant/static
and expovariate processes. The workload pattern determines the average target requests
per second (rps) pattern at a given time. Several workload patterns are supported, such
as constant, sine, and random walk. Simulation users can combine the arrival process
and workload patterns freely. These tools allow the modeling and creation of dynamic
workload patterns and can simulate realistic ones. Moreover, faas-sim also supports files
that contain a list of inter-arrival times. This enables users to export workloads and
replay them, increasing the reproducibility of simulations and allowing users to model
workloads without our tool. Specifically, simulation users can take existing datasets
[tax18] or synthesize their own [KYMS20] and pre-process them into a list of inter-arrival
times our simulator supports.

32https://github.com/edgerun/request-generator/
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4.2.4 Evaluation
The evaluation consists of five parts: We showcase a selection of published works that
have used faas-sim and highlight their results. This shows the ability of faas-sim to be
used for the use cases shown in Section 4.2.2 and addresses the challenges introduced in
Section 4.2.1. In this thesis we select certain use cases and refer readers to [RRFD23] for
more.

Moreover, based on our resource and performance modeling approaches, we highlight
functions profiled included in faas-sim that can bootstrap scenarios without additional
experiments in Section 4.2.4.2. The high heterogeneity in terms of performance duration
of the traces emphasizes the necessity for stochastic models, as presented in Section 4.2.3.2.
Section 4.2.4.3 presents our network simulation experiments comparing results from Ether
with a testbed and ns-3 [RH10]. Section 4.2.4.4 shows the flexibility of our Function
Simulator approach. Lastly, Section 4.2.4.5 presents experimental results on the resource
usage of faas-sim for different scenarios.

4.2.4.1 Simulation use cases

This section showcases selected works using faas-sim for the use cases outlined in
Section 4.2.2.2. We highlight their approaches and results and reflect on the introduced
challenges. These works range from ML-based multi-tenancy performance models,
serverless orchestration strategies (including the evaluation aspects) and simulation
of different infrastructure topologies. This use-case-based evaluation also shows that
faas-sim tackles the simulation challenges.

Application performance estimation In [Rai21], we introduced a novel performance
degradation prediction approach that estimates the performance degradation factor based
on the current resource usage. This approach models the impact that multi-tenancy has
on performance. The ML-based approach was developed by executing various functions
(e.g., AI inference, CPU-heavy) on various devices (e.g., Raspberry Pi 4 to an Intel NUC).

Figure 4.16a shows the results of these experiments as boxplots, where the performance
degradation is the factor of increase in contrast to the mean execution duration. Due to
hardware limitations, not all functions were executed on all devices (e.g., on the Rock Pi
only a few can run). Besides the performance degradation, we also measured the resource
usage to create a resource vector for each function. The resource vectors are, in turn, used
to pre-process the ML model’s input. The input is a vector describing the current resource
usage based on the function requests being executed at the moment and base resource
usage, as well as hardware accelerators (e.g., GPU). The single-column vector has a fixed
length of 34. It contains the sum, mean, standard deviation, minimum, maximum, 25th,
75th percentile of CPU, GPU, network, and block I/O usage, mean memory usage, and
the number of running containers. During the simulation, we determine which functions
are currently being executed on each node and use the associated resource vector we
presented in Section 4.2.3.2 to form the input. We used TPOT [OM19], an AutoML tool,
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Figure 4.16: Performance degradation in real-world experiments and in simulation [Rai21].

to find a suitable ML pipeline, and validation results have shown good performance (i.e.,
the mean absolute error ranged from 0.02 to 0.09).

The model’s accuracy shows that our resource model can be used to integrate sophisticated
approaches to estimate the impact of multi-tenancy. Thus, it allows users to get reasonable
estimates for their application performance through simulations and shows that faas-sim
can support high configurability simulations by extending the core resource model. A
limitation of this work is that it has to be investigated how well it generalizes to new,
unseen functions, as the training and evaluation focused on a limited set of functions.
Moreover, we trained an individual model for each device, thus increasing the effort to
include new devices as they would need to be profiled accordingly.

Evaluating serverless orchestration approaches Evaluating serverless orchestra-
tion approaches is challenging on real-world testbeds, given the complexity of experiments
necessary to draw generalized conclusions about the performance of such approaches.
Simulation tools like faas-sim that can easily generate variations of computing infrastruc-
ture and workload patterns allow much more meaningful evaluations. The simulation
should be able to mimic the spatio-temporal context of real-world applications. That
is the distance between the request origin and the execution location and the varying
request patterns over time. faas-sim has been used to evaluate different orchestration
approaches, ranging from optimization-driven approaches that avoid performance in-
terference and decrease performance degradation due to multi-tenancy [Rai21] to the
evaluation of load balancer placement [Pal22]. Scheduling of data-intensive applications
[RRD21]. Specifically, the results of [Rai21] used the performance degradation caused
by multi-tenancy as a key performance indicator, as shown in Figure 4.16b. The figure
shows different function orchestration approaches (i.e., All, GA, Skippy, and Vanilla)
representing different scheduler configurations. Using the performance degradation model,
simulation users can estimate the efficacy of their orchestration strategy to avoid this in
multi-tenancy situations. In [Pal22], we have evaluated different load balancer placements,
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thus focusing on the spatio-temporal context caused by varying request patterns arriving
at the load balancer instances. We implemented a scheduling and scaling strategy to
spawn load balancer instances dynamically and evaluated the function execution time
with different configurations.

To summarize, faas-sim can evaluate different serverless orchestration strategies and, in
combination with Ether ’s topologies, considers spatio-temporal context. This is normally
very difficult given the many parameters of the infrastructure and the environment that
would have to be tuned to draw generalizable conclusions from experiments on real-world
testbeds. Therefore, updating the models is advisable when adding new devices or
functions.

Resource planning Resource planning helps platform designers and providers estimate
their system’s ability to handle different applications on a given infrastructure. It lets them
plan before buying expensive hardware by simulating scenarios with varying hardware
configurations. faas-sim has been used to conduct simulations on various infrastructure
configurations that ranged from the cloud, industrial IoT, and Smart City infrastructures
[RRD21], and on a range of infrastructures with different compositions of available
hardware ranging from small factor computers to cloud-like servers [Rai21]. In both
works, faas-sim was able to estimate the impact different hardware configurations had
on the platform, and through the programmable scenario definition, various topologies
were automatically created. Specifically in [Rai21], the authors extended the simulation
and Ether by generating random topologies based on probabilities (i.e., users can specify
how many nodes have an Intel Xeon or Intel i5 CPU equipped, etc.). Moreover, in
[RRD21], we presented an initial evaluation of the Skippy scheduling system that is also
used by default in faas-sim (see Section 4.2.3). Skippy introduces several soft constraints
(scheduling functions) that are designed to help the scheduler make better container
placement decisions in edge computing scenarios. Using faas-sim, we were able to show
that the placements that Skippy makes lead to more scalable application deployments
across different scenarios.

4.2.4.2 faas-sim traces

We presented in Section 4.2.3.2 and Section 4.2.3.2 faas-sim’s resource and performance
model, respectively. In the following, we want to highlight traces included in faas-sim
and ready to use. The traces are split into performance (i.e., mean FET per invocation)
and resources (i.e., resource usage per invocation). Table 4.2 shows our testbed, which
contains a variety of typical edge devices. It includes modern embedded AI devices (i.e.,
Nvidia’s Jetson series33), to resource-constrained Single Board Computers (i.e., Raspberry
Pi, Rock Pi), and a PC with an Nvidia GPU (i.e., Xeon (GPU)). We collect traces from
the following functions.

33https://www.nvidia.com/en-us/autonomous-machines/embedded-systems/

117



4. Testing And Simulating Serverless Edge Computing

Device Arch CPU RAM Accelerator Storage

Xeon (GPU) x86 4 x Core Xeon E-2224 @ 3.44 GHz 8 GB Turing GPU - 6 GB SSD
Intel NUC x86 4 x Intel i5 @ 2.2 GHz 16 GB N/A NVME
RPi 3 arm32 4 x Cortex-A53 @ 1.4 GHz 1 GB N/A SD Card
RPi 4 arm32 4 x Cortex-A72 @ 1.5 GHz 1 GB N/A SD Card
RockPi aarch64 2 x Cortex-A72, 4 x Cortex-A53 2 GB N/A SD Card
Coral DevBoard aarch64 4 x Cortex-A53 1 GB Google Edge TPU eMMC
Jetson TX2 aarch64 4 x Cortex-A57 @ 2 Ghz 8 GB 256-core Pascal GPU eMMC
Jetson Nano aarch64 4 x Cortex-A57 @ 1.43 GHz 4 GB 128-core Maxwell GPU SD Card

Jetson NX aarch64 6 x Nvidia Carmel @ 1.9 GHz 8 GB 384-core Volta GPU
48 tensor cores SD Card

Table 4.2: Device type specifications

Function Jetson NX Jetson Nano Jetson TX2 Xeon (GPU) Intel NUC RockPi 4 RPi 4

Fio 13.77 19.64 4.31 1.14 1.12 21.99 27.81
Mobilenet Inf. TFlite 0.33 0.45 0.33 0.28 0.28 0.52 1.28
Python Pi 0.83 0.75 0.55 71.59 0.25 0.92 23.59
Resnet50 Inf. CPU 0.51 0.93 0.74 0.17 0.16 1.38 2.91
Resnet50 Inf. GPU 0.39 0.73 0.39 0.13 × × ×
Resnet50 Preprocessing 6.08 7.95 6.39 2.66 2.53 7.65 19.5
Resnet50 Train CPU × × × × 197.45 × ×
Resnet50 Train GPU 142.0 847.17 228.12 32.13 × × ×
Speech Inf. GPU 1.65 4.54 3.31 0.75 × × ×
Speech Inf. TFlite 2.68 3.89 3.44 1.08 1.06 3.82 6.75
TF GPU 1.17 0.62 1.89 0.37 × × ×

Table 4.3: Function traces included in faas-sim. Shows the mean FET in seconds over
100 requests.
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• AI-based object classification inference and training (i.e., Resnet50 [HZRS15],
Mobilenet [HZC+17])

• AI-based speech-to-text inference (i.e., DeepSpeech [HCC+14])

• Matrix multiplication using Tensorflow [ABC+16]

• A Python-based function that calculates Pi

• I/O heavy workload (i.e., Fio34)

TensorFlow offers two implementations: one that targets inference on resource-constrained
devices (i.e., TFlite35) and the regular TF2 distribution36. We perform inference and
training using TF2 on GPUs and inference using TFLite. Table 4.3 shows the average
FET in seconds over 100 requests for each device. Note that × means the function has
not been profiled on that particular device. This can have two reasons: the execution
mode is not supported (i.e., because the device does not have a hardware accelerator), or
the execution failed (e.g., due to low resources). The average CPU and RAM usage per
request across all devices is shown in Figure 4.22. This figure shows that resource usage
vastly differs across devices. Note that the Resnet50 Train CPU has only been executed
on the Intel NUC.

These traces enable our performance and resource modeling approaches.

4.2.4.3 Network simulation evaluation

As we described in Section 4.2.3.2, Ether, the network model underlying faas-sim, uses a
flow-based model to simulate data transfer between nodes, as opposed to a packet-level
simulation like ns-3. This trades off fidelity (the ability to simulate network QoS like
packet loss) against performance (running simulations faster).

To that end, we demonstrate our networking simulation a) produces similar results to
ns-3 when simulating node-to-node transfer of data that is characteristic of data-intensive
serverless edge computing workloads [RRD21] (at least in simple scenarios), and b)
accurately replicates real-world geo-distributed network scenarios such as the cloud
testbed used in the evaluation of EMMA [RND18].

We should note that these experiments do not yet provide conclusive evidence that
any edge computing networking scenario can be accurately modeled with Ether and
faas-sim or that the reduced fidelity provides good enough results for all scenarios. As
we argued in Section 4.2.3.2, and as we show in the evaluation, the extra fidelity may not
be necessary to draw meaningful conclusions for the systems that faas-sim targets. That
said, more evidence is needed to generalize this statement. Specifically, more experiments

34https://fio.readthedocs.io/en/latest/fio_doc.html
35https://www.tensorflow.org/lite
36https://www.tensorflow.org/
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Figure 4.18: Testbed used for basic node-to-node data transfer experiments.

are needed to show how simulation accuracy behaves in scenarios where many flows
compete for scarce networking resources for prolonged periods of time.

Comparison to packet-level simulation We first want to understand whether our
flow-based network simulator can accurately replicate basic scenarios of node-to-node
data transfer, which is typical in serverless edge computing systems like the ones presented
in [RHM+19, RRD21]. This includes transmitting individual images for ML inference,
video files over Internet uplinks, or pulling container images from worker nodes.

Methodology To that end, we run these basic scenarios on a real-world testbed with
an emulated network topology. Then, we replicate the scenarios first on the baseline
packet-level simulator ns-3 and compare it to running the experiments on our simulator.

Figure 4.18 shows the testbed setup and also indicates which devices act as servers and
clients. Our testbed consists of three Raspberry Pi 4, two Raspberry Pi 3, an unmanaged
network switch, and one EdgeRouter X. We model the network topology in ns-3 and Ether
and execute the experiments in each simulator and on the testbed. Transferring data
via HTTP is one of the main use cases in our simulation, as described in Section 4.2.3.2,
so our experiments build on these technologies. Specifically, the scenarios consist of an
Apache HTTP server and multiple clients downloading files using the HTTP client curl.
The file size varies between experiment runs and is based on real-world observations:

• 1MB: the median size of a graphical image from a desktop web page (as of February
2023) [htt].

• 10MB: 90th percentile size of a video on the Internet [htt].

• 200MB: represents a Docker container image that contains a serverless function
workload.
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Figure 4.19: Results of basic data transfer scenarios on testbed, ns-3, and Ether.

We perform two types of experiments we label seq and par. The seq experiment tests
one client downloading a file from one server (i.e., one flow over one link). The par
experiment tests the network behavior of multiple clients downloading the file in parallel
from the same server (i.e., multiple flows over one link). We perform each experiment run
with one or multiple clients downloading one file from the same server and repeat this
procedure 400 times. However, due to ns-3’s deterministic behavior, we only executed
each experiment once.

Results Figure 4.19b and Figure 4.19c show the relative error between the average
download duration measured on the testbed and from the simulations. Specifically, we
collect the duration of each download from each client, and the figures aggregate the errors
across all four clients (i.e., two Raspberry Pi 3 and two Raspberry Pi 4). Figure 4.19b
shows that the relative error of the Seq experiments is relatively low. ns-3’s variance
with the 1 Megabyte file is high because it could simulate the Raspberry Pi 3 client
accurately (i.e., 1.06% error), while the simulation error of the Raspberry Pi 4 was 28%.
In contrast, the experiments with 10 Megabyte file size are reversed, and the Raspberry
Pi 4 simulation was more accurate. However, the error of Ether stays under 7% across
file sizes.

Figure 4.19c shows the relative error of the Par experiments which shows that the relative
error can be high with increasing file sizes. However, both simulators show similar
errors, whereas NS-3 is more accurate than Ether. We think this high error rate in the
parallel experiments is mainly caused due to the testbed’s components (i.e., Raspberry
Pis) and the fast network congestion. Both simulators do not model or consider the
performance or hardware and, therefore, can not accurately reflect the low performance
of the resource-constrained devices. Figure 4.19a shows that both simulators produce
similar and steady results, but the durations measured on the testbed vary greatly.
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Figure 4.20: of-watchdog execution modes

4.2.4.4 Flexible platform design

In the following, we show Function Simulators implemented in faas-sim. Specifically, they
model OpenFaaS’ reverse proxy (of-watchdog37), which acts as the base to implement
functions in OpenFaaS. To implement a function in OpenFaaS, users implement a handle
function that is called through a Go-based reverse proxy (i.e., of-watchdog). The execution
mode of the reverse proxy determines how it invokes the handle function. We focus on
two execution modes and assume the function is implemented in Python. Figure 4.20
shows the HTTP and Fork execution modes.

The HTTP execution mode starts a Flask HTTP server and redirects each call to this
server. The HTTP server internally uses a queueing mechanism with a pre-defined set
of workers that call the Handler Function [BMS20]. The Fork execution mode forks
for each incoming request a new Python process that executes the Handler Function.
The HTTP execution mode can cache expensive resources shared among the workers.
The Fork mode is computationally more expensive and incurs higher latency because it
starts a new Python process for each request. The following shows how these two modes
are implemented in faas-sim as Function Simulators. The classes are HTTPWatchdog
and ForkingWatchdog and extend the Watchdog class. The three (simplified) classes
are shown in Figure 4.21. The HTTPWatchdog initializes during setup a SimPy queue
and allows up to a user-defined number of concurrent requests. The invocation waits
for a free worker, claims resources, executes the function, releases the resources, and
frees the queue. Simulation users must implement the methods that model the function
execution and resource usage. The ForkingWatchdog invokes the user’s supplied
methods. It is up to the simulation users to simulate the creation of the Python process
accurately and also consider that function invocations may fail if there are too many
because of resource exhaustion. However, this example shows the flexibility of faas-sim’s
core simulation component, the Function Simulator, and its ability to mimic real-world
behavior realistically.

37https://github.com/openfaas/of-watchdog
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HTTPWatchdog
def setup(env):

    # create worker queue, with length of 4

    self.queue = simpy.Resource(env, capacity=4)

def invoke(env):

    # wait till worker is free


token = self.queue.request()
yield token

# claim resources for function invocation
yield from self.claim_resources(env)

# execute request, method is abstract and

# users must implement it
yield from self.execute(env, req)

# release resources
yield from self.release_resources(env)

# free worker
self.queue.release(token)

ForkingWatchdog

def invoke(env):

   # claim resources for function invocation


yield from self.claim_resources(env)

# execute request, method is abstract and

# users must implement it
yield from self.execute(env, req)

# release resources
yield from self.release_resources(env)

Watchdog

def teardown(env, replica):
    while (self.inflight_requests() != 0):
       yield env.timeout(self.teardown_wait_interval)
    yield env.timeout(0)

Figure 4.21: Classes implementing OpenFaaS’ watchdogs.

4.2.4.5 faas-sim resource usage

Lastly, we want to demonstrate that faas-sim is sufficiently performant to simulate long-
running scenarios even on developer machines. Moreover, understanding the resource
usage of faas-sim helps when using faas-sim as a co-simulator in a system to make
runtime decisions.

To that end, we execute a series of experiments to evaluate the resource usage of the
simulator in terms of CPU, memory, and execution run time. Specifically, we model a
Smart City topology with 15 edge clusters and one cloud cluster. Each computing cluster
has one client (i.e., Intel NUC) and multiple devices (i.e., Xeon, Jetson TX2, Nano, and
NX). This allows us to observe the resource usage over time. Each client sends up to
100 requests per second with a constant workload, and we deploy 30 function replicas of
the aforementioned Resnet50 Inference CPU function. However, the number of requests
each client sends differs 100, 1000, and 2500. The total requests sent across the system
are 1500, 15000, and 37500, respectively. We simulate these scenarios using the traces
(i.e., FET and resource usage) shown before and deactivate the Resource Monitor for
these experiments as our system does not use the resource metrics gathered during the
simulation. The simulations are started natively (i.e., using Python), and the test host
has 32GB RAM and an i7 7700K@4.2 GHz with four cores (and eight threads).

Each scenario is executed five times, and Figure 4.22 shows the CPU and memory usage
of the host. Before conducting the experiments, we measured the baseline consumption
of the host and only show the isolated memory usage of the simulation. The CPU
results contain other processes, but due to Python’s single-threaded execution model,
the simulation constantly uses 100% of one CPU core (i.e., 13% relative to all available
threads).

Memory usage increases over time and can reach up to 2GB during the simulation,
which lasts over 8 minutes. While this seems problematic, we show in the following
that the resource usage is constant with a few adjustments. Figure 4.23 shows the
scenario in which each client sends 2500 requests. Contrary to the other experiment
runs, we deactivated the logging framework (i.e., Metrics) and saw that the simulation’s
memory usage is much lower and grows more slowly. We also provide an optional logger
implementation that continuously writes the internal data structures to disk and removes
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(b) 1000 requests per client.
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(c) 2500 requests per client.

Figure 4.22: CPU and RAM usage over three different experiments

the old ones, thus avoiding the memory increase observed in the results.
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Figure 4.23: CPU and RAM usage with 2500 requests per client but no logging.

4.2.5 Related Work

4.2.5.1 Specialized high fidelity simulators

Some simulators were implemented exclusively for evaluating a new orchestration strat-
egy [LMFK23]. Similarly, particular simulations aim at near-identical outcomes as the
ground truth for specific system components. For example, Eismann et al. introduce
Sizeless for predicting memory-related configurations to cut client costs and improve
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provider resource efficiency [EBG+21]. Later, Lin et al. propose formally modeling FaaS
applications to aid the implementation of an accurate cost model [LMFK23].

The downside is that specialized simulators are costly and more dependent on their
intended platforms and applications. Worse, in work where the simulator is not the
contribution and is only a necessary side product, it may not generalize well outside its
intended scope. Consequently, we provide default implementations that simulation users
must populate with realistic traces to cover various applications and platforms. Since
the components are interchangeable, it is possible to incorporate arbitrary methods for
performance and resource modeling.

Importantly, this design decision allows faas-sim to retain relevancy as the state-of-the-art
evolves and promotes a streamlined research directive.

4.2.5.2 General edge-cloud simulations

Sphere [FCFMJ+20] is an extension of the SCORE [FCFMJ+18] simulator. Sphere aims
to enable the implementation of topology- and orchestration models for edge computing
and fast-paced simulation. They evaluate different platform architectures and cover
many aspects of the edge-cloud continuum. However, a drawback they state to solve in
future work is that their code needs to be more easily extendible. In contrast, faas-sim
simulation users are encouraged to extend and modify the simulation. Wang et al.
[WLL+21] present their open-source simulation platform SimEdgeIntel. The authors
want to offer a simulation tool with a low entry barrier to implement new resource
management strategies for Edge Intelligence due to the cross-platform and cross-language
support. Their system model focuses on device-to-device (D2D) communication and
considers network handovers in the simulation. Alwasel et al. [AJH+21] present IotSim-
Osmosis, an extension of CloudSim to model and simulate IoT applications across the
edge-cloud continuum. They envision a multi-layered architecture comprising IoT, edge,
cloud, and software-defined wide area networks (SD-WAN). Their simulation supports a
variety of communication protocols. The tool also supports custom policies to control
components (i.e., task scheduling and routing). IotSim-Edge [JAA+20] also extends
CloudSim and provides entities to model different edge-cloud aspects, such as mobility,
energy consumption and IoT protocols (e.g., CoAP) and network protocols (e.g., 4G).
The simulation scenarios heavily focus on IoT applications (e.g., stream processing) and
offer a GUI to create scenarios. IotSim-SDWAN [AJH+20] focuses on providing accurate
network simulations for edge-cloud systems. Specifically, they enable software-defined
wide area networks (SDWAN) modeling and introduce a system model to replicate
edge-cloud networks realistically.

The simulators above aim to simulate different application scenarios and their concepts.
However, faas-sim can integrate concepts of them, such as focusing on IoT protocols.
Therefore, the focus of this work is dedicated serverless simulations.

125



4. Testing And Simulating Serverless Edge Computing

4.2.5.3 Serverless simulations

To compare existing serverless simulators, Table 4.4 summarizes whether and to what
extent they support the six use cases identified in Section 4.2.2.2. A ✓, ∼, and × indicate
full, partial, or no coverage, respectively. We consider a feature partially covered when the
work only provides rudimentary support (e.g., no support for fine-grained customization)
or when it seems technically possible to cover the feature through manual extension.

SimLess by Ristov et al. [RHHP22] introduces abstractions for performing numerous
experiments in various conditions without requiring extensive parameter configurations.
Although SimLess considers heterogeneous environments and supports performance
modeling for client programmers, it does not provide an interface to implement execution
models for function invocation. Additionally, it does not support resource planning and
serverless orchestration strategies to facilitate research on serverless platforms.

Mastenbroek et al. [MAJ+21] re-design and extend OpenDC [IAVB+17] to support
serverless computing. The low-level nature of OpenDC naturally provides interchangeable
interfaces but incurs higher complexity. SimLess and OpenDC contrast with each other.
While SimLess focuses on client programmers and trades reduced configuration complexity
with less flexibility, OpenDC focuses on platform providers with powerful modeling tools
for highly configurable simulations of data centers. Additionally, the former focuses on
client programmers, and the latter focuses on platform providers with powerful modeling
tools for highly configurable simulation of data centers. FaaS-sim provides a middle
ground between SimLess and OpenDC to support client programmers and platform
providers by providing interchangeable high-level abstractions.

Jeon. et al., introduce DFaasCloud [JCSY19] as an extension of CloudSim [CRB+11].
We consider their work a proof-of-concept since their serverless support is rudimentary,
and simulating complex workloads is infeasible. Moreover, the official repository did not
see any contributions after its initial release. SimFaaS by Mahmoudi and Khazae [MK21]
aids client programmers and platform providers estimate costs. Nevertheless, other than
extensively covering cost prediction, it has several limitations. First, it explicitly only
supports the scale-pre-request pattern, i.e., simulations with resource-based or concurrency
value scaling are impossible. Second, focus on existing public cloud providers. In contrast,
faas-sim is not limited to existing cloud platform providers by supporting simulations for
hybrid edge-cloud environments and allowing simulation users to implement arbitrary
serverless function orchestration strategies.

Lastly, we considered the work by Bhardwaj et al. [BB22]. and Manner et al. [MEBW21].
The former introduces KubeKlone [BB22], a simulation-based framework based on
uqSim [ZGD19] focusing on a simulator to train AI-based operations for microservice
deployments. The latter introduces a simulation tool for client programmers to find
suitable configurations by quickly permuting various parameters. Nevertheless, they do
not associate any open-source repository with their work.

To summarize, the main differences between faas-sim and the simulators presented in
Section 4.2.5.2 and Section 4.2.5.3 are:

126



4.2. Serverless Edge Computing Simulator

Table 4.4: Comparing simulators supporting serverless abstractions
SimLess OpenDC 2.0 DFaaSCloud SimFaaS faas-sim

Application Performance Estimation ✓ ✓ ✓ ✓ ✓
Performance Modeling ∼ ✓ ∼ ∼ ✓
Resource Planning × ✓ ✓ × ✓

First-class Serverless Orchestration × ∼ ∼ × ✓
Co-Simulation Driven Orchestration × ∼ × × ✓

Edge-Cloud Continuum × × ✓ × ✓
Simulation Configurability Medium High Low Low Low-High

Topology Generation × UI JSON, UI × Code[RLF+20]

• Simulation focus: our system model resembles serverless computing and allows
users to evaluate serverless edge platforms. The previous works do not always
replicate a specific platform architecture (e.g., general edge-cloud simulations).

• System models: faas-sim aims to provide a playground for researchers and practi-
tioners, allowing them to introduce new models based on our foundation and does
not expect a specific resource model.

• Application simulation: to the best of our knowledge, our Function Simulator
approach is a novel way of modeling applications and gives simulation users great
flexibility. Others only allow users to specify the number of instructions required
(e.g., CloudSim-based simulations) or only need the application duration (e.g.,
SimFaaS [MK21]).

• Serverless Function Orchestration Strategies, including request routing, scaling,
and scheduling of function instances, are only modeled as first-class citizens in
faas-sim. Inevitably, this also impacts the ability of the simulators to be used in
co-simulation-driven orchestration strategies. Specifically, SimFaaS and SimLess do
not allow simulation users to specify the function orchestration implementations,
DFaaSCloud allows custom function schedulers but does not outline customization
of the scaling component, and OpenDC 2.0 appears to only allow users to select
the function scheduler and request routing implementations. However, not the
autoscaler implementation [SK22].

• Co-simulation-driven Orchestration we consider OpenDC 2.0 and DFaaSCloud only
partially fulfilling this criterion, as they allow us to inject custom orchestration
components to some extent. Contrary to that, faas-sim not only enables users
to customize the three major orchestration strategies, but it also uses the skippy-
scheduler internally that works the same way the default Kubernetes scheduler
does, thus allowing users to easily optimize scheduling approaches and apply them
in the real world.

• Simulation Configurability is based on the parameters that simulation users can
tweak. For example, SimFaaS and DFaaSCloud offer only high-level parameters
that describe the general characteristics of the deployed functions (e.g., arrival rate,
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execution duration, etc.). SimLess takes a different approach by observing the
execution of functions on public cloud platforms and using the measurements to
feed the simulation. OpenDC 2.0 has a high level of configurability as users design
the data centers from the ground up and can tweak any aspect, which holds for
faas-sim as well as the topology creation considers hardware characteristics but
leaves it up to the simulation users to incorporate these details in the simulation.
Therefore, faas-sim also allows performing simulations without much configuration,
similar to DFaaSCloud and SimFaaS. Moreover, OpenDC 2.0 tries to model data
centers on a very fine-grained level while faas-sim tries to model serverless edge
platforms.

• faas-sim is the only one with first-class citizen support for generating topologies
based on code. OpenDC 2.0 gives users an interface where they can manually create
the layout of a data center, while DFaaSCloud offers an existing GUI and accepts
JSON as input. SimFaaS and SimLess do not allow any topology modeling.

4.2.6 Summary of Serverless Edge Computing Simulator
Serverless edge computing is an emerging platform paradigm that extends the promising
serverless computing paradigm. These paradigms abstract the infrastructure from
developers and promise cost-efficient deployment through autonomous management.
However, serverless computing platforms are cloud-centric and have yet to adapt to the
emerging edge-cloud continuum. Combining all resources and enabling function execution
across the continuum requires novel platform ideas that move away from the cloud-centric
design and distributed and decentralized control and data plane. We identified two
main tasks that each serverless edge computing platform has to implement: platform
architecture and serverless function orchestration strategies. The edge-cloud continuum
deepens the complexity of implementing them and differentiates them from cloud-centric
platforms. To this end, we presented faas-sim, an open-source trace-driven discrete-
event Python simulator that can support researchers and practitioners in developing and
evaluating serverless edge computing systems. Our evaluation demonstrated that faas-sim
is usable in a wide range of scenarios out of the box while allowing users to extend and
modify it to their use case. We have shown that our networking simulation provides similar
results to state-of-the-art packet-level simulators such as ns-3 and in an evaluation using a
cloud testbed setup. However, these results do not necessarily generalize to more complex
scenarios or imply that any scenario can be accurately modeled. More experiments
are needed to show the accuracy of the network simulation in complex scenarios. Our
trace-driven resource modeling approach for simulating workloads provides a flexible
and accurate framework for modeling various workloads and heterogeneous computing
platforms. While we have evaluated it using the herein presented functions, our single-
tenancy and multi-tenancy approaches should be re-evaluated when adding new devices
and functions or including new simulation aspects. faas-sim has been used successfully in
several publications to evaluate different systems aspects, from scheduling performance
comparisons to simulating large-scale distributed edge computing infrastructure to using
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faas-sim as a co-simulator to optimize system parameters at runtime. faas-sim is part of
the Edgerun project, an ecosystem of tools to help advance the research of edge-cloud
system challenges. The simulator users can use these tools to automatically integrate
their testbeds and profiling experiments to gather trace data for their simulation scenarios.
In future work, we want to explore embedding faas-sim into the control loop of operating
serverless systems. With a high-performance trace-driven simulator, we can incrementally
build a digital twin of the real infrastructure and use trace data from real workload
execution to refine the simulation model at run-time. The simulator can then be used as
an engine to evaluate placement or scaling decisions stochastically.

4.3 Summary
This chapter has presented our end-to-end framework for testing Serverless Edge platforms
in Section 4.1 and our simulator faas-sim in Section 4.2. Both work on similar domain
models that allow us to transfer the real-world state into the simulation and unify them
to build a self-adaptive platform. In the following chapter, we will demonstrate how we
can utilize optimization methods to bootstrap orchestration parameters and tune them
during runtime.
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CHAPTER 5
Self-Adaptive Serverless Edge
Computing using Simulation

This chapter explores methods for building a self-adaptive platform using simulations.
Section 5.1 presents our approach to tuning autoscaler thresholds during runtime using
an optimization method. The approach uses our previously presented testing framework
and simulation tool, which we combine and use to evaluate our runtime tuning approach
on a real-world edge-cloud testbed. Section 5.2 explores a simulation-driven approach
of generating synthetic datasets to train a prediction model for autoscaling, for which
we introduce our novel domain model that captures the heterogeneity of the edge-cloud
space.

Section 5.1 was first presented in [RND24], and Section 5.2 was first presented in a paper
that has been accepted at IC2E 20251.

5.1 Simulation-based Runtime Autoscaler Parameters
Adaptation

Serverless Edge Computing is growing in popularity, and while commercial providers are
starting to offer edge-oriented products, much research is still being done on orchestrating
functions (e.g., autoscaling). These approaches range from threshold- to AI-based
strategies and support various Service Level Objectives (SLOs), such as Round-Trip-
Time (RTT) and resource usage. However, the Quality of Service (QoS) continuously
deteriorates due to the dynamic edge-cloud continuum and static parameterization of
orchestration strategy parameters. Platforms must adapt the orchestration parameters

1Philipp Raith, A. Furutanpey, N. Lukic, V. Thurimella, S. Nastic, "EdgeCloudForge: Simulation-
Driven Synthetic Dataset Generation For Proactive Serverless Edge Function Autoscaling", Accepted -
IC2E 2025
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during runtime to counteract this drift that causes SLO violations. To this end, we
introduce the Orchestration Parameter Optimization Problem (OPOP), which aims to
find parameters for orchestration strategies to minimize SLO violations. We propose a
novel self-adaptive Simulation-based Scaling (SimuScale) approach that uses co-simulation
to solve OPOP for autoscalers during runtime. SimuScale uses live monitoring data
to feed the simulation and perform parameter optimization. Our Proof of Concept is
integrated with Kubernetes and evaluated on a real-world edge-cloud testbed. While
this work focuses on a threshold-based autoscaler, it can be extended to optimize
other orchestration components (e.g., schedulers). Our experimental results show that
SimuScale finds parameters that decrease RTT SLO violations between 15% and 40%.
SimuScale also can reduce resource usage by 29.87% while maintaining the target 95th
RTT percentile. Moreover, it can reduce variance caused by different request patterns,
making orchestration strategies more resilient in realistic scenarios.

5.1.1 Introduction
Serverless Computing promises to prevent customers from manually managing function
deployments by autonomously orchestrating function instances in response to incoming
requests. Serverless Edge Computing [NRF+22, GND17] can be a key enabler for emerging
application paradigms, such as Edge Intelligence [DZF+20], that require all resources in
the edge-cloud continuum to work together [ZCL+19, RD21]. Serverless platforms build
on orchestration strategies to autoscale function instances, schedule them, and route
requests from clients. Orchestration strategies adapt functions to satisfy operational goals,
such as service level objectives (SLOs), which include user- and platform-oriented ones.
For example, users want low latency response times to reduce cost and satisfy function
requirements. Platform providers try to satisfy customer SLOs and avoid penalties. At
the same time, they aim to achieve high resource efficiency, making it challenging to
balance between customer and platform provider goals.

Research in orchestrating deployments has been extensively discussed and evaluated in
the literature. Autoscaling has evolved over the years, from grid computing to cloud
computing, and nowadays moves towards the edge [ATC+21, RND23]. However, an
issue that remains is finding appropriate parameters and drifting orchestration strategies.
Proper parameterization of orchestration strategies, in general, is challenging. Autoscaling
strategies can use various optimizations, ranging from heuristic- , threshold-, to AI-
based, etc. [RND23]. Which can focus on different aspects, such as reducing data
movement [RRD21], guaranteeing response times [LKM+22], or reducing resource usage
[RRD+22]. However, the optimal performance of those strategies is bound to the proper
parameterization, which depends on the environment (e.g., infrastructure, deployed
functions, client request patterns, etc.) [SG19, RRD21].

Straesser et al. [SGvK+22] present several challenges for autoscalers in production,
and one is finding optimal parameters, which can become increasingly complex with
different approaches. Al et al. [AHSS13] show the impact of the varying CPU threshold
for autoscalers on cost and performance. Calzarossa et al.[CMT20] conclude that the
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performance of autoscalers depends on the configurations, which in turn is affected by
the request patterns, giving reason to adapt configurations during runtime. Especially in
Serverless Edge platforms spanning multiple geo-distributed clusters, request patterns
can vary from one to another. For example, the Shanghai Telecom dataset [GWZ+20,
WGZ+21, LZMW22], which contains real-world mobile user request patterns, shows a high
variance of concurrent users over time, causing Orchestration Strategy Drift. Therefore, an
open challenge is putting orchestration strategies into production and finding parameters
to satisfy operational requirements during runtime to avoid Orchestration Strategy Drift.

These drifts are analogous to the concept of Concept Drift, established in Machine
learning operations (MLOps) [KKH23]. Concept Drifts occur when the input changes
over time and AI models need to be retrained. A common indicator is a decreasing
model performance. In the same way, we observe increasing SLO violations due to
outdated orchestration parameters as request patterns and environments change. To find
appropriate parameters and prevent this drift, we introduce the Orchestration Parameter
Optimization Problem (OPOP), which tries to minimize SLO violations by updating
orchestration parameters during runtime.

To this end, we introduce a self-adaptive Simulation-based Scaling approach (SimuScale)
that can efficiently tune orchestration strategy parameters during runtime. It uses a
trace-driven open-source simulator faas-sim [RRFD23] to run the optimization process
of finding autoscaling parameters and solving OPOP. SimuScale is implemented as Proof-
of-Concept (PoC) that works in tandem with Kubernetes. The Co-Simulation allows us
to evaluate new orchestration strategy parameters efficiently, thus enabling parameter
optimization. It uses live monitoring data to replicate the state of the real-world system
as closely as possible and can then use optimization techniques to find appropriate
parameters. We present two approaches: a random parameter search and a gradient
descent-based one.

The contributions of this section are as follows:

1. Based on the issue of Orchestration Strategy Drifts, we introduce our model to solve
OPOP. This aims to minimize SLO violations by selecting optimal parameters for
orchestration strategies.

2. We propose SimuScale2, a self-adaptive approach to automatically adapting threshold-
based autoscalers during runtime by using co-simulation. SimuScale works in
tandem with Kubernetes, a container orchestration platform commonly serving as a
base for open-source Serverless platforms. Because we use a simulation, we evaluate
the impact of the time horizon we simulate ahead. Results show that a short time
horizon (i.e., 30 seconds), results in lower SLO violations for high-intensity request
patterns.

2https://github.com/edgerun/simu-scale
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3. A random and a gradient descent approach are used to solve OPOP and integrated
into SimuScale. We evaluate our approach on a real-world testbed that demonstrates
SimuScale’s ability to reduce SLO violations by tuning the autoscaler’s parameters.
Experiments show that SimuScale can reduce SLO violations between 15% to 40%
while overcoming the challenge of dynamic request patterns.

Our evaluation on a real-world testbed shows that the co-simulation approach can
facilitate self-adaptive platforms. The results indicate that our platform prototype can
reduce SLO violations and resource usage effectively.

The remaining work is structured as follows. Section 5.1.2 introduces Orchestration
Drifts in more depth and shows preliminary results that underline the issue of static
autoscaler parameters. Section 5.1.3 introduces our model to solve OPOP that builds on
three components: a Serverless Edge Platform, the Parameter Optimization, and the Co-
Simulation. Section 5.1.4 presents details of our PoC implementation and the experiment
setup. Section 5.1.5 shows and discusses the results obtained from our empirical evaluation
of SimuScale. Section 5.1.6 presents related work, and and Section 5.1.7 introduces future
work and concludes this work.

5.1.2 Motivation
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Figure 5.1: Autoscaler Drift across different Request Patterns from Shanghai Telecom
Dataset [GWZ+20, WGZ+21, LZMW22].

This section introduces the issue of drifting orchestration strategies and highlights its
impact on functions based on results from preliminary experiments.

5.1.2.1 Orchestration Strategy Drift

The parameters of an orchestration strategy depend on the implementation. They
are crucial as they dictate the strategy’s behavior and must be appropriately set to
perform well in real-world systems [RRD21, SGvK+22]. For example, an autoscaler that
tries to satisfy a certain round-trip-time (RTT) might neglect resource usage. Different
request patterns make this even more difficult and render seemingly obvious parameters
unsuitable, like setting the threshold to the target RTT. We showcase this behavior
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in Section 5.1.2.2 but focus for now on the overall problem of drifting orchestration
strategies and the impact on platform performance.

For that, we quantify a platform’s performance through Service Level Objectives (SLOs).
SLOs are measurable targets of Key Performance Indicators (KPI) that quantify deployed
functions’ Quality of Service (QoS). KPIs include the state of the function (e.g., availability,
latency, cost) or the state of the infrastructure (resource or network usage). For example,
an SLO might specify that the function’s RTT should have a 95th percentile of 0.6s.
A violation occurs any time the RTT is higher than 0.6s, resulting in penalties for
the platform provider. Customers usually impose them, but we also consider platform-
oriented ones, such as resource usage. The platform’s task is to balance these goals and
avoid SLO violations.

However, serverless systems are highly dynamic and not static. For example, request
patterns can differ significantly across compute clusters, even within a single city. The
Shanghai Telecom dataset, based on real-world mobile user request patterns, shows this
[GWZ+20, WGZ+21, LZMW22]. Therefore, setting orchestration strategy parameters
statically is not enough as systems change over time, causing more SLO violations
to happen [SGvK+22, AHSS13]. We call this issue Orchestration Strategy Drift and
investigate its impact on our testbed by running request patterns from the Shanghai
Telecom dataset using different autoscaler parameters. Specifically, we look into the
negative impact static parameters can have under varying request patterns on performance
and resource usage.

5.1.2.2 Drifts in Practice

In the following, we motivate and showcase the Orchestration Strategy Drift in practice
on our testbed. We focus on the impact of different request patterns and extract three
patterns from the Shanghai Telecom dataset [GWZ+20, WGZ+21, LZMW22]. The
dataset contains mobile user connections of over 2000 base stations in Shanghai. We
introduce three scenarios (S1, S2, S3 ) that combine request patterns of different base
stations. S1 being the one with the highest number of requests and S3 the one with the
lowest. We expect the RTT’s 95th percentile of the deployed function to be around 0.6s.
This includes network latency and any queuing delay in the system. Further details of the
autoscaler and the experiment setup, including the testbed, can be found in Section 5.1.4.

As seen in Figure 5.1, we set the autoscaler’s RTT threshold parameter in the range of
200ms to 900ms by using the 95th percentile. The results show that the SLO violations
differ between scenarios, and in our case, no setting could have a steady RTT across
all scenarios. We also observe that setting the RTT threshold to 0.6s (the SLO) has a
significant variance between scenarios, making it challenging to find the right setting.
Moreover, Figure 5.1c shows the resource usage (i.e., running replicas) per threshold
setting. While lower RTT thresholds imply better performance, they also lead to higher
resource usage. These experiments focus on a threshold-based autoscaler; other papers
explore similar topics and indicate that parameterization is not easy and heavily depends
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Figure 5.2: SimuScale - A high-level system overview

on the environment [RRD21, SGvK+22]. Based on those findings, we introduce our
model to overcome OPOP and present SimuScale, a Simulation-based Scaling approach
that we implement on a real-world system.

5.1.3 SimuScale - Orchestration Parameter Optimization

Serverless Computing platforms, responsible for avoiding SLO violations through function
scaling, scheduling, and request routing, grapple with the complexity of maintaining
optimal orchestration parameters over time. We previously identified this issue as
OPOP and introduce our model to solve it, which is an unconstrained optimization
framework. Its core objective is to find orchestration strategy parameters that minimize
the SLO violations. The SLO violations measure the discrepancy between the observed
KPIs and the desired SLO targets. Therefore, the goal is to minimize a function f(x),
Rn → R, where the input x represents the orchestration parameters and f estimates
the SLO violations resulting from those parameters for a given scenario. We leave the
decision variable x unconstrained to emphasize the general applicability towards various
orchestration strategies. f uses a function h to estimate the KPIs based on x which are
put into a cost function v to calculate the SLO violations (i.e., the discrepancy between
the target SLO and the observed KPIs).

Figure 5.2 depicts the individual components of our model to solve OPOP — SimuS-
cale. The three high-level components contain the real-world Serverless Edge Platform
(Section 5.1.3.1), the Parameter Optimization (Section 5.1.3.2), and the Co-Simulation
(Section 5.1.3.3). The parameter optimization runs at intervals and uses co-simulation to
optimize the parameters and minimize SLO violations. The Co-Simulation receives the
latest platform state to mimic the real world as closely as possible. This includes the
orchestration components, clients, and worker nodes on which function instances run. The
Co-Simulation represents the implementation of the function h to estimate KPIs, while
the Parameter Optimization uses different modes that describe the implementation of the
cost function v. The Co-Simulation enables us to perform what-if scenarios considering
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the platform’s state, the request pattern, and parameters. We take a snapshot of the
current state, transform the simulation so that it can be used, and execute scenarios based
on the known request pattern. The optimization uses Co-Simulation to find suitable
parameters, minimize the SLO violations, and send them to the platform, where the
orchestration components are updated. Next, we lay out the details of each component
by starting with the Serverless Edge Platform.

5.1.3.1 Serverless Edge Platform

The Serverless Edge platform is geo-distributed and consists of multiple clusters. It is
based on a decentralized orchestration architecture [RRD+22] and includes worker nodes
that host function replicas and clients that spawn requests. Orchestration strategies
include schedulers, autoscalers, and load balancers that route client requests to the
function replicas. It consists of a decentralized autoscaler implementation in which
each cluster runs one instance. Autoscaler instances monitor their cluster and scale in
or out by sending messages to the global scheduler. The global scheduler determines
which cluster should start or remove function replicas. A local scheduler selects a
worker node to start a new function replica. These build the fundamental components
of our envisioned Serverless Edge Platform. However, we want to emphasize that
SimuScale is not constrained to this particular architecture. For example, SimuScale is not
concerned with the implementation details of schedulers, autoscalers, or load balancers.
The implementation of h is responsible for capturing the platform’s logic, including
orchestration and compute clusters, to estimate the KPIs. To this end, we present
our Parameter Optimization approach that uses Co-Simulation to run an optimization
algorithm and updates the real-world components afterward, as seen in Figure 5.2.
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Figure 5.3: Parameter Optimization using Co-Simulation

5.1.3.2 Parameter Optimization

We introduce the Parameter Optimization process to solve OPOP. As shown in Figure 5.2,
the Parameter Optimization consists of three parts: the Optimization Algorithm, The
Parameter Search Process, and the Modes. The Optimization Algorithm is used to
find parameters that minimize the SLO violations. The Parameter Search Process
takes the Optimization Algorithm and a Mode as input and uses the Co-Simulation
to find parameters that reduce SLO violations, effectively solving OPOP. The Modes
can be viewed as implementations of the cost function v and the Co-Simulation as an
implementation of h.
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A basic approach to finding parameters is depicted in Figure 5.3. First, we transform
the real-world state into the simulation state. Then, we generate parameters based on
the current ones. Next, we run simulations for each parameter set, calculate the SLO
violations for each setting, and choose the parameter set with the lowest violations. We
apply these parameters to the real world. This builds the base implementation of our
model to solve OPOP. The orchestration parameters represent the input, x, the Co-
Simulation represents the implementation of h, while the step of determining the optimal
parameter set is the implementation of v. However, we need an optimization approach
to find parameters that minimize SLO violations, which consists of the optimization
algorithm and the cost function.

We use two optimization algorithms: a random parameter search and one based on the
Gradient Descent (GD) [Rob51] algorithm. The Random approach creates n parameter
sets and starts n simulations in parallel. Each parameter set is generated randomly by
applying a percentage adjustment to each parameter. Specifically, we draw a random
percentage number from a uniform distribution [−15, 15] and apply the adjustment to
the current orchestration parameter value. The GD approach approximates the gradient
of the cost function by adding and subtracting an epsilon value e to each parameter
x ∈ x, assuming x is of length m. We approximate the gradient ∂f

∂xi
using the central

approximation method.

And then apply the update, with a learning rate of α:

xi = xi − α · ∂f

∂xi

In every iteration, we perform these steps for each xi ∈ x.

These two approaches differ in complexity in finding suitable parameters. For example,
Gradient Descent has two stopping criteria and simulates the system sequentially to
determine the parameters. The random approach only iterates once and is, therefore,
easy to parallelize, whereas we can only parallelize each iteration of the Gradient Descent.
Besides the approaches to perform the optimizations, we also need to determine the
best parameter settings. For example, how can we determine which configuration is the
most suited? To answer this, we introduce modes that dictate how results are judged.
Specifically, this addresses implementing the function v. v acts as an objective function
and calculates the SLO violation cost based on the observed KPIs.

We introduce three modes that vary in the metrics they use and the goal they follow.
The first one, Performance, only takes the RTT into account by using the 95th percentile
to calculate the difference to the configured SLO target (SLORTT ). This mode focuses on
performance and, therefore, will have increased resource usage while keeping performance
SLO violations down. The other two modes use, in addition, a second objective function
that takes the resource usage into account by calculating the difference to a target
resource usage (SLOCPU ). Resource usage is the average number of CPU cores used,
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and the goal is a percentage of the target resource usage. Based on that, we introduce a
cost function that combines performance and resource usage by building the weighted
sum of the deviation from the target:

vcombined = RTTP95
SLORTT

∗ wp +
CPUmean

SLOCPU
∗ wr

This allows us to balance the importance of each error and introduce the remaining
two modes: Balanced and Balanced-Perf.. Balanced sets wr = 1 and wp = 0.5, while
Balanced-Perf. reverses the weight settings.

5.1.3.3 Co-Simulation

The Co-Simulation estimates the platform’s behavior (i.e., KPIs) based on the orches-
tration parameters. For this, we transform the state of the real-world platform in the
Co-Simulation and run different simulation scenarios. It allows us to simulate different
scenarios ahead of time and use the KPIs to calculate the SLO violations, as shown
in Section 5.1.3.2. In the following, we describe the transformation of the real world
into the simulation state. The mapping includes orchestration strategies, worker nodes,
clients, and network connections between clusters and individual nodes, as shown in
Figure 5.2. The co-simulation uses the monitoring messages from telemd and telemd
kubernetes adapter that were introduced in Section 4.1. The simulated system state
contains the latest information about function replicas, requests (i.e., completed function
invocations), and resource usage. Specifically, the simulation starts with a Topology that
resembles the real-world infrastructure. The information about finished requests contains
the start and end timestamps from the client and the actual function execution (i.e., the
duration without any queuing), which load balancers were used, and the function replica
that processed the request. Function replica state includes the worker node they were
placed on and the state (e.g., running, deleted, etc.). It is also important to transform
the function replicas currently being scheduled (i.e., pending) and the resource usage,
such as CPU and memory usage. The simulated infrastructure and system state can be
extended to incorporate other aspects. SimuScale constantly observes the latest state to
perform the transformation every time the Parameter Optimization is executed.

5.1.3.4 Challenges

An issue prevalent across many orchestration implementations is the challenge of setting
the initial parameters. The impact of those can be crucial to the overall performance
of functions and the resulting resource usage. A challenge for SimuScale is the ability
to self-adapt from seemingly wrong settings, which can be seen as convergence to the
optimal value and is important for SimuScale’s ability to handle worst-case scenarios.
Therefore, validating whether SimuScale can handle this is essential.

Another challenge is to set the right Simulation Time Horizon. That is, how much time
should each scenario simulate? For example, if we set the Simulation Time Horizon
too short, we might miss critical changes in the request pattern. On the other hand,
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each simulated scenario might take longer with an increasing Simulation Time Horizon,
thus resulting in fewer updates. Another aspect to consider is when putting SimuScale
into production; tools must be used to estimate future request patterns, which probably
worsen with longer time horizons. Therefore, finding the right Simulation Time Horizon
setting is critical.

Moreover, we investigate what impact SimuScale has on SLO violations and resource
usage compared to the static deployment of orchestration strategies. Especially when
considering different request patterns and whether the modes are deterministic regarding
their goal. We are addressing all these questions and challenges, and our real-world
implementation of SimuScale in the following.

5.1.4 Implementation & Evaluation
We evaluate SimuScale3 using the two optimization approaches: Gradient Descent (GD)
and Random on a real-world testbed. We compare it to the static case, where parameters
are only set once initially. This serves as a baseline and replicates the behavior expected
nowadays on serverless platforms. The following outlines our implementation of SimuScale
and details of the experiment setup.

5.1.4.1 Serverless Edge Platform

Our PoC Serverless Edge platform is built on Kubernetes, a container orchestration
service, and is split into multiple clusters - from cloud to edge. Users can send requests
to the load balancers, which forward them to running function replica instances, which
the autoscalers and schedulers manage. telemd pushes every second monitoring data
via Redis’ publish/subscribe feature. The orchestration components subscribe to these
metrics and are all implemented in Python, each using an in-memory cache for the system
state. The system state includes resource usage, information about requests, running
application instances, etc.

The orchestration components run as individual containers in the cluster for which they
are responsible.

Orchestration Strategies To comply with our model presented in Section 5.1.3.1,
we must implement an autoscaler, global and local schedulers, and load balancers for
the decentralized orchestration architecture. The autoscaler implementation mimics the
official Kubernetes Horizontal Pod Autoscaler4, which is commonly used in open-source
serverless platforms, such as KNative5. We denote this strategy as HPA. It is based on
the round-trip-time (RTT ) of requests per cluster. Based on the current metric value,
the HPA estimates how many replicas are needed to satisfy the threshold value. The

3https://github.com/edgerun/simu-scale
4https://kubernetes.io/docs/tasks/run-application/horizontal-pod-autoscale/
5https://knative.dev/docs/
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threshold value is a parameter that we denote as thrRTT . It uses the following formula
to calculate the desired number of function replicas:

desiredReplicas = currentReplicas × RTTP95
thrRTT

RTTP95 is the 95th percentile of the observed RTT. Other parameters include reconcile
interval, lookback, and a percentile. The reconcile interval determines the time the
autoscaler waits before executing again, the lookback determines how far we look into
the past when calculating the current value, i.e., RTTP95. The threshold (thrRTT ) is the
parameter we optimize in each experiment. HPA and open source platforms that re-use
it default to a reconcile interval of 15 seconds [JBP+23, Ope16]. We set the percentile to
95 and the lookback to 10 seconds across all experiments.

If the autoscaler decides the platform should create or remove function replicas, it sends a
message to the global scheduler. The global scheduler implements a simple network-aware
strategy by first prioritizing clusters from which the scale action stems. If the origin
cluster is out of resources, it chooses the nearest cluster based on network latency. The
local scheduler is implemented like the default Kubernetes scheduler, filling up all worker
nodes while balancing out used resources. Both schedulers are kept simple on purpose to
focus on the autoscaler and the optimization of its parameters.

5.1.4.2 Co-Simulation

We use the open-source trace-driven Serverless Edge Computing platform simulator,
faas-sim [RRFD23], to replicate the real-world in the cluster. However, to limit the scope
of this work, we make the following assumptions. (1) we know the workload pattern, (2)
we know the network configuration between nodes and clusters, (3) we do not simulate any
node failure that can happen in the real world, and (4) we assume that all function images
are already stored on each node. These assumptions would otherwise require solutions
outside this work’s scope, as we want to focus on the efficacy of the co-simulation’s
ability to adapt to real-world orchestration components. Specifically, we need a simulator
that can replicate the behavior of our components in the simulation. We use a Python
API to implement the core logic of all orchestration components once and reuse it in
the simulation and the real-world6. The orchestration strategy implementations can be
found on Github7. Besides avoiding code duplication and guaranteeing parity in terms
of logic, the simulator uses real-world traces to feed the simulation. In contrast to the
popular CloudSim [CRB+11], it does not rely on the knowledge of how many instructions
an application takes but rather on real-world measurements. In our case, we conduct
profiling experiments to determine the execution time of the deployed function and fit
a logarithmic distribution from which we sample [RRP+22, RRFD23]. The profiling
experiments invoke the function that we use for the evaluation on each host and allow

6https://github.com/edgerun/faas
7https://github.com/edgerun/faas-optimizations/
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us to fit a logarithmic distribution from which we sample in the simulation. The real
advantage of this approach lies in the support for future applications that can be observed
in a black-box manner without counting executed instructions. A challenge of such a
system is to communicate the state efficiently. The Co-Simulation runs in a central
location and always keeps the global state in-memory. Therefore, powerful machines can
be used to execute the optimization.

5.1.4.3 Parameter optimization

We implement the Parameter Optimization through a Random and GD approach to
minimize the SLO violations of f . The input x of f contains the target duration (thrRTT )
of each autoscaler instance. The Random approach generates n new autoscaler parameters
that are each evaluated through a simulation. In contrast to the simulations in GD, we
can execute all n simulations at the same time. Specifically, we generate 5 parameter sets,
and each autoscaler parameter is randomly set in the range of ±15% of the original value.
The GD settings were chosen based on a set of preliminary experiments. As mentioned,
we must avoid long-running optimizations to avoid updating the autoscaler based on
outdated data. Therefore, we set the number of iterations to 3, the learning rate to 1e-1,
and the epsilon value to 0.2. These settings must be adjusted to the underlying simulation
and have proven feasible for our setup. Besides the optimization approaches, we also
implement three modes, already introduced in Section 5.1.3.2: Performance, Balanced,
and Balanced-Perf. Performance only considers performance SLO violations, i.e., using
the RTT, while the other two incorporate performance and resource aspects. To this end,
we set weights for Balanced and Balanced-Perf. that determine their focus. The former
favors resource usage (i.e., wr = 1, wp = 0.5) and the latter reverses them (i.e., wr = 0.5,
wp = 1). The weights are set according to their goal. For all modes SLORTT = 0.6 and
SLOCPU = 50%. That means all modes have 0.6s as 95th percentile target and should
not use more than 50% of available CPU cores. We evaluate all approaches and modes,
resulting in six combinations.

5.1.4.4 Experiment Setup

Besides implementing SimuScale, we also highlight details of the remaining experiment
setup. This ranges from the testbed specification to the function we use to test SimuScale
and the request patterns synthesized from a real-world dataset.

Testbed The experiments run on a real-world testbed that consists of three compute
clusters using an end-to-end evaluation framework for edge-cloud resource manage-
ment [RRP+22]. We denote the edge clusters as EC1 and EC2, while the one mimicking
a cloud is called CC. Our testbed contains 15 VMs with different sizes to mimic a
heterogeneous environment, similar to related works [TDFS21, RCLN20]. Each VM has
between 2 to 8 cores at 2.1GHz and 3 to 16GB of memory — we set the platform to
spawn at most 90 function instances. We use the Linux network traffic shaping tool tc
to emulate network latency between the clusters. Between cloud and edge clusters, we
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Figure 5.4: Base station request patterns

inject a network latency of 60ms, and between edge clusters, 30ms. The clients connect
to the Edge Clusters and send the requests to the respective load balancer instances in
each cluster.

Function The deployed function is CPU-bound and calculates a specified number of
digits of π. This enables us to mimic short-running CPU-focused functions and vary the
execution duration. Due to system delay, we expect the 95th percentile to be around
600ms. As we do not focus on the most optimal function placement in this work, we
expect the cloud cluster to host function replicas and incur network overhead. The
function is chosen to mimic a low-latency AI inference service, such as is typical for Edge
Intelligence [RRD+22].

Request Patterns An important part of our experiments is the use of request patterns
that exhibit different degrees of requests over time. The request patterns are based on the
Shanghai Telecom dataset [GWZ+20, WGZ+21, LZMW22], and we extract them from
four base stations. We chose the base stations based on the number of connected users and
their patterns. Specifically, we have taken the profiles of the following base stations and
assigned each an ID from which on we use to refer to them: 31.218201/121.487151 (BS1),
35.379598/116.072359 (BS2), 31.129955/121.336848 (BS3), 31.395915/121.363062
(BS4). We synthesize request patterns for our experiments by extracting each base
station’s general pattern over 48 hours and trimming it to 10 minutes of actual requests.
The patterns per base station are shown in Figure 5.4. Base station A has the highest
requests (∼ 4000), while the others have each around ∼ 2000. The requests per second
are based on the number of users connected at each point, each sending three requests.
The interarrival times are drawn from a Poisson distribution. Based on these profiles,
we create three scenarios that assign a request pattern to an edge cluster in our testbed.
The scenarios and request pattern mappings are shown in Table 5.1.
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Scenario EC1 EC2
S1 BS1 BS2
S2 BS3 BS4
S3 BS2 BS4

Table 5.1: Request pattern to Edge Cluster mapping.

5.1.5 Results
5.1.5.1 Key Performance Indicators

In the following, we focus on three KPIs: SLO Violations in %, 95th percentile of the
Round Trip Time in seconds, and the median number of running replicas over the
experiment. The SLO violations are calculated by grouping the requests into windows
(i.e., 1 second) and calculating the 95th percentile. A violation occurs if the value exceeds
the SLO (i.e., 0.6s). Based on that, we count how often an SLO violation occurred
relative to the complete experiment.

5.1.5.2 Simulation Time Horizons

First, we look into the impact the Simulation Time Horizon has on the results. For this,
we run shortened experiments with the Balanced-Perf. mode using four duration settings
that we simulate ahead: 30, 60, 120 and 240. The results of these experiments decide
which setting we use in the remaining experiments. Figure 5.5 shows the median SLO
Violations in (%) across the duration settings and scenarios. We observe that shorter
Simulation Time Horizons positively impact the SLO violations. Specifically, the two
scenarios with more requests (i.e., S1 and S2 ) had the lowest median SLO Violations
with the duration set to 30 seconds. However, a positive trend exists when looking at S3,
where a longer time horizon lowers the median number of SLO violations and reduces the
variance. We believe these results confirm our assumption of shorter Simulation Time
Horizons allowing the system to update more often, making it more resilient against
bursty workloads. While longer Simulation Time Horizons allows the platform to find
more suitable parameters in case the workload is relatively stable. We select the 30
seconds Simulation Time Horizon as our default for the remaining experiments.

5.1.5.3 Static vs. Co-Simulation

Next, we look into the results when setting the initial autoscaler RTT threshold to
0.6s (i.e., thrRTT = 0.6). The results determine whether SimuScale can reduce the
SLO violations and its impact on resource usage. Figure 5.6 shows that SimuScale can
reduce the SLO Violations by up to 15% on average across all scenarios when using
the Balanced-Perf. mode and GD optimization in comparison to Static. Moreover, the
minimal exhibited variance shows that SimuScale is effective across scenarios. However,
an unexpected result is that the GD approach using the Performance mode was not
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Figure 5.5: SLO Violations under different Sim Time Horizons

able to reduce the SLO violations as much as the Random. The resource usage in
Figure 5.7 shows that these two had the highest number of replicas. While this should
imply a better performance, it might be less beneficial in edge-cloud systems to spawn
that many function replicas due to network latency. We suspect that the Performance
settings spawned many replicas at the wrong time. Therefore, overall RTT increased
in these cases. However, we can also see in Figure 5.8 that the RTT for Performance
and GD - Balanced-Perf. were lower than the Static setting. Based on that, aggressive
modes, such as Performance, can harm the overall SLO compliance in contrast to those
more reluctant to increase resource usage in favor of performance. The Balanced modes,
while using the least amount of replicas, performed worse in terms of performance.
However, looking at the SLO Violations, it becomes clear that using GD for optimization
reduces variance. We conclude that SimuScale can effectively reduce SLO violations while
balancing performance and resource usage, i.e., Balanced-Perf. only used on average 30%
more replicas but keeping the resource usage below the SLOCPU of 50% while reducing
the SLO violations on average by 15%.

5.1.5.4 Impact of Thresholds

The following section covers the other two initial autoscaler RTT thresholds we set.
Specifically, we set thrRTT = 0.3 and thrRTT = 0.9. The first setting allows us to observe
the platform’s performance if the threshold is set much lower than the SLO, and the
second is when the initial threshold is higher. To examine SimuScale’s ability to adapt
the threshold, we want to show it can reduce resource usage while keeping the RTT low
and update the threshold setting to reduce SLO violations substantially.

First, we observe the results when setting thrRTT to 0.3s. Figure 5.9 shows the median
95th percentile of the observed RTT over all scenarios and experiments. Such a low
threshold positively impacts the performance of the Static autoscaler. It achieved a 95th
percentile of under 0.6s without updating the threshold. At the same time, the GD
approach using the Balanced-Perf mode achieved the same with some outliers. The other
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Figure 5.6: SLO Violations - thrRTT = 0.6s
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Figure 5.7: Resource Usage - thrRTT = 0.6s

approaches diverged more from the SLO. Before looking more into the Balanced-Perf
results, the GD - Balanced approach was able to have a similar SLO violation count in the
S1 scenario. In this case, we suspect the high amount of traffic caused the optimization
to stay at a low threshold, while in other scenarios, it resulted in increasing thresholds.

Moreover, the GD - Balanced-Perf. approach was able to have only 8% SLO violations
in S3, while the Static approach had an average of 6%. Therefore, SimuScale was also
able to handle a lower threshold setting and, as Figure 5.10 shows, was able to reduce
the resource usage significantly in comparison to the Static approach. Especially in the
just described scenario, where SimuScale only had 2% more SLO violations, it could do
so with a 29.87% resource usage reduction. The resource usage decreased overall in all
approaches and modes, which explains the rising SLO violations and high RTT.
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Figure 5.9: RTT P95 - thrRTT = 0.3s

While SimuScale can handle lower thresholds by having a reduced resource and main-
taining a similar performance, it also can adapt to threshold settings that are too high.
We set the parameter thrRTT = 0.9s in this case. The Static variant will perform worse
with many SLO violations. However, the focus of these results should emphasize the
versatility of SimuScale. Figure 5.11 shows the SLO violations for these experiments.
While SimuScale’s Random approach and the Balanced mode failed to adapt quickly
enough, it was able to significantly reduce SLO violations using the GD approach with
Performance and Balanced-Perf. modes. Across all scenarios, the Performance mode
reduced median SLO violations compared to the Static approach by around 40%. This
indicates that the Performance mode was too aggressive for other initial threshold settings
but appropriate for too high values. Besides reducing the SLO violations, Figure 5.12
shows the difference of the 95th RTT percentile relative to the Static experiments. Here
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we can see that Performance reduced the RTT by up to 84% in the case of S1.

Based on these results, we conclude that SimuScale can reduce resource usage and SLO
violations. While the GD approach using Balanced-Perf. was able to perform better
or similar than the Static deployment, the other variants require further fine-tuning.
Especially the Balanced setting focused too much on resource usage, negatively impacting
SLO violations and RTT. Also, the Performance mode behaved unexpectedly in some
cases and was only able to outperform Balanced-Perf. when setting thrRTT to 0.9s.
Moreover, while the Random approach yielded good results, it overall had a higher
variance than GD. This was especially visible in the last set of experiments, where we set
the initial threshold to 0.9s.

5.1.6 Related Work
5.1.6.1 Orchestration Strategy Parameters

Haidari et al. [AHSS13] investigated the impact of different thresholds for different
request patterns. Their results indicate that the optimal threshold varies under different
loads to minimize resource usage and response times. This underlines our work as we
have shown a similar behavior in Section 5.1.2. Similarly, Taherizadeh and Grobelnik
[TG20] explore different settings for the HPA that they conduct under different request
patterns. They investigate how the reconciliation interval impacts autoscaling decisions,
resource usage, and performance. Interestingly, they also looked into changing the policy
when removing application instances by only removing one for a specific set of request
patterns. Our work can complement this finding by extending the optimization process
to tweak parameters and trying different policies that change the overall behavior. Rossi
et al. [RCPN23] use Reinforcement Learning agents to update thresholds for autoscaling
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Figure 5.11: SLO Violations - thrRTT = 0.9s
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during runtime. The main differences are that their agent learns and interacts with the
real world and that we base our scaling decisions on the RTT, whereas they explore a
CPU-based autoscaler. Therefore, our simulation-based platform can complement their
work by using it to speed up the training of the agents.

5.1.6.2 Simulations for Resource Management

Simulations of real-world systems allow decision makers to assess what-if scenarios that
can guide the selection process [RKK+19]. In the context of orchestration systems (e.g.,
microservices, functions, containers, etc.), this can help providers efficiently adapt system
components in dynamic environments [TPS+22]. Specifically, the adaptation of autoscaler
or scheduler components profits from simulation-based adaptations in multiple ways.

Depending on the domain and use case, simulations unite multiple simulations together in
a single cohesive simulation unit that can reproduce the behavior of a real complex system.
These simulations are called coupled simulations (co-simulations) [GTB+18] and have
been successfully used in improving container scheduling performance [TPS+22, TC22].
Like co-simulations, symbiotic simulations use simulations to direct real-world systems
[OMS+18, OOW20]. Onggo et al. [OMS+18] identified three symbiotic systems combining
real systems and simulations, and differ in the interactions between the two. For example,
in the Decision Support Symbiotic Simulation System, decision makers (e.g., humans) use
the simulation’s output to direct the real system. In contrast, in the Control Symbiotic
Simulation System, simulation directly influences the physical system.

In our work, we implement a PoC that integrates into Kubernetes and mixes the Control
Symbiotic Simulation System approach and co-simulations to solve OPOP. The use of
simulations for resource management during runtime has been explored in some other
works. Frey et al. [FFH13] use a simulation-based Genetic Algorithm to find optimal
architecture configurations for cloud systems. This work complements our work, as we
focus on the platform’s parameters while they are searching for an optimal architecture.
Simulations can be used similarly in that they mimic the real world, and their output
is used to influence the orchestration components [TPS+22, TC22, OOW20]. Tuli et al.
[TCJ23] propose CILP, which uses the simulation as a teacher to generate the ground
truth with which their AI models learn. This work showcases that simulations can be
used to optimize orchestration strategies (i.e., AI-based). While they use it as a surrogate
to generate data, our simulation interacts directly with the real-world system by sending
autoscaler parameters. SimuScale differs from others due to its runtime being able to
adapt the autoscaler’s parameters in response to request pattern changes and has proven
to trade off resource usage and performance based on high-level parameters. Rausch
et al. [RRD21] investigate how to use simulations for tweaking scheduler parameters,
but in contrast to our system, they do not evaluate in a real-world setting. However,
it showcases that simulations are feasible for resource management and, specifically,
tweaking parameters.
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5.1.7 Summary of Runtime Tuning
Serverless Edge Computing presents a promising platform paradigm for the heterogeneous
edge-cloud continuum by autonomously managing functions under the SLOs’ guarantee.
Many research works explore different strategies to autoscale, schedule, or route requests,
but in production systems, the Orchestration Strategy Drift arises, which renders initial
orchestration parameters unsuitable, causing SLO violations.

Based on that, we propose SimuScale, a self-adaptive Simulation-based Scaling approach
for Serverless Edge Computing. It uses a co-simulation to guide the optimization algorithm
in finding optimal autoscaler parameters. Results show that shorter simulation time
horizons favor bursty workloads, while longer horizons can perform better in scenarios
with less variation. Our evaluation on a real-world testbed has shown that SimuScale
can improve the results overall by reducing SLO violations and variance across different
scenarios. Especially in instances where threshold parameters are set lower and higher than
the SLO, it can reduce resource usage by up to 29.87% while maintaining the same RTT
and SLO violations by up to 40% and the RTT by up to 84.75%, respectively. However,
the results also show that more investigation is necessary to determine appropriate
settings for the optimization process. For example, some optimization goals did not yield
the expected results and, therefore, require a detailed look at defining these goals.

Future work aims at extending SimuScale to support other autoscaling strategies or
update parameters of schedulers. An interesting avenue to make our work usable for
AI-based models is using simulation-generated data for training [TPS+22]. This can be
useful to extend datasets and enhance the rate at which AI models can be updated in new
environments. Finally, we want to investigate the uncertainties that are inherently present
in such environments [NCTD15] and how they can be integrated into the co-simulations
to achieve more accurate predictions.
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5.2 Simulation-driven Dataset Generation for
Bootstrapping Autoscaling Prediction Models

Serverless edge computing promises autonomous function management across the hetero-
geneous edge-cloud continuum. Specifically, autoscaling of functions increases resource
efficiency by creating and destroying instances on demand. However, reactive function
instance creation can cause high end-to-end latency due to requests waiting for process-
ing. Researchers and practitioners use proactive autoscaling mechanisms to overcome
this by predicting the required number of function instances in advance. Proactive
approaches pose challenges because prediction models must be fine-tuned for new envi-
ronments and updated over time. Therefore, we propose a simulation-driven framework,
EdgeCloudForge, that generates datasets to train prediction models for autoscaling in
edge-cloud environments ahead of their deployment, thus preparing them in advance for
new environments. We introduce the concept of Edge-Cloud Domain Space to describe
different infrastructure attributes. EdgeCloudForge uses a two-step method based on
initial sampling and Bayesian optimization to navigate this domain space. Simulation
results show that our approach can reduce SLO violations by up to 79% across different
request patterns compared to the reactive approach and is able to outperform approaches
from related work by up to 91%. EdgeCloudForge also shows the capability of training
models that can be used across different infrastructures.

5.2.1 Introduction
Serverless Edge Computing allows customers to upload functions and let the platforms au-
tonomously orchestrate them. Autoscaling is an orchestration strategy that decides when
to create or remove function instances in response to workload changes at runtime. How-
ever, they need to consider the cold startup time of function instances [JHA+25, LSd+24].
The cold startup time includes downloading missing dependencies (e.g., container images)
and the starting time. Based on environmental factors (e.g., network conditions), this
can take several seconds during which no requests can be handled [RRD21]. Reactive
approaches, typical for public or open source serverless offerings [RND23], act too late
and cause Service Level Objective (SLO) violations, especially when handling sudden
bursts of incoming requests, common for serverless workloads [JHA+25].

Therefore, proactive approaches address this challenge by estimating the number of
instances before they are needed, based on the workload [AIEB19]. However, these models
must be trained for their environment. Finding appropriate parameters (i.e., training
datasets) for autoscalers presents a challenge prevalent across autoscaler implementations
[SGvK+22]. A common approach in commercial platforms is to rely on historical data
between one day and 14 days of historical application data [Goo25, Ama25, Mic25].
Besides, deploying a model in a new environment can be challenging for proactive
approaches, as their models are trained in other environments and need time to adapt.
However, this means that subpar autoscaling and a slow adoption rate for changing
workloads are expected at that time. Moreover, Serverless Edge Computing platforms are
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heterogeneous, and the infrastructure changes over time through hardware failures or new
hardware updates [RND23, ATC+21]. It is challenging to train a model for autoscaling
in minimal time and make it robust for Serverless Edge Computing.

To this end, we propose EdgeCloudForge, which offers synthetic dataset generation to
train the model ahead of time and mitigate this issue. Similar approaches have been
applied to the cloud domain [AIEB19], but lack the inclusion of heterogeneous systems,
such as edge-cloud clusters. We present a novel model to capture heterogeneous aspects
of edge-cloud infrastructures to generate plausible simulation scenarios. The model is
called Edge-Cloud Domain Space (ECDS) and consists of multiple dimensions: cluster,
device, network, and workload. These dimensions describe the space in which a serverless
edge platform should operate. A guided process is necessary to navigate this space to
generate synthetic datasets. Our framework implements this in a two-step approach that
samples random scenarios and then uses Bayesian optimization to explore the ECDS.
The framework is co-simulation-driven by mimicking the real-world system to speed up
the training phase of autoscaling models through intelligent synthetic dataset generation.

Our main contributions are as follows:

1. We show that historical data from cloud and edge-cloud platforms have different
impacts on a prediction model’s ability to estimate the number of required function
instances. While the predictive models trained on cloud-based traces yield low SLO
violations, edge-cloud patterns vary much more across a month, yielding higher
SLO violations than the reactive approach.

2. We formulate a novel model to capture the heterogeneous edge-cloud landscape.
Edge-Cloud Domain Space (ECDS) defines domain spaces in which serverless edge
platforms can be deployed.

3. We implement our framework, EdgeCloudForge8, that generates synthetic datasets
using co-simulation and Bayesian optimization to explore the Edge-Cloud Domain
Space. Simulation-based results show that we can decrease the average SLO
violations across multiple request patterns of two Deep Neural Network inference
functions by 79% to the reactive policy. Moreover, we compare our approach to
related work [AIEB19, AIM+21] and see that EdgeCloudForge trains more robust
models regarding varying workload conditions. The framework can also synthesize
datasets when facing heterogeneous infrastructure settings, reducing the burden of
re-training the model for each infrastructure.

The remainder of the chapter is structured as follows. Section 5.2.2 shows simulation
results highlighting models underperforming with historical data across cloud and edge-
cloud workload patterns. Section 5.2.3 introduces our framework and the implementation,
Section 5.2.4 presents the evaluation results. Section 5.2.5 presents related work on

8https://github.com/edgerun/edgecloudforge
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synthetic dataset generation and co-simulation frameworks for platforms, and Section 5.2.6
concludes the chapter.

5.2.2 Motivation

We demonstrate that limited access to historical data leads to subpar autoscaling decisions,
which motivates our work to synthesize data to improve the model’s performance. We
show this by training multiple models with varying data periods, from one day to three
weeks. The model predicts the number of needed function instances to handle the
incoming workload. Our framework, EdgeCloudForge, can significantly speed up the
training process through co-simulation and an optimization approach to achieve the same
or reduced SLO violations with only one day of historical data, instead of waiting for up
to 21 days.

All experiments use the HeROsim simulator [LdB+24]. We focus on simulating Deep
Neural Network (DNN) inference functions that the HeROsim provides out of the box,
and extract request patterns from the real-world serverless platform datasets from Huawei
[JHA+25] and Globus Compute [BPC+24].

5.2.2.1 Request Pattern Selection

In the following, we describe our method of selecting request patterns from a dataset
with different similarities across weeks. We use the Huawei Serverless Cloud dataset
[JHA+25], which contains the requests per minute across 31 days over multiple functions
and is split into five regions. We only include functions that were called over 90% of
the time, have an average above ten requests per minute, and were invoked in Region 1.
This is because the dataset contains many functions that were constantly called less than
ten times per minute. While resources must be allocated for those, they require fewer
scaling decisions than the ones we choose. We select three functions that exhibit high,
moderate, and low similarity across weeks to show that 14 to 21 days of historical data
can be enough for some functions but not all of them, and that it is essential to consider
all cases.

Therefore, we first normalize the request patterns using z-score normalization and then
use Dynamic Time Warping (DTW) to calculate the pair-wise distance of all weeks.
Then, we calculate the difference between the minimum and maximum distances between
weeks to identify very similar or dissimilar functions. We choose three functions (49,
1412, 1437) with the lowest and highest difference, and also take one based on the median
distance. We do this to evaluate if models struggle with workloads, observing significant
differences across weeks. We also use the Globus Compute dataset [BPC+24], which
contains traces from an edge-cloud serverless platform. However, none of the functions
were continuously called for at least a month, which led us to extract the request patterns
of individual endpoints. Endpoints act as a gateway and comprise invocations of multiple
functions.
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In the following, we first evaluate prediction models trained on the cloud request patterns
and then assess them on the request patterns from the edge-cloud platform.

5.2.2.2 Cloud Request Pattern Experiments
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(a) dnn2 SLO violations and average running function instances.
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Figure 5.13: Comparing reactive and proactive models trained on a cloud dataset with
different numbers of days, using the fourth week as a validation request pattern. Results
show that larger historical data can reduce SLO violations, while datasets with too few
samples (i.e., a day) can have a negative impact.

We simulate these patterns using a reactive autoscaling approach based on Knative’s
autoscaling policy that estimates the number of instances needed to reach certain requests
per instance. The reactive policy allows us to collect historical data, which we use to
train four models with different amounts of historical data, ranging from one day to
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three weeks. Because we train a model with up to three weeks of data, we always use
the last week of each workload pattern as the validation workload. The models receive
the average request per second of the next minute as input. An assumption that we
make in this chapter is that we have an accurate model to predict the incoming workload.
However, in our evaluation, all proactive approaches have access to this accurate model,
focusing on the ability of these models to estimate the number of function instances.

The scenarios simulate two serverless functions that execute low-latency Deep Neural
Network inference and are included in HeROSim [LSd+24]. Figure 5.13a shows the SLO
violations and average number of running function instances of function dnn2 when using
the request patterns from the Huawei serverless dataset [JHA+25] of the functions with
IDs 49, 1412, 1437, Figure 5.13b shows the same metrics but simulates the function dnn1.
The SLO violations are based on the requests that did not fulfill the latency SLO set for
each function.

Figure 5.13a shows that the models can autoscale properly and reduce the number of
SLO violations compared to the reactive approach, while maintaining the same number
of running instances.

Especially the models trained using two and three weeks of historical data have maintained
low SLO violations. Figure 5.13b shows the results of the experiments that simulate the
function dnn1 which has a shorter execution duration in comparison to dnn2, thus, less
number of instances are required. We see a similar trend: proactive models can reduce
SLO violations. The results show that having one day of historical data is insufficient,
and at least 1 week is needed to train a model that can reduce SLO violations. We
conclude that cloud-based request patterns seem consistent over a month to train a
good-performing model quickly.

5.2.2.3 Edge-Cloud Request Experiments

Figure 5.14 shows the results of the motivational experiments based on the request
patterns extracted from the Globus Compute dataset [BPC+24]. The patterns originate
from a single endpoint of the months February (02 ) and March (03 ). While the cloud-
based historical data has proven to yield low SLO violations, the edge-cloud patterns
vary much more across the month. For example, using the model trained on three weeks’
worth of data achieves a similar number of SLO violations as the reactive approach. The
models with even less historical data achieve worse SLO violations than the reactive
approach.

These results showcase that while generally using one week or more can be enough to
train the model in case of the cloud patterns, it is not enough for the patterns from the
edge-cloud platform. To overcome this challenge of (1) preparing a model with minimal
historical data and (2) making it scale appropriately for all functions, we introduce
EdgeCloudForge to generate synthetic datasets.
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Figure 5.14: dnn2 SLO violations and average running function instances when training
on edge-cloud request patterns. The prediction models were not able to outperform the
reactive approach in terms of SLO violations.
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Figure 5.15: EdgeCloudForge Framework

5.2.3 Simulation-driven Synthetic Dataset Generation Framework
5.2.3.1 Overview

Figure 5.15 shows the proposed EdgeCloudForge framework, its interaction with the
real-world serverless platform, and its internal components. The serverless platform uses
a proactive autoscaling model that relies on proper training. The framework is triggered
by receiving a trace from the serverless platform. A trace contains recent monitoring
data, including the execution times of functions, container image sizes, request patterns
of functions, and the cluster configuration, such as devices and network conditions.
Our implementation does not entail a real-world integration and is solely based on
the HeROsim simulator [LdB+24], which provides function-related traces out of the
box. EdgeCloudForge uses an optimization module that executes different simulation
scenarios to generate synthetic datasets. These datasets are used to fine-tune the proactive
autoscaling model to increase robustness over future request patterns and decrease SLO

157



5. Self-Adaptive Serverless Edge Computing using Simulation

violations. Therefore, we now introduce the Edge-Cloud Domain Space, which the
framework uses to generate simulation scenarios.

5.2.3.2 Edge-Cloud Domain Space

The Edge-Cloud Domain Space (ECDS) defines the conditions in which an edge-cloud
platform is meant to operate. The conditions are imposed by the infrastructure and
deployed functions, and include aspects around the infrastructure’s compute capabilities
(i.e., available devices), network conditions (i.e., network bandwidth), and function-related
characteristics such as the request pattern (i.e., average request per second). It is loosely
based on the Operation Design Domain (ODD) paradigm, which mainly revolves around
robotic applications and their operating space [GLCCT22]. For example, these operating
spaces specify the road type for which autonomous driving is deemed to be safe.

ECDS describes the space in which a serverless edge-cloud platform should optimally
manage functions, whereas the users must specify the definition of optimal. In this work,
we focus on reducing SLO violations of functions and resource usage. We define ECDS
as a tuple of multiple dimensions that span the space:

SECDS = ⟨{Wi}mi=1, {Nj}pj=1, C,B⟩

Where W represents the intensity dimension of the functions’ workload, N is the config-
uration dimension of the node types, B is the dimension of the network configuration,
and C is the dimension of the cluster configuration. Specifically, Wi describes the range
of requests per second a function i can be invoked, Np the proportion of device type
p in the cluster, B the network bandwidth, and C the size of the cluster. Moreover,
SECDS includes a dimension Wi for each function i and a dimension Np for each type
of device p. Each dimension consists of four parameters: the average expected value,
the boundaries (minimum and maximum), and the step size used to generate samples.
This space allows us to define the environment in which the platform will operate. For
example, we can describe the function i to have an average W avg

i of 150 RPS, a minimum
Wmin

i of 25 RPS, and a maximum Wmax
i of 300 RPS. We use the step size W step

i to
enumerate all possible values for a dimension and create plausible scenarios. SECDS

describes the possible values of each dimension, and we formulate s⃗ as an instance of
SECDS . ECDS allows us to generate plausible scenarios and lets us navigate the space to
generate synthetic datasets.

5.2.3.3 Framework

The framework consists of the initial and optimization stages. The initial stage converts
a request trace T of the real-world serverless platform into an Edge-Cloud Domain Space
SECDS . That means T contains historical data of the request patterns for each deployed
function to create workload intensity dimensions W , cluster information to create C, B,
and N . The framework can take any historical data as input, but we always take one day
in this work. We generate initial simulation samples s⃗ before exploring the space using
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Bayesian optimization for each function f . These simulation scenarios are created by
randomly sampling from SECDS using Latin Hypercube Sampling. For example, a sample
s⃗ can contain a cluster size of 10 devices, which consists of 40% of device type A, 60% of
device type B, a workload intensity of 150 RPS, and a network bandwidth of 100 Mbit/s.
The framework converts s⃗ into an input for the simulation (in our case, HeROSim) and
executes it. In the current implementation, the workload uses Poisson-based arrival
times with an average request rate from the sample and runs for at least 350 seconds
with a slight ramp-up. We chose the Poisson-based arrival times to synthesize data (i.e.,
prediction samples) that map the requests per second to the number of required function
instances satisfying the SLO. Thus, we incrementally learn the distribution of required
function instances over various requests per second. We use the reactive policy to execute
these scenarios, where each result is prepared in a data set D that we collect as an initial
dataset.

Algorithm 2 Synthetic Dataset Generation
1: Input:

• Initial datasets D = {X, y} of function f

• Param bounds B based on SECDS

• Resource weight ω, iterations N , workers P

• Saturation threshold τ = 0.95
2: Initialize BO with B, Xsat ← ∅
3: for i ← 1 to N do
4: Generate P candidates xj ∼ BO
5: PruneCandidates(xj)
6: // Parallel evaluate:
7: for each x′

j in parallel do // x′
j remaining candidates

8: (ϕj , ϕjp, ϕjres, satj ,Xj
new,yjnew) ← EvaluateParameters(x′

j , D, ω, τ)
9: end for

10: Update Xsat with {x′
j |satj = True}

11: Update BO with {ϕj}
12: for each function f do
13: D ← D ∪ (Xj

new,yjnew)
14: end for
15: end for
16: return D

Next, the optimization-driven synthetic dataset generation begins. Algorithm 2 outlines
the steps of this stage. It takes the initial datasets for a function f , D, the parameter
bounds defined through SECDS , the resource weight ω, the number of iterations N and
the number workers P as well as a saturation threshold τ , which helps pruning candidates
that overload the infrastructure with requests. B is the parameter space used to generate
candidates for exploration, and we use Latin Hypercube Sampling again in our Bayesian
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Algorithm 3 EvaluateParameters
1: Input: x, D, ω, τ
2: Output: ϕtotal, ϕp, ϕres, saturated, X, y
3: Sr ← ReactiveSim(x)
4: Extract Xnew,ynew ← Sr
5: M ← Train(D ∪ (Xnew,ynew))
6: Sp ← ProactiveSim(x, {M})
7: Calculate penalties:

ϕp ← SLO violations in Sp

ϕres ←
⌜⃓⃓⃓
⎷⃓|Sres

r − Sres
p |⏞ ⏟⏟ ⏞

∆abs

· ∆abs
Sres
r⏞ ⏟⏟ ⏞

∆rel

ϕtotal ← ϕp + ωϕres

8: Check saturation:
9: saturated ← (Sutil

r > τ)
10: return ϕtotal, ϕp, ϕres, saturated, Xnew,ynew

Algorithm 4 Saturation-Aware Pruning
1: Maintain: Saturated configurations set Xsat
2: Define similarity threshold τsim = 0.95
3: procedure PruneCandidates(xj)
4: for each xsat ∈ Xsat do
5: ϕrat ← 1

n

∑︁n
k=1

|xk
j −xk

sat|
|xk

sat|
6: if ϕrat > τsim then
7: Reject xj with penalty ϕ ← −∞
8: end if
9: end for

10: end procedure
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Optimization (BO). ω is a weight used when calculating the objective value - we not only
consider SLO violations when exploring the space, but also want to reduce resource usage.
We explain the details later. The optimization is looped N times, and P candidates are
evaluated in parallel.

In each iteration, we sample candidates xj using BO and then prune candidates having
parameters that overload the infrastructure, thus, are not worth investigating. Algorithm 4
shows this procedure that compares the values between the given parameters and the
recorded saturated parameter values. We calculate the ratio between them and use
the average similarity over all parameters to decide whether to reject them. If the two
sets are on average too similar (i.e., larger than τsim), the optimization rejects this
candidate immediately. The intuition behind this pruning is that we can sample workload
intensities from B that the given infrastructure cannot adequately process (i.e., more
functions would have been needed, but all resources were exhausted). Consequently,
these candidates yield high SLO violations, thus getting more explored by the optimizer,
but do not generate meaningful data. Future work could exploit these results and report
them back to users, providing them with information on which scenarios were infeasible.
Then, we evaluate the candidates as shown in Algorithm 3 in parallel, which entails the
execution of the simulation using a reactive policy, training a model by combining D with
the new features from the reactive simulation. Afterward, we execute the same scenario
with the proactive policy and calculate penalties, which act as objective values for the
optimization. ϕp contains the number of SLO violations, ϕres represents the resource
usage penalty based on the ratio between used resources during the reactive and proactive
approach. Specifically, ϕres combines absolute and relative resource efficiency using a
geometric mean approach. No penalty is applied when the proactive approach yields
better resource usage (i.e., fewer function instances). However, if the proactive approach
uses more resources than the reactive one, we apply a penalty proportional to the available
resources. ϕtotal combines the two penalties by weighting ϕres with ω, allowing us to vary
the importance of resource efficiency. Maximizing the penalty allows us to explore the
space of parameters the model is not yet adapted to and collect all new synthetic datasets.
We mark the parameters as saturated if the utilization exceeds the given threshold. The
utilization is based on the amount of resources used. After evaluating all candidates,
we update Xsat with all marked saturated results. Then we update the optimizer and
combine the previous datasets with the new ones. The optimization is stopped once the
number of iterations has been reached. The output of EdgeCloudForge is a synthesized
dataset that can be used to train predictive models for one function f .

5.2.4 Evaluation

We first outline details of our setup, including the implementation of the reactive and
proactive autoscaling models, and then present two evaluation scenarios.
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5.2.4.1 Experiment Setup

Implementation The proactive autoscaling model uses the predicted average workload
for the next minute and outputs the number of function instances. This work assumes
that an accurate workload forecasting model is available, such as presented for serverless
workloads by Joosen et al. [JHA+23]. The accurate workload forecasting model is used for
all proactive approaches, including the ones we compare ours with, which emphasizes the
resulting performance of the function instance prediction under the same circumstances.
Our evaluation uses a polynomial regression model (δ = 3) using a Standard feature
scaler and the Stochastic Gradient Descent algorithm, showing promising results in
preliminary experiments. The training data is created by calculating the average of
completed requests in five-second time windows. Furthermore, the training data is based
on the behavior of a reactive autoscaling policy. In our case, the standard Knative
Autoscaling policy tries to create as many replicas as needed to reach a particular target
concurrency level per function instance. The concurrency level represents the number of
requests in the queue of a function instance. We have implemented all components in
Python and used the HeROSim simulator [LdB+24], which includes function traces for
the evaluation. We simulate the functions dnn1 and dnn2 from HeROSim. Both stem
from an intrusion detection system application and have been profiled on edge devices,
such as a Raspberry Pi, an Nvidia Jetson board, and an edge FPGA device [LSd+24].
Moreover, in these experiments, we set N , the number of optimization iterations, to 10
and P , the candidates per iteration, to 5, and the number of initial samples to 5. For
each scenario, we generate new synthetic datasets based on the first day of the chosen
request pattern.

Comparison The evaluation focuses on comparing our framework to the reactive
approach (Reactive), the predictive model trained on three weeks of historical data
(Pred-3W ), and the approaches presented in [AIEB19] (SLOPred) and [AIB+20] (BAAS).
The SLOPred approach revolves around using simulation to generate synthetic datasets
and use them to train a prediction model for autoscaling. The prediction model uses
the response time SLO of an application and the request per second prediction as
inputs. In contrast to our approach, a single model is trained for all applications. They
linearly increase the load of an application in a step-wise fashion in the simulation to
generate synthetic datasets. BAAS presents a burst-aware autoscaling algorithm that
uses a container prediction model, trained on a similar synthetic dataset as presented in
[AIEB19]. We implement this approach by first creating a simple queue-based simulation
to determine the response times of a single function instance with increasing workload.
Then we can apply the trace-driven simulation approach presented in [AIEB19] to test
the number of containers needed to satisfy a given number of requests per second. This
generates a dataset which maps a number of requests and the response time SLO to
the number of function instances, which is used to train a decision tree regressor, as
presented in [AIEB19, AIB+20]. Due to our search-based approach and using a full
trace-driven simulation, our approach takes at least one hour in to generate the synthetic
dataset. Therefore, the approaches of [AIEB19] and [AIB+20] are much faster. However,
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EdgeCloudForge’s goal is to generate the datasets in advance, before deploying functions,
and, thus, is not optimized for fast synthetic dataset generation. This approach contrasts
with others, such as SimuScale [RND24], that aim to use simulations during runtime. Our
approach, EdgeCloudForge, uses our per-function function instance prediction model and
is trained on our ECDS-based datasets. Table 5.2 presents a summary of all approaches.

Table 5.2: Summary of Autoscaling Approaches

Approach Description
Reactive Reactive approach scaling based on current system state
Pred-3W Predictive model trained on three weeks of historical data
SLOPred SLO-based prediction model from [AIEB19] using step-wise

load simulation for training data [AIEB19]
BAAS Original burst-aware algorithm [AIB+20] trained on step-wise

simulation data [AIEB19]
EdgeCloudForge Our function instance prediction model trained on our ECDS-

based datasets

We compare the SLO violations, i.e., when a request’s response time is longer than 15x
the raw execution time, and the number of running function instances, which should
be minimized. In addition, other performance metrics are used, such as the queuing or
execution times in seconds or energy consumption in kilowatt-hour (kWh).

Scenarios Two types of experiments are conducted, the first one focusing on the ability
of our framework to generate synthetic datasets for the two functions (i.e., dnn1 and
dnn2 ) using two distinct sets of request patterns. The first set contains three function
request patterns (i.e., 49, 1412 & 1437) from the Huawei serverless dataset [JHA+25],
representing a serverless cloud platform. The second one is on the Globus Compute
Dataset, representing a serverless edge platform with request patterns. However, we
extract an endpoint’s request pattern instead of using a function’s requests. Endpoint
request patterns comprise the invocations of multiple functions and serve as a gateway.
This is because none of the functions were called consistently for a month, a prerequisite
for our scenario. The endpoint’s UUID is fc1d7a40-6293-758c-2158-b7986a2089d6, and we
extract the request pattern of February (02) and March (03) 2023. In all cases, we evaluate
the last week of the month and shorten it to 20 minutes while keeping the patterns intact.
Section 5.2.4.2 shows the results of the Huawei Cloud dataset and Section 5.2.4.3 the
results of the Globus Edge-Cloud dataset. We evaluate in Section 5.2.4.4 the scenario in
which EdgeCloudForge generates synthetic datasets based on an SECDS comprising various
network and cluster configurations, and then is evaluated on three different infrastructures
to test the robustness of the trained model when facing unseen infrastructures. This
scenario investigates the impact of varying cluster configurations in terms of device
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W49 W1412 W1437 W02 C B

avg 134 167 157 225 10 100
min 20 12 2 3 10 100
max 625 368 574 630 10 100
step 0.05 0.05 0.05 0.05 0 0

(a) Parameter Space SECDS for optimizing provactive model with three request patterns from
the Huawei dataset (i.e., W49, W1412 & W1437) and one from the Globus Compute Dataset (i.e.,
W02). Simulations were executed using both functions, dnn1 and dnn2.

C B W49 Nrpi Nxavier

avg 10 100 20 0.5 0.3
min 5 100 134 0.1 0.1
max 30 500 625 0.9 0.4
step 5 100 0.05 0.1 0.05

(b) Parameter Space SECDS for optimizing provactive model against varying infrastructure
settings. Simulations only used function dnn2 and were evaluated with patterns W49 and W02

Table 5.3: Parameter spaces for different optimization scenarios

proportions, cluster size, and network bandwidth. Table 5.3 shows the SECDS for both
experiments.

5.2.4.2 Cloud Function Autoscaling

The following compares the Reactive, Pred-3W, BAAS, SLOPred and EdgeCloudForge
approaches when executing dnn1 & dnn2 with the request patterns of the functions 49,
1412 and 1473. Those are the three functions shown in the Section 5.2.2. These functions
exhibit high, medium, and low similarity across the month.

Figure 5.16 shows the SLO violations and average number of running function instances
of the simulated functions dnn2 and dnn1 across the approaches. We see that across
all request patterns, EdgeCloudForge produced models that reduced SLO violations
compared to the reactive approach. Specifically, it reduced the SLO violations by up
to 79% in the case of the request pattern 1412 when executing dnn2. In comparison
to the other proactive approaches, EdgeCloudForge yielded similar results. However, in
EdgeCloudForge’s case, the SLO violation reduction is tied to many average running
instances. Especially when comparing this to the Pred-3W model. We investigated this
further and determined that this high resource usage happened in response to drastic
workload changes. For example, when a peak was imminent, our model created more
instances than Pred-3W and then gradually scaled down again. This also explains the
differences in SLO violations, as our approach absorbed the bursts of requests. When
comparing the number of running instances in times of low load, both approaches have
a similar instance count. Figure 5.16b shows that BAAS and SLOPred were not able

164



5.2. Simulation-driven Dataset Generation for Bootstrapping Autoscaling Prediction Models

1412 1437 49

Function

0

5

10

15

20

N
u
m

b
e
r 

o
f 

S
L
O

 v
io

la
ti

o
n
s
 i
n
 %

24

16

21

5

7

3

6

9

4
5

6

2

5

6

2

Reactive

EdgeCloudForge

Pred-3W

BAAS

SLOPred

1412 1437 49

Function

0

10

20

30

40

R
u
n
n
in

g
 F

u
n
c
ti

o
n
 I
n
s
ta

n
c
e
s

22 22

20

39

34 33

23
22

18

44 43

39
41

40

37

(a) Huawei Request Pattern evaluation results of dnn2 ’s SLO violations and average number of
running function instances.
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(b) Huawei Request Pattern evaluation results of dnn1 ’s SLO violations and average number of
running function instances.

Figure 5.16: Comparing reactive and proactive models trained on a generated synthetic
and historical dataset. Results show that EdgeCloudForge’s models can yield good results
across request patterns.

to accurately estimate the number of running instances, which led to a high amount
of SLO violations. Contrarily, Figure 5.16a shows that both approaches yielded very
low SLO violations but high resource usage. We attribute this circumstance to the
approach BAAS and SLOPred use to generate synthetic datasets. Specifically, dnn1
has a lower measured execution time; supposedly, fewer instances are needed to process
more requests. However, this theoretical approach does not capture all aspects of the
system and, thus, underestimates the number of instances. This also shows that a
simulation-based approach like EdgeCloudForge can circumvent this issue through more
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extensive simulations that capture more environmental aspects, such as cold start-up
times.

Table 5.4 and Table 5.5 show further performance metrics in detail, ranging from
the average queuing time of a request (QTime), the average function execution time
(ExecTime), the average computation time (CompTime), and the energy consumed.
HeROSim provides all these metrics at the end of the simulation and spans all requests.
While the energy is similar across approaches, the QTime can differ. We highlight the
lowest QTime for each function. The results show that BAAS had the lowest queueing
times when simulating dnn2, which also reflects the low amount of SLO violations. In
the case of dnn1, EdgeCloudForge yielded the lowest average queuing time.

The results show that our framework can generate datasets that adequately prepare the
model. Our model had a relatively high average number of running function instances
regarding resource usage for dnn1, which we attribute to the reaction to bursts of
requests. Moreover, EdgeCloudForge’s models kept the resource usage lower than BAAS
and SLOPred when simulating dnn2. BAAS and SLOPred were able to yield low SLO
violations in case of dnn2 but had a high number of violations when simulating dnn1.
We believe this is due to the theoretical model approach of generating synthetic datasets.
The Pred-3W model performed well across functions and shows that three weeks of
historical data can be enough to autoscale functions. Combining long-running historical
data and our synthetic datasets sets an avenue for future work.

Table 5.4: Performance metrics for proactive approach for function dnn2 on Huawei
request patterns. EdgeCloudForge’s QTime is close to the best one from BAAS. While
using on average fewer function instances as shown in Figure 5.16.

Func Proactive QTime (s) ExecTime (s) CompTime (s) Energy (kWh)
1412 BAAS 1.112 0.040 0.061 0.036
1412 EdgeCloudForge 1.117 0.032 0.053 0.034
1412 Pred-3W 1.234 0.025 0.046 0.035
1412 Reactive 3.304 0.035 0.056 0.036
1412 SLOPred 1.125 0.031 0.052 0.036
1437 BAAS 1.580 0.035 0.056 0.034
1437 EdgeCloudForge 1.587 0.030 0.051 0.033
1437 Pred-3W 1.728 0.025 0.046 0.033
1437 Reactive 3.918 0.040 0.061 0.033
1437 SLOPred 1.628 0.029 0.050 0.032
49 BAAS 0.532 0.031 0.052 0.035
49 EdgeCloudForge 0.632 0.028 0.049 0.035
49 Pred-3W 0.768 0.025 0.046 0.035
49 Reactive 2.718 0.036 0.057 0.036
49 SLOPred 0.555 0.032 0.053 0.036
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Table 5.5: Performance metrics for proactive approach for function dnn1 on Huawei
request patterns. EdgeCloudForge achieved the shortest QTime for all patterns.

Func Proactive QTime (s) ExecTime (s) CompTime (s) Energy (kWh)
1412 BAAS 6.833 0.005 0.026 0.023
1412 EdgeCloudForge 0.900 0.002 0.024 0.021
1412 Pred-3W 1.102 0.001 0.022 0.021
1412 Reactive 2.072 0.002 0.022 0.021
1412 SLOPred 4.096 0.003 0.024 0.022
1437 BAAS 4.115 0.001 0.022 0.020
1437 EdgeCloudForge 1.190 0.006 0.026 0.022
1437 Pred-3W 1.441 0.001 0.022 0.020
1437 Reactive 2.689 0.002 0.023 0.021
1437 SLOPred 4.938 0.002 0.023 0.021
49 BAAS 3.189 0.001 0.022 0.021
49 EdgeCloudForge 0.571 0.003 0.023 0.022
49 Pred-3W 0.789 0.001 0.022 0.021
49 Reactive 1.436 0.003 0.023 0.022
49 SLOPred 4.030 0.002 0.023 0.021

5.2.4.3 Edge-Cloud Function Autoscaling

The following results focus on the request patterns extracted from the Globus Compute
dataset [BPC+24]. Moreover, in these experiments, EdgeCloudForge only generated a
dataset based on the endpoint 02, and we used the same model for endpoint 03. This
way, we show that EdgeCloudForge’s models can be used across different environments.
Figure 5.17 shows the SLO violations and number of running instances across approaches
for dnn2 and dnn1. While Pred-3W had low SLO violations in the Huawei request
patterns, this does not hold for the Globus Compute request patterns. Specifically,
when simulating dnn2, the model could not properly scale up and had SLO violations
of up to 43%. In contrast, EdgeCloudForge, SLOPred, and BAAS were able to scale up
accordingly and yield low SLO violations. EdgeCloudForge also had low SLO violations
and a low number of instances. This further highlights the impact of request patterns,
especially since three weeks might not be enough training data. The experiments
simulating dnn1 show similar results as before, with BAAS and SLOPred performing
worse. EdgeCloudForge has the lowest SLO violations overall, albeit also having the
highest resource usage. Table 5.6 and Table 5.7 show further performance metrics across
approaches. While EdgeCloudForge did not achieve the lowest queuing time for each
scenario, it was able to achieve overall low times.
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(a) Globus Compute Endpoint Request Pattern evaluation results of dnn2 ’s SLO violations and
average number of running function instances.
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(b) Globus Compute Endpoint Request Pattern evaluation results of dnn1 ’s SLO violations and
average number of running function instances.

Figure 5.17: Comparing reactive and proactive models trained on a generated synthetic
and historical dataset. Results show that the synthetic dataset, based on one day of
historical data, yields a more robust model regarding different workload patterns.

5.2.4.4 Varying Cluster Configurations

In the following experiments, we focus on the dnn2 function and select the request
pattern of the Huawei function 49 and the Globus Endpoint pattern of February (02 ).
We vary all dimensions of SECDS during the optimization, and details on the SECDS are
shown in Table 5.3b. We set up three different infrastructure scenarios for the evaluation.
The Small one has 10 nodes, with 100 Mbit/s, 20% Raspberry Pis, and 80% Jetson
Xavier devices. The Medium scenario consists of 20 nodes, with 250 Mbit/s, and 80%
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Table 5.6: Performance metrics for proactive approach for function dnn2 on Globus
Endpoints.

Endpoint Proactive QTime (s) ExecTime (s) CompTime (s) Energy (kWh)
02 BAAS 0.993 0.032 0.053 0.032
02 EdgeCloudForge 1.287 0.027 0.048 0.033
02 Pred-3W 2.494 0.025 0.046 0.032
02 Reactive 4.294 0.041 0.062 0.034
02 SLOPred 0.992 0.031 0.052 0.032
03 BAAS 2.444 0.038 0.058 0.030
03 EdgeCloudForge 2.978 0.038 0.059 0.030
03 Pred-3W 8.633 0.025 0.046 0.029
03 Reactive 8.969 0.041 0.062 0.031
03 SLOPred 2.444 0.036 0.057 0.030

Table 5.7: Performance metrics for proactive approach for function dnn1 on Globus
Endpoints.

Endpoint Proactive QTime (s) ExecTime (s) CompTime (s) Energy (kWh)
02 BAAS 5.126 0.003 0.024 0.021
02 EdgeCloudForge 1.077 0.003 0.024 0.021
02 Pred-3W 0.883 0.002 0.023 0.021
02 Reactive 3.564 0.003 0.023 0.022
02 SLOPred 5.440 0.002 0.024 0.021
03 BAAS 9.734 0.003 0.024 0.021
03 EdgeCloudForge 2.068 0.004 0.024 0.021
03 Pred-3W 2.583 0.001 0.022 0.020
03 Reactive 5.131 0.003 0.024 0.020
03 SLOPred 8.317 0.001 0.023 0.020

Raspberry Pis and 20% Jetson Xavier devices. The Large scenario has 30 nodes with
500 Mbit/s, and both devices are included equally.

We compare the results of the optimization framework against the reactive approach
aggregated over all four weeks, shown in Figure 5.18. Results show that EdgeCloudForge
was able to generate datasets that allowed the proactive approach to reduce SLO violations
across infrastructures. However, we see differences in terms of resource usage. Figure 5.18a
shows that EdgeCloudForge required at times up to 50 function instances, drastically
increasing the usage in comparison to the Reactive approach. While the resource usage
was sometimes high, we also saw a low deviation in terms of SLO violations, leading us
to believe that a more pronounced model could keep SLO violations and resource low.
Figure 5.18b, focusing on the Globus pattern, indicates that the Reactive approach could
not absorb the requests even though it has a high average of running instances. This
indicates once more that this approach is not suitable for serverless users. To summarize,

169



5. Self-Adaptive Serverless Edge Computing using Simulation

Large Small Medium

Infrastructure

0

5

10

15

20

25

30

35
N

u
m

b
e
r 

o
f 

S
L
O

 v
io

la
ti

o
n
s
 i
n
 % Reactive

EdgeCloudForge

Large Small Medium

Infrastructure

0

10

20

30

40

50

R
u
n
n
in

g
 F

u
n
c
ti

o
n
 I
n
s
ta

n
c
e
s

(a) Huawei request pattern 49. EdgeCloud-
Forge’s models lower SLO violations across in-
frastructures while increasing resource usage.
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(b) Globus Endpoint request pattern 02. Edge-
CloudForge’s models lower SLO violations and
maintain a similar resource usage.

Figure 5.18: Results across heterogeneous infrastructures for two request patterns.
EdgeCloudForge’s models consistently lower SLO violations and outperform the reactive
approach.

EdgeCloudForge generated datasets based on the ECDS that allowed us to train a model
that can be used across infrastructures and outperform the Reactive approach.

5.2.5 Related Work

Trace-driven modeling has emerged as a powerful technique for predicting system behavior
and optimizing resource management in edge-cloud environments. Abdullah et al.
[AIEB19] show how to use trace-driven modeling to improve the performance of a
proactive autoscaler. Ray and Banerjee [RB20] present a trace-driven framework for
modeling and verifying mobility-aware service allocation and migration policies in mobile
edge computing. Given the scarcity of large, realistic datasets in emerging network
environments, several researchers have used synthetic data generation to fill this gap.
In this context, Pandey et al. [PTR+23] propose a resource-efficient synthetic data
generator that uses multi-head attention and BiLSTM layers to create realistic mobile
traffic and user behavior datasets, essential for evaluating MEC performance in 5G
networks. Enhancing this approach, 5GT-GAN [PTI+23] integrates autoregressive
techniques within a GAN framework to preserve both static and temporal features
of mobile Internet traffic. Moreover, discrete-event simulation methods by Chan et
al.[CRP22] and advanced synthesis frameworks like Meta-Sim by Kar et al. [KPL+19]
further illustrate how synthetic data can bridge the gap when real-world production data
is scarce. Furthermore, Kannan [Kan22] introduces a JSON schema-driven framework
tailored to generate realistic sensor data in edge analytics of IoT. Building on synthetic
data generation techniques, predictive autoscaling methods have been introduced to
optimize resource allocation further. Abdullah et al. [AIM+21] propose a predictive
autoscaling approach that learns a reactive autoscaling policy by executing experiments
before deploying the model in the homogeneous system. The caveat of this approach is
the tight connection between the learned policy and infrastructure. In response, Vu et
al. [VTK22] develop a hybrid autoscaling framework that combines both vertical and
horizontal scaling in Kubernetes, leveraging machine learning–based workload forecasting
and burst detection to balance quality-of-service requirements with resource efficiency
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better. Similarly, Abdullah et al. [AIB+20] present a burst-aware predictive autoscaling
method designed explicitly for containerized microservices by detecting workload spikes
using advanced forecasting techniques. Recent work has also highlighted the potential
of co-simulation frameworks to improve scheduling decisions in complex edge-cloud
environments. The works of Tuli et al. [TPS+22][TCJ23] illustrate how co-simulation can
facilitate container scheduling by using the simulator as a training ground for developing
robust scheduling models. In contrast, our approach highlights the need for co-simulation
to adapt strategies ahead of deployment and for different environments and workload
patterns. The need for this arises from the heterogeneous environment of the edge-cloud
continuum, which can render proactive approaches useless without proper fine-tuning.

5.2.6 Summary of Bootstrapping Parameters

Serverless Edge Computing promises autonomous and elastic management of functions
in response to incoming client workloads. However, cold startup time and changing
edge-cloud infrastructure render reactive approaches less effective and favor proactive
approaches. Proactive approaches that rely on trained models must overcome a specific
period before producing sufficient estimations. Synthetic dataset generation can speed up
this process using a co-simulation-based Bayesian exploration of the Edge-Cloud Domain
Space (ECDS). The ECDS dictates under which conditions serverless edge platforms
should operate and enables us to generate scenarios based on historical data (e.g., one day).
Our framework, EdgeCloudForge, explores the domain space and generates synthetic
datasets, which it uses to train a prediction model. EdgeCloudForge only requires one day
of monitoring to generate scenarios and synthesize datasets. Our simulation results show
that the synthetic datasets can train our model to reduce SLO violations over the reactive
approach and approaches from related work [AIEB19, AIB+20] across different real-
world serverless edge-cloud workloads. Results also indicate that the ECDS can capture
heterogeneous infrastructures and synthesize datasets so that the model can reduce
SLO violations under more uncertain conditions related to the infrastructure. Under
heterogeneous conditions, our model trained on such a dataset clearly outperformed the
reactive approach. However, we believe that our autoscaling can be improved by explicitly
considering heterogeneous hardware and function configurations [PN25]. Therefore, future
work includes a heterogeneity-aware autoscaling algorithm and exploring a workload
prediction model that can be integrated into EdgeCloudForge. Future work also includes
a more detailed analysis of the impact the resource weight has on the datasets and testing
different prediction models when synthesizing datasets. Finally, we want to investigate
uncertainties inherently present in such heterogeneous environments [NCTD15] and how
they can be integrated to achieve more accurate predictions.

5.3 Summary
This chapter has shown how simulations can build the foundation of a self-adaptive
platform. We first introduced in Section 5.1 the Orchestration Parameter Optimization
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Problem that aims at finding parameters to minimize SLO violations and tackle Orches-
tration Strategy Drifts. We implemented SimuScale, which solves the problem and tunes
thresholds during runtime to reduce resource usage and optimize performance. While
our solution already transfers real-world state into the simulation at runtime, a future
challenge lies in keeping the simulation on par with the real world. This entails tracking
the execution times of functions to update the simulation model. The second approach,
shown in Section 5.2, focused on generating synthetic datasets that aided the autoscaler
to reduce SLO violations. Specifically, we proposed the framework EdgeCloudForge,
which uses Bayesian optimization to find simulation scenarios that aim to synthesize
datasets that improve the robustness of the prediction model. To this end, we formulated
the Edge-Cloud Domain Space, which defines the boundaries of possible scenarios and
which builds our search space. EdgeCloudForge has shown that it can train prediction
models that can be used across different infrastructures and workload patterns based on
a single day of historical data.

Future Work
In the thesis, we focused on the optimization of parameters for Serverless Edge Computing;
however, the ideas can be applied to other application domains and use cases as well.
Specifically, data stream processing applications, such as those popular in the Internet
of Things domain [Yan17], must place data stream processors across the edge-cloud
continuum; therefore, they can benefit from our contributions. For example, data stream
processing platforms can leverage the simulations to perform what-if scenarios and
evaluate the impact of different stream processing operator placements before deciding
which is best. This process is similar to the one we have used in SimuScale, where we
determined optimal parameters for autoscaling.

Platform providers can also benefit from simulations when designing and building infras-
tructures. The simulations aid decision-making by enabling fast design cycles to test
the processing power of the infrastructure and can help find the optimal set of devices
for the intended applications. At the same time, simulations can also help upgrade
existing infrastructure. If new applications are deployed, simulations can find the most
cost-efficient way to support them by finding the minimum number of new devices needed
to satisfy user goals. The Edge-Cloud Domain Space presented in Section 5.2 can help
navigate the scenario space when searching for new hardware.
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CHAPTER 6
Conclusion

This chapter concludes the thesis. Section 6.1 presents a summary that covers the topics
of this thesis and our contributions. Section 6.2 discusses our research questions, and
Section 6.3 gives a brief outlook on future research directions and open issues.

6.1 Summary
Edge Intelligence is a paradigm that unites resources from edge to cloud to facilitate the
next generation of pervasive AI applications. These applications range from low-latency
inference tasks on edge devices to long-running training tasks on cloud infrastructure.
Therefore, deploying them is complex and needs to happen automatically. Serverless
Computing, focusing on fine-grained functions, is built on the promise that platform
providers handle the complete application deployment life cycle. Customers only provide
their applications (i.e., in the form of functions) and upload them. Platforms must
route client requests to running function instances, which are created in response to the
workload by the autoscaler. Serverless Edge Computing is the natural extension that
offers the same autonomous application management across the edge-cloud continuum.
However, this platform type has several challenges, such as mobility and energy-awareness.

In this thesis, Chapter 2 introduced various requirements for platforms that support
Edge Intelligence as a Service, and a requirements model for Serverless Edge Computing
platforms. Specifically, Section 2.1 first laid out how a possible Edge Intelligence as a
Service platform can be built, including use cases and potential platforms. We envision
such a platform autonomously orchestrating EI applications from training to inference
between the edge and the cloud. Serverless Edge Computing can suit those needs,
but faces several challenges that have yet to be addressed. Section 2.2 introduced a
requirements model using multiple criteria and analyzed current public offerings and
works from research. It also presented challenges for future iterations of Serverless Edge
Computing platforms.
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Based on this analysis, we tackled two challenges: mobile users and energy consumption.
We proposed both approaches in Chapter 3, where one approach relied on thresholds
and the other on a prediction model. Subsequently, we identified the challenge of finding
the proper parameters for those orchestration strategies and proposed a self-adaptive
platform to overcome this challenge.

A self-adaptive platform should optimize these parameters when first deploying the
strategies (i.e., bootstrapping parameters) or during runtime. To this end, Chapter 4
introduces a testing framework for Serverless Edge Computing and a Serverless Edge
Computing simulator. The testing framework includes tools for monitoring and evaluating
orchestration strategies. The simulator is based on a realistic domain design that allows
us to replicate the real-world state in the simulation.

Our proposal is a co-simulation-driven approach that feeds real-world monitoring data
into the simulation, which can then execute scenarios based on the current real-world
state.

In Chapter 5, we unite the testing framework and simulation tool to build the self-adaptive
platform. We propose two strategies that tune threshold parameters during runtime and
help bootstrap prediction-based approaches by generating synthetic datasets.

6.2 Research Questions
In Section 1.2 we posited our research questions that aim at (1) deriving requirements for
Edge Intelligence and Serverless Edge Computing platforms, (2) identifying orchestration
strategies for mobility- and energy-aware Serverless Edge Computing, (3) building tools
for a self-adaptive Serverless Edge Computing platform, and (4) developing and evaluating
methods that use simulation to facilitate a self-adaptive platform. The following discusses
these questions based on the contributions presented in this thesis.

RQ1. What are the requirements that Serverless Edge Computing needs to
fulfill for Edge Intelligence?

Edge Intelligence applications introduce various tasks and requirements that edge-cloud
platforms must address. The tasks range from sensing, preprocessing, training, and
inference. Each task introduces different requirements, such as addressability, security,
coordination, and performance, that must be met for a holistic Edge Intelligence platform.
One aspect that we also highlight is the required Elasticity of applications. Elastic
requirements range from security to performance and are proposed by customers and
implemented by platforms. Based on these platform requirements, we determined that
the emerging Serverless Edge Computing paradigm can be a promising candidate. To
that end, we deepened our requirements model for EI by proposing a set of criteria that
Serverless Edge Computing platforms must fulfill, especially to meet the requirements of
AI edge-cloud applications. The criteria are split into design time and runtime to cover
requirements from building to deploying and running serverless edge applications. The
design time focuses on aspects that involve developers and how they interact with the
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platform. For example, how they can specify SLOs for their applications is crucial for
EI. Run-time criteria focus on what platforms offer and how they are implemented. An
example is Platform Intelligence, which is based on the underlying strategy of reaching
goals, such as SLOs. We also introduced maturity levels for the proposed criteria
and evaluated multiple works from academia, open-source projects, and commercial
offerings. To answer the research question, EI applications pose several requirements
that require autonomous application management, which Serverless Edge Computing
can offer. However, based on our requirements model, many offerings have not yet fully
matured. The requirements are manifold, while EI applications pose general requirements
around the execution of applications, such as performance or security. The requirements
for Serverless Edge Computing address gaps in current implementations. We split them
into design and runtime to address the needs for developers to express their needs (e.g.,
SLOs) and the runtime that focuses on implementing those.
Especially challenges around location-awareness to support mobile users and increasing
energy consumption across the edge-cloud continuum overlap EI and Serverless Edge
Computing. Therefore, we introduced two novel approaches to address these challenges.
RQ2. Which orchestration strategies can build the foundation for mobility-
and energy-aware Serverless Edge Computing platforms?
Our mobility-aware approach [RRD+22] introduced a novel decentralized serverless edge
platform and implemented a request router, a scheduler, and a scaling system consisting of
global and local autoscalers. The local autoscalers aggregate high-frequency monitoring
data into a complex pressure value that gives direction between clusters, while the
global autoscaler uses this information from all autoscalers to determine where users
are moving and where new function instances are needed. This information is passed
on to the scheduler. Because pressure aggregates monitoring data, clusters are not
required to send all data to the cloud. Therefore, it avoids large amounts of network
overhead. Our system results in increased performance and decreased network overhead of
function calls by effectively shifting function instances across clusters based on the users.
However, the challenge of this approach is finding suitable thresholds to scale in or out.
Besides, our approach also requires other parameters (such as SLOs) that clients must set
properly. While our threshold-based system can build the foundation of mobility-aware
orchestration strategies, it introduces new challenges in finding parameters.
Next, we introduced a novel graph-based approach to model infrastructure devices,
including the individual components and their resource usage. This graph is used as input
for a GNN that predicts the state’s power consumption. Therefore, with appropriate
profiling data, we can perform what-if scenarios and determine the energy consumption
across devices to select the one with the lowest impact. We evaluated this container
scheduler in a data-center scenario and tested the GNN for accuracy, which had low error
values. Like our threshold-based system, the training data (the parameters) are crucial for
a well-performing model and accurate estimations. However, gathering training data is
time-consuming and depends on the prediction model. Some models rely on profiling data
that can be generated in an isolated environment, but others rely on real-world historical
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data. The former introduces overhead to set up and run these profiling experiments,
while the latter has to wait for real-world data to be generated.

To answer the research questions, we have successfully implemented and evaluated a
decentralized threshold-based autoscaling strategy to tackle the mobility challenge and
used a prediction-based approach to implement an energy-aware scheduler. While our
methods are suitable, we discovered the issue of finding the proper parameters for
threshold- and prediction model-based systems.

RQ3. What tools and methods are required to build a self-adaptive Serverless
Edge Computing platform?

Serverless Edge platforms are complex systems with components that enable a fully
automated application lifecycle, from uploading applications to autonomously manag-
ing them during runtime. This thesis focused on the main orchestration mechanisms,
scheduling, autoscaling, and request routing. Chapter 3 has shown how thresholds and
prediction models can build mobility- and energy-aware orchestration strategies. We
have derived from these strategies that finding parameters is challenging and critical for
good performance. Therefore, we look at what we need to do to support threshold-based
and prediction-based systems, which builds the requirements for the tools and methods
we can deploy in a self-adaptive system.

First, we look at bootstrapping parameters in the case of prediction-based strategies.
To train a power prediction model, we need to profile devices a priori to train models
that can capture the power consumption model of the devices. While our approach was
made to be independent of specific applications, i.e., by relying on system-level metrics,
it still needs a spectrum of metrics to achieve good performance. We have also shown in
Section 5.2 how limited historical data can achieve sub-optimal prediction performance
for autoscaling. A requirement for tools to facilitate bootstrapping prediction model
parameters is the ability to generate training datasets that cover a broad spectrum of
possible scenarios in advance.

Second, based on our threshold-based approach, it can be challenging to determine their
effectiveness in satisfying operational goals even with a small number of parameters.
Specifically, we have shown in our work in Section 5.1 that thresholds are not intuitive to
set even in simple scenarios. However, instead of tuning these thresholds before deploying
them, we want to explore the tuning of those during runtime. The tools of a self-adaptive
platform must be able to mimic the real world at runtime and offer the ability to find
parameters at the same time.

To summarize, tools are required to monitor and profile the infrastructure, generate
synthetic datasets, and be fed in real time to facilitate optimization at runtime.

Therefore, we propose two tools and methods to build our system’s foundation. The
first tool is our end-to-end platform orchestration evaluation framework that works in
tandem and provides workload generators and monitoring features. The second tool is
our serverless edge-cloud simulator faas-sim that is based on a realistic domain model
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(i.e., entities exist in correspondence with real-world deployed ones). The simulator allows
us to inject monitoring data and replicate the real-world state, thus implementing a
co-simulation. The two methods we propose and evaluate in Chapter 5 are optimization-
driven and revolve around exploring different scenarios to generate synthetic datasets
and update thresholds using the co-simulation during runtime.

To answer the research question, the concrete methods for self-adaptive systems depend
on the orchestration strategy’s implementation. Therefore, they must be flexible and
build on a domain model akin to the real world. We determined that they should be used
to bootstrap and tune them during runtime, and that a lack of historical data can hinder
prediction models. Furthermore, testing thresholds at runtime can yield suboptimal
results. Therefore, we deem simulations a promising candidate that can explore scenarios
in advance to generate synthetic datasets and enable optimization-driven approaches to
fine-tune parameters.

RQ4. How can co-simulation facilitate a self-adaptive Serverless Edge Com-
puting platform?

We have devised in RQ3 that co-simulation can help fine-tune parameters at runtime
and bootstrap them. In Chapter 5, we have shown our approaches to implement two
novel strategies that rely on co-simulation and address self-adaptation of parameters
during runtime and to bootstrap them.

First, Section 5.1 evaluated a method to tune parameters during runtime using co-
simulation that builds on live monitoring data to rebuild the infrastructure in the
simulation and execute potential future scenarios. We developed a threshold-based au-
toscaling method and introduced different co-simulation-driven optimization strategies to
balance resource usage and performance. Furthermore, we have unified the programming
interfaces of our tools that we presented in Chapter 4. This allowed us to program the
orchestration strategies once, deploy them on the real-world testbed, and reuse them in
the simulation, further strengthening the congruence between the two. Furthermore, due
to the simulator’s realistic domain design, we could mimic important aspects, such as
the infrastructure and function instances, in the simulation. Contrary to bootstrapping,
where we made a few assumptions about the target environment, which led to a large
simulation space, we saw that aspects like infrastructure are given when tuning during
runtime. However, workload prediction is necessary to enable this, which limits our work
due to the assumption of having the workload at hand during optimization. Through
our experiments on a testbed that fed live monitoring data into the simulation, our tools
could work in this environment and update the thresholds in real time based on the
simulated scenarios. However, we have also determined that the simulation speed is
crucial for timeliness and how far ahead we should simulate.

Second, Section 5.2 addressed the challenge of bootstrapping parameters. To this end,
we proposed a prediction-based autoscaler that we tuned with a range of historical data
and introduced our concept of edge-cloud continuum domain space that can capture the
possible heterogeneity of edge-cloud scenarios, including infrastructure and workloads. We
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implemented an approach to show that combining co-simulation with scenario exploration
can generate synthetic datasets. This implementation has also shown the challenges of
such an approach; generating plausible scenarios is a complex task with almost infinite
possible solutions. However, our Bayesian-based guided search generated synthetic
datasets in our experiments that let the model outperform the trained historical data
model.

To answer the research question, co-simulation can facilitate self-adaptive Serverless
Edge Computing platforms in generating synthetic datasets before deployment and using
optimization to search for new parameters during runtime. The former has revealed the
challenge of generating plausible simulation scenarios to train robust prediction models.
At the same time, the latter has emphasized the challenge of synchronizing the simulation
with the real-world state. The contributions of Chapter 5 have addressed both and shown
that co-simulation is a promising avenue for future self-adaptive platforms.

6.3 Limitations & Future Work
In this thesis, we investigated how orchestration strategies for Serverless Edge Computing
can handle the challenges of mobility and energy consumption. We identified the challenge
of proper parameterization [SGvK+22] of our strategies and proposed a self-adaptive
platform to handle this. While we were able to develop methods to tune or bootstrap
parameters, there are limitations to the presented contributions, as well as future work
remains open that builds upon the ideas of this thesis. The following presents these
limitations and a roadmap for future work. The roadmap includes steps to optimize
the simulation to accommodate large-scale scenarios, deepen the knowledge of self-
adaptive optimization using the Edge-Cloud Domain Space, and add advanced support
for Serverless Edge Computing platforms, culminating in an effort to tackle the challenges
that come with the integration into real-world edge-cloud deployments.

6.3.1 Analytical and prediction-based simulations
A limitation of our work is the implementation of our simulation, which can be slow and
resource-intensive at times. Specifically, our simulator builds on top of SimPy [Mat08],
a Python-based simulation engine that internally uses an event-driven system. In our
evaluation, we saw the downsides of using this engine, such as slowed-down performance
in more complex scenarios. Nevertheless, resource-efficient and fast-paced simulations
are crucial for future work that adopts our idea of supporting orchestration strategies
with simulations.

Based on that, we also investigated other simulation approaches, such as analytical and
prediction-based approaches. Specifically, in Section 3.2, we have developed a Graph
Neural Network to predict the energy consumption of a system based on resource usage,
thus simulating the power draw given a set of applications. This has enabled us to
perform what-if simulations that investigate power consumption if specific applications
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run on a given system. In our other work, exploring server consolidation for Serverless
Computing, we have introduced an analytical autoscaling model to estimate the number
of servers needed to host a specific number of function instances. In both cases, the
overhead of executing the simulation is reduced, but it introduces other challenges. The
prediction-based approach is challenged to acquire enough training data to yield accurate
estimations. The analytical model requires a deep understanding of the underlying system
to formulate appropriate mathematical models.

To this end, the first step on our roadmap for future work would be integrating multiple
types of simulations into the self-adaptive platform to improve accuracy, execution speed,
versatility, and scalability.

6.3.2 Simulation Space Exploration
In Chapter 5, we introduced the Edge-Cloud Domain Space, which covers different config-
urations of the edge-cloud continuum. This configuration space facilitates the generation
of plausible simulation scenarios for edge-cloud clusters. We used this space to explore a
search-based approach to generate synthetic datasets for possible infrastructure settings.
However, a limitation of our work is that the space only included the most relevant
characteristics, such as workload intensity, infrastructure configuration, and serverless
functions. Therefore, two avenues can be explored to further enrich the exploration of
space. First, we could extend the domain space used as input to generate plausible
simulation scenarios. For example, an issue prevalent in the edge-cloud continuum that
we have not addressed in our design space is the failure of devices. Specifically, edge
devices are prone to fail due to network outages, hardware failures, or other factors.
Therefore, extending our domain space definition to include this characteristic can make
the self-adaptive platform aware of such failures and optimize against them.

Second, multiple objective functions should be tested when exploring the space. In our
approach, presented in Section 5.2, we focused on SLO violations by navigating the space
to find configurations for which our platform performed worse to generate more training
data. However, we could also use the search to recommend cluster configurations using
other objectives, such as energy consumption. That way, platform providers can use the
platform to find infrastructure settings predicted to have high energy consumption, thus
optimizing the platform for those situations.

Therefore, the second step on our roadmap is performing large-scale simulations to explore
more diverse characteristics of the edge-cloud continuum and deepen our exploration of
the Edge-Cloud Domain Space.

6.3.3 Extended Orchestration Strategy Support
Our self-adaptive approaches have focused on supporting autoscaling (i.e., Section 5.1 &
Section 5.2) but did not consider function scheduling or request load balancing. While our
mobility-aware approach presented in Section 3.1 has implemented all three strategies, the
evaluation focused on an individual short-lived function whose execution took the same
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amount of time across different devices. This is a crucial limitation as Edge Intelligence
applications also encompass long-running applications, such as model training. Based
on that, the following summarizes three possible avenues for future work that build and
extend our work:

1. Develop a heterogeneity-aware scheduling mechanism. This tackles a fundamental
issue in edge-cloud computing and fills the gap in our mobility-aware approach.

2. Devise an autoscaling and scheduling approach that is suitable for short-lived
and long-lived functions. Both are crucial for Edge Intelligence applications (i.e.,
inference and model training).

3. Extend the self-adaptive approaches to support the newly developed orchestration
strategies, including load balancing.

6.3.4 Extended Self-Adaptive Platform

Our work has focused on optimizing parameters of function orchestration strategies
that manage individual functions, such as autoscaling. However, a Serverless Edge
Computing platform also consists of other components, such as Backend as a Service
(BaaS) [NRF+22, RND23]. BaaS refers to components that offer essential backend services
to Serverless Edge Computing. These services include storage, messaging middleware,
and others [NRF+22]. Storage commonly refers to object storage solutions that serverless
functions often use to upload or download files. Messaging middleware is crucial to
enable real-time and low-latency message exchange between clients and functions. These
components enable many specialized applications and paradigms; a self-adaptive platform
can also optimize these mechanisms. Specifically, we can simulate incoming workloads
using co-simulation and determine which objects are most often retrieved (i.e., AI models
for inference) and where they are downloaded (i.e., from which region). The self-adaptive
platform can use this knowledge to proactively move such objects to reduce network
overhead by downloading them from remote locations. Similarly, messaging middleware
can be placed in regions of frequent access to lower network latency.

Besides extending support for BaaS, we think function compositions or workflows can
profit from a self-adaptive platform. Serverless functions are often composed into complex
applications in which functions can call each other upon completion. For example, Edge
Intelligence’s inference pipeline consists of multiple AI models to perform more complex
tasks, such as video monitoring [CSM+20]. While this thesis focuses on orchestrating
individual functions, a self-adaptive platform can similarly aid workflows.

This extended platform builds the fourth step on our roadmap and lays the groundwork
for the final step of our vision.
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6.3.5 Self-Adaptive Platform for Large-Scale Infrastructure
Our self-adaptive approach has so far been evaluated only on a small-scale testbed and
with smaller-sized simulated infrastructures. This is in part owed to slow-performing
simulations, which have already been mentioned as a limitation and introduced as future
work. However, besides speeding up simulation execution time, it is also critical to
think about large-scale deployments and how to integrate the simulation with them.
Specifically, the monitoring necessary for our approach can, at a large scale, introduce
non-negligible network overhead on the infrastructure. This is a crucial step in realizing
the idea of our self-adaptive platform for real-world systems. Two avenues for future
work can tackle this issue:

• Dynamic monitoring frequency: Instead of having a static monitoring interval, the
platform could dynamically set the monitoring interval across the infrastructure.
Consider a geo-distributed multi-cluster platform; at times, it might not be necessary
to gather from all parts high-frequency monitoring updates due to idle resources.
This could save network bandwidth without negatively impacting the self-adaptation
process.

• Hierarchical simulations: our implementation in Section 5.1 currently simulates
the complete infrastructure for each optimization round. However, in large-scale
clusters, this could become a bottleneck and reduce the ability of the platform
to react quickly. Therefore, splitting the simulation across the infrastructure
could leverage distributed compute resources to enable faster simulation execution,
improve the optimization outcomes, and support the edge-cloud continuum.

This concludes our roadmap for future work; the final outcome would be an efficient
self-adaptive platform that can be deployed on real-world large-scale infrastructures.
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Overview of Generative AI Tools
Used

The following tools were used for the creation of this thesis: Grammarly1 and Writefull2.

Both tools have been used for editing and proofreading (e.g., grammar checking, etc.).

1https://www.grammarly.com
2https://www.writefull.com/
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Übersicht verwendeter Hilfsmittel

Die folgenden Tools wurden für die Erstellung dieser Arbeit verwendet: Grammarly3 und
Writefull4.

Beide Tools wurden für die Bearbeitung und das Korrekturlesen (z. B. für die Gramma-
tikprüfung usw.) verwendet.

3https://www.grammarly.com
4https://www.writefull.com/
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