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Chapter 1

Introduction

1.1 Context and Motivation

Cyber-Physical Systems (CPS) are systems that tightly integrate computational (cyber)
components with physical processes. The cyber part consists of embedded software
and computing hardware — often based on heterogeneous multi-core or many-core
processors — responsible for control, data processing, monitoring, and decision-making.
The physical part includes mechanical, electrical, or chemical components that interact
with the environment through sensors and actuators. Together, these tightly coupled
parts enable CPS to perform complex, adaptive tasks across application domains such
as healthcare, industrial automation, robotics, avionics, and space.

In modern industrial applications, these systems often take the form of distributed
CPS (dCPS), where multiple cyber-physical subsystems, each with its own computing
and sensing capabilities, are networked together. Such distributed architecture enhances
functionality, scalability, and system-wide coordination, but also introduces substantial
architectural and behavioral complexity.

As the size and complexity of dCPS continue to grow, manufacturers face significant
challenges in designing their next-generation machines based on dCPS. A key challenge
is to evaluate how design decisions influence non-functional properties of dCPS such
as performance, energy consumption, and cost. These evaluations must take place
early in the design and development process, when critical architectural choices are
still open. To support this, system designers need methods that can efficiently explore
design alternatives and provide rapid answers to “what-if” questions about the system
behavior under different configurations. This necessitates scalable and efficient system-
level Design Space Exploration (DSE) methods tailored to the unique characteristics of
industrial dCPS [107]. Such methods must integrate appropriate models of hardware
and software behavior, efficient simulation and optimization techniques, and supporting

tools for exploring a wide range of configurations.
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Most of the existing and well established DSE methods have been developed for
embedded Systems-on-Chip (SoC) and are not directly applicable to industrial dCPS
due to several obstacles. First, these methods typically lack a global system model
that can efficiently capture the behavior of distributed and heterogeneous components
interconnected with a complex network infrastructure. Second, manually constructing
such model is extremely difficult and often infeasible due to the scale and dynamic
behavior of industrial dCPS. Third, even when suitable models can be constructed,
often there is no scalable simulation and optimization engine that can efficiently explore
large system-level design spaces.

The aforementioned limitations call for new methodologies specifically designed
for industrial dCPS. These methodologies must combine efficient high-level system
modeling, automated model derivation techniques, and scalable simulation tools to

support meaningful and practical system-level evaluation and design space exploration.

1.2 Scope and Focus of This Thesis

To address the limitations discussed above, this thesis presents and develops a method-
ology for scalable and efficient DSE tailored to industrial dCPS. The focus is on
enabling informed design-time decisions during the early development phase of the
cyber part of dCPS, which plays a central role in shaping the system behavior and
performance. As dCPS expand in size and variability, the design and optimization
of their cyber components becomes increasingly complex, especially in the face of
heterogeneous architectures and dynamic runtime conditions [6]. This complexity is
further amplified by the trend toward software-intensive architectures, where more
functionality is implemented in software to facilitate adaptability and faster system
evolution [1]. As a result, the cyber part not only introduces many of the key design
challenges but also offers the most leverage for system-level optimization, making it a
strategic focus for DSE.

The proposed methodology in this thesis defines appropriate system-level models at
a high level of abstraction, while preserving sufficient accuracy to support meaningful
performance analysis and architectural trade-off evaluation. In addition to the model
definitions, it incorporates techniques and tools for automatically deriving these models
from run time data collected from existing dCPS and transforming them into executable
representations. These representations form the foundation for scalable simulation and
performance analysis.

To validate the methodology, it is applied to the TWINSCAN lithography system,
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one of the advanced machines developed by ASML [108]. This system represents a
complex industrial dCPS and provides a concrete basis for assessing the effectiveness

of the proposed DSE methodology.

1.3 Scientific Challenges

To realize a practical and scalable DSE methodology for industrial dCPS, several
scientific and technical challenges must be addressed. These challenges cover the
entire methodology, from defining a conceptual modeling framework for system-level
DSE to developing executable models, automation tools, and efficient simulation
environments. In particular, DSE must be adapted to the nature of industrial dCPS,
that are typically distributed, heterogeneous, and exhibit dynamic execution behavior.
These characteristics introduce obstacles that cannot be adequately addressed by
traditional embedded system design techniques.

A fundamental starting point is the construction of the overall DSE methodology. As
indicated in Section 1.1, the methodology must combine system modeling, automated
model derivation and transformation techniques, and system performance evaluation

tools. This requirement leads to the first challenge:

CHL1: Devise a DSE methodology for the cyber part of complex
industrial dCPS that integrates efficient system modeling, automated
model derivation and transformation, and system performance evalu-

ation into a coherent and scalable workflow.

A mature and effective DSE methodology for the cyber part of dCPS requires

system modeling that encompasses three core models [50,57]:

1. A hardware platform model describing the available computing infrastructure,

such as processing components and interconnection networks;

2. An application software model describing the behavior of distributed software

processes and their interactions;

3. A mapping model specifying the assignment of the software processes to the

hardware processing components.

Taking into account the high complexity of industrial dCPS, the aforementioned
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models must represent the system at a high level of abstraction in order to manage the

complexity and enable efficient and scalable DSE.

Additionally, industrial dCPS typically operate in multiple operation modes. An
operation mode represents a specific operational condition resulting from a particular
combination of hardware and/or software configuration parameters that are externally
imposed by the system setup or usage scenario. Different operation modes may lead to
different execution behaviors, for example in terms of resource utilization, execution
order, and interaction patterns between system components. Therefore, the system

modeling must be able to capture multiple operation modes in an abstract way.

Moreover, to support model reuse during exploration of the application software
mapped onto different dCPS hardware platform architectures, the application software
model must remain independent from platform-specific artifacts. All these requirements

lead to the second challenge:

CHL2: Define an application software model and a hardware platform
model that are independent of each other and highly abstract, yet
sufficiently accurate to support meaningful and practical performance

analysis of dCPS in different operation modes.

Even with such models defined, manually constructing them for an industrial-scale
dCPS is infeasible. Such dCPS often consists of hundreds of interacting software
processes distributed across multiple computing nodes, with behavior that varies signif-
icantly across operation modes and configurations. Capturing this behavior accurately,
while ensuring the modeling process remains scalable, is extremely challenging. In
addition, utilizing techniques and tools for automated source code analysis to infer
system behavior is often infeasible. Many industrial dCPS are composed of huge code-
bases developed in multiple programming languages, making it extremely difficult, or
even impossible, to extract software process dependencies and mode-specific behaviors
through static source code analysis. Moreover, the source code may not always be fully

accessible due to intellectual property constraints.

Nevertheless, most industrial dCPS include runtime monitoring and logging mech-
anisms to support debugging, diagnostics, and testing. This existing infrastructure
can be used to collect execution traces containing detailed runtime data collected from
real system executions. Traces record events such as process activations, message

exchanges, and synchronization points, providing a practical and scalable source of
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system behavior insights across different system operation modes. Moreover, such
system execution traces could be leveraged to derive abstract system models in an
automated way. This enables scalable model derivation across heterogeneous subsys-
tems requiring insignificant manual engineering effort and very limited (or no) access
to the application software source code. Such trace-based model derivation approach is
particularly valuable for complex industrial dCPS, where static analysis of the source

code is infeasible.

However, the usefulness of system execution traces for automated system model
derivation depends on the type of collected data, its level of detail, and whether it
reflects the system behavior across relevant scenarios (system operation modes). The
right level of detail and the type of runtime data to be collected are crucial factors in
making the trace-based model derivation both accurate and scalable. This leads to the

third challenge:

CHL3: Identify the runtime system execution data to collect, and
specify how to use it for automated derivation of the highly abstract
and sufficiently accurate application software and hardware platform
models needed for DSE of complex industrial dCPS.

After obtaining the abstract models, we need to represent them in an appropriate
form which allows performance analysis. There are generally two approaches to
achieving this: translating the models into analytical representations for analytical-
based performance analysis or transforming them into executable representations for

simulation-based performance analysis.

Analytical approaches, such as using queueing models or formal verification tech-
niques, operate on mathematical abstractions to derive performance metrics. These
techniques are effective and sufficiently accurate when the system structure and be-
havior are static and predictable to a large extent, thereby allowing strong simplifying
assumptions. However, such conditions rarely hold in large-scale industrial dCPS, where
software components are developed independently, run on heterogeneous platforms,
and exhibit mode-dependent behavior that varies across operational configurations.
These systems often rely on event-driven communication and synchronization, and
involve tight coordination among hundreds of processes. Analytical approaches struggle
to accommodate this level of behavioral variability and fine-grained timing complexity,

making them inadequate for evaluating realistic industrial scenarios. Attempting to
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translate such complex systems into overly simplified analytical models risks losing
essential details, leading to inaccurate performance insights.

In contrast, simulation approaches do not rely on static and strict structural
assumptions. Instead, they evaluate the system through the replay or generation of
representative execution scenarios, including varying workloads in different operation
modes. This flexibility allows simulation approaches to faithfully capture event-driven
interactions, runtime variability, and concurrent execution behavior. Additionally,
in many cases, simulations scale effectively with system complexity. They support
the exploration of a wide range of design alternatives by reusing the same abstract
models defined per operation mode, while varying some parameters in the mapping
and/or hardware platform models. This is particularly valuable in DSE, where the
objective is not to evaluate a single design instance, but to assess a large set of possible
architectures and configurations. For these reasons, a simulation approach is adopted
in this work as the foundation for performance analysis in DSE. To enable simulation-
based performance analysis, the abstract models must be transformed into executable

simulation entities, thereby introducing the next challenge:

CHL4: Generate executable entities from the abstract models that
are suitable for rapid simulation which enables efficient performance

analysis of complex industrial dCPS.

Finally, while existing DSE studies for dCPS primarily focus on analyzing and
optimizing the hardware platform and the assignment of software processes to hardware
processing components, they often overlook a crucial factor: the internal structure
and execution order of the software workload itself. The execution order of software
processes and tasks within every process significantly impacts dCPS performance,
particularly in terms of exploiting potential parallelism. Specifically, two types of
parallelism are essential:

1. Inter-process parallelism which involves parallel execution among different

software processes;

2. Intra-process parallelism referring to parallel execution of computation and
communication tasks within a single process.

To make these types of parallelism analyzable and amenable for exploration during

DSE, the application software model must capture both inter- and intra-process

dependencies at a suitable level of abstraction. Such a model not only enables DSE
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to identify and explore opportunities for parallel execution, but also ensures that any
increase in hardware parallelism, such as adding more hardware processing components
in the cyber part of dCPS, can be effectively utilized by exposing sufficient degree of
software-level parallelism. This is particularly valuable for large-scale software, running
on industrial dCPS, that is often proprietary and expensive to significantly modify
but may still benefit from performance improvements through better scheduling and

hardware utilization. This leads to our final challenge:

CHL5: Automatically derive an abstract application software model
that captures both inter- and intra-process dependencies in order
to enable the analysis, exploration, and exploitation of available
parallelism without significantly modifying the original software in-

frastructure in complex industrial dCPS.

1.4 Research Contributions

This thesis addresses the five scientific challenges presented in Section 1.3 by devising,
developing, and validating a comprehensive methodology, called CompDSE, for
scalable and efficient DSE tailored to the computing (cyber) parts of complex industrial
dCPS. The methodology integrates system-level modeling, automated model derivation
and transformations, and simulation-based performance analysis into a coherent and
tool-supported workflow.

To address challenge CHL1, the thesis introduces CompDSE as a structured DSE
methodology composed of three main components: abstract models, an integrated
toolbox, and simulation-based environment. The abstract models are derived from
runtime execution traces, collected from an existing industrial dCPS, where DSE
is applied to explore and design the next-generation alternatives of the dCPS. The
toolbox includes algorithms for automated model derivation from execution traces,
model-to-model transformations to convert the derived model into executable entities,
and simulation code generation. These components enable the performance evaluation
of each design configuration through discrete-event simulation.

In response to challenge CHL2, we devise three core models: an application workload
model representing the software infrastructure of dCPS, a delay-based hardware platform
model representing the hardware infrastructure of dCPS, and a workload-to-platform

mapping model specifying the distribution of the software workload on the hardware
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platform. These models are defined at a very high level of abstraction while maintaining
sufficient accuracy for system-level performance evaluation of complex industrial dCPS.

The abstract application workload model captures the software workload as a set
of processes that exchange messages via communication channels. For each dCPS
operation mode, a process is represented as a time-agnostic sequence of computation
and communication events that reflects the software execution flow without relying
on platform-specific information. Every event has an abstract signature that models
the workload of the event imposed on the hardware platform. Besides the workload
signature, communication events include the size of the message which is communicated.
Since we can derive the model from several execution traces representing different dCPS
operation modes, the model captures mode variability in dCPS, enabling different
mode-related software workloads to be modeled under varying configurations.

The abstract delay-based hardware platform model captures the hardware plat-
form topology and, when transformed to executable entities, emulates computation
and communication delays associated with the corresponding events in the abstract
workload model. The hardware platform model consists of hosts connected to one or
more switches, where each host contains multiple computing cores characterized by
specific operating frequencies. While hosts are responsible for emulating the delays
of computation events, switches emulate the delays of communication events as net-
work transfer delays associated with exchanged messages between processes over a
communication network.

The workload-to-platform mapping model specifies the assignment of processes in
the application workload model to the hosts in the hardware platform model, thereby re-
lating these two core models to form an abstract dCPS system model. In addition to the
three core models, we have developed and incorporated in CompDSE an environmental
influence model to account for timing effects originating from subsystems that could
not be traced due to system constraints. These subsystems, which typically interact
with the physical environment (e.g., sensors, actuators, or mechanical components),
are not explicitly modeled. However, their interaction with traced components (hosts)
introduces timing variations that influence the overall system performance. Therefore,
the environmental influence model complements the abstract dCPS system model by
implicitly and abstractly modeling the untraceable subsystems.

To address challenge CHL3, we study thoroughly traceable components within
complex industrial dCPS and observe that the runtime data needed to derive the
aforementioned abstract models is spread across both the user space and kernel space

of the operating system (OS) running on these components. Therefore, the OS is
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selected and utilized as the source for obtaining execution traces that combine standard
kernel-space events with custom user-space events generated via software source code
instrumentation.

In the user space, traces are collected by adding trace points in key library functions
such as send and receive, that are commonly used by software processes and located
in shared libraries. This approach avoids the need to instrument the source code of
individual processes. The collected user-space traces include event timestamps, process
names, and details of the instrumented functions, such as the size of the messages
transferred by processes. These traces are primarily used to derive the processes,
communication channels, and computation and communication events in the abstract
application workload model. They also contribute to the derivation of the mapping
model and parts of the abstract hardware platform model.

In the kernel space, relevant standard kernel events are collected to derive the
abstract workload signatures of the events in the workload model and to provide
complementary information for deriving the abstract hardware platform model. Having
execution traces with the collected data, described above, we devise and implement
several algorithms to automatically derive the three core abstract models utilized within
the CompDSE methodology. These algorithms are included in the CompDSE toolbox
mentioned earlier.

In addressing challenge CHL4, we develop and utilize model-to-model transforma-
tion algorithms, included in the CompDSE toolbox, that transform the automatically
derived abstract application workload, platform, and mapping models into executable
simulation entities. These executable entities include process entities for the applica-
tion workload model, a centralized mapper entity representing the mapping model,
and host and switch entities for the hardware platform model. The process entities
generate and send computation and communication events to the mapper entity, which
dispatches them to the appropriate host entities according to the specified mapping.
Communication events are routed from the source host through the switch entities to
the destination host. All these entities can interact and synchronize with the help of
any discrete-event simulation engine, where host and switch entities simply emulate
computation and communication timing delays only in order to support efficient and
scalable system performance evaluation. In the CompDSE toolbox, we provide code
generation algorithms that convert these executable entities into a specific code format
targeting the well-known OMNet++ discrete-event simulation environment [113].

Finally, in response to challenge CHL5, we propose an important refinement of

the abstract application workload model in order to capture both inter- and intra-
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Chapters vs. Challenges CHL1 CHL2 CHL3 CHL4 CHL5
Chapter 3: CompDSE Method+Models v v v

Chapter 4: CompDSE Tools v v

Chapter 5: CompDSE Evaluation v

Chapter 6: Workload Model Refinement v

Table 1.1: Relation between the thesis chapters and research challenges

process parallelism. The most essential feature of the refined model is the grouping of
cohesive computation and communication events into semantically meaningful tasks
within every process that potentially could run in parallel. Each task corresponds to a
sequence of events that need to be performed in response to an internal or external
trigger that fires a process. Moreover, we propose a dependency analysis approach to
identify opportunities for safely reordering and executing these tasks in parallel, without
requiring significant modifications to the source code of the software infrastructure
in dCPS. This approach enables deeper insights into the concurrency characteristics
of the software workload and reveals optimization opportunities for better hardware

resource utilization.

1.5 Thesis Structure

The remainder of this thesis is structured as follows:

Chapter 2 provides the necessary background to understand the thesis contributions.
It introduces the principles of DSE, the Y-chart modeling approach, and the limitations
of current DSE tools when applied to complex industrial dCPS. It also presents
the ASML TWINSCAN machine as a representative industrial dCPS and discusses
the nature of event-driven execution in such systems. Additionally, it explains the
distinction between user-space and kernel-space execution traces and outlines general
strategies for collecting them, providing foundational context for the trace-based model
derivation presented in later chapters. It also introduces some existing facilities used
to support modeling, transformation, and simulation activities throughout the thesis.

Chapters 3 through 6 present, in great detail, the main research contributions that
directly address the scientific challenges introduced in Section 1.3. Table 1.1 lists these
chapters and shows the research challenges addressed in each chapter.

Chapter 3 describes the proposed CompDSE methodology, defines its abstract

models, and explains how these models are represented as executable entities suitable
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for discrete-event simulation, thereby addressing challenges CHL1 and CHL2, and
partly challenge CHLA4.

Chapter 4 presents the toolbox of CompDSE. More specifically, it explains in detail
the specific user-space and kernel-space execution traces and describes the algorithms
for automatically deriving the abstract models from these execution traces, thereby
addressing challenge CHL3. In addition, it introduces the algorithms to transform the
derived abstract models into executable simulation entities and to generate simulation-
ready code targeting OMNet++-, thereby addressing challenge CHLA4.

Chapter 5 evaluates the accuracy and efficiency of the CompDSE methodology
by applying it to the ASML TWINSCAN machine. The efficiency is measured by
recording the time required to evaluate individual design configurations. Additionally,
through a set of manual DSE experiments, the chapter demonstrates the methodology’s
capability to evaluate the performance of alternative hardware platform designs. This
confirms that the CompDSE methodology is sufficiently fast and practical for DSE in
industrial dCPS, thereby addressing the efficiency aspect of challenge CHL4.

Chapter 6 presents the refinement of the abstract workload model to capture both
inter- and intra-process dependencies. It also describes in detail the dependency analysis
approach to identify opportunities for parallel execution of tasks within processes,
thereby addressing challenge CHL5.

Finally, Chapter 7 concludes the thesis by summarizing the main contributions and

outlining directions for future work.
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In this chapter, we provide background on key concepts, technologies, and facilities
relevant to the thesis. Section 2.1 introduces DSE, outlining its general workflow
and the Y-chart modeling approach as a foundation for system-level design analysis.
Section 2.2 discusses the limitations of existing embedded DSE tools when applied to
large-scale industrial dCPS. Section 2.3 describes the ASML TWINSCAN machine as a
representative industrial case study, followed by Section 2.4, which explains event-driven
execution as a common execution paradigm in such systems. Section 2.5 clarifies the
distinction between user-space and kernel-space execution traces and outlines general
strategies for collecting them. Finally, Section 2.6 reviews the simulation environments

and modeling frameworks employed throughout this thesis.
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2.1 Design Space Exploration

DSE refers to a systematic process for exploring alternative system designs by evaluating
and comparing configurations based on one or more optimization objectives. It is
widely used in early design phases of a system to support informed decisions based
on analysis, helping system developers understand the implications of different design
choices before actual implementation, thereby reducing costly iterations and late-stage
changes of the system. This is particularly valuable when designing complex systems
where multiple interacting components, resource constraints, and conflicting objectives
must be carefully balanced [68].

A system configuration evaluated within the design space is referred to as a design
point. Each design point represents a unique combination of system parameters and
design decisions that can be assessed against one or more optimization objectives.
DSE is typically formulated as either a single-objective or multi-objective optimization
problem. In single-objective DSE, the focus is on optimizing a specific goal such
as execution time, energy consumption, or safety. In contrast, multi-objective DSE
evaluates trade-offs among multiple and often conflicting goals — such as latency,
reliability, power consumption, and cost — to identify Pareto-optimal solutions that
offer balanced trade-offs. To guide the search and evaluate each design point, a fitness
function is defined that quantifies how well a particular configuration satisfies the
objective(s). This function may be a single metric or a composite score combining
several criteria, depending on the DSE formulation.

DSE is commonly characterized along two complementary dimensions: 1) the
evaluation of individual design points using appropriate models and analysis methods,
and 2) the systematic coverage of the design space, given that exhaustive exploration
is typically infeasible [46]. In practice, these two dimensions are closely related. More
accurate evaluation of a design point often requires more complex models and higher
computational effort. This, in turn, limits how many design points can be explored and
the degree to which the exploration can be fully automated. These aspects together
define the core challenges addressed by DSE methodologies.

Although DSE is a general methodology with applications across a wide range
of domains, including hardware design, software optimization, robotics, and CPS, it
has received significant attention in the embedded systems domain. This is because
embedded systems are particularly constrained by non-functional requirements such
as timing, energy efficiency, and reliability, and typically operate under tight resource

limitations. In this context, DSE is often used to explore architectural configura-
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tions, task-to-resource mappings, and scheduling strategies to meet these constraints
effectively [79]. Early DSE toolchains for embedded systems were often built around
ESL (Electronic System Level) modeling approaches [40], which describe the system
behavior and architecture at a high level of abstraction. These approaches were
realized using different modeling infrastructures, including but not limited to SystemC-
based frameworks. Well-known ESL frameworks supporting DSE for embedded and
MPSoC systems include SystemCoDesigner [56], Metropolis [12], Ptolemy II [28],
and Daedalus [92,101]. While these frameworks differ in their underlying modeling
formalisms and tool support, they share a common focus on early evaluation of archi-
tectural alternatives and application-to-platform mappings. For example, Metropolis
and Ptolemy II emphasize on flexible modeling and analysis across multiple models
of computation (MoCs), whereas Daedalus emphasizes on automated exploration and
synthesis flows, and SystemCoDesigner focuses on tool-supported exploration and
architectural synthesis for embedded MPSoCs.

The importance of DSE is increasingly recognized in industry due to rising system
complexity, growing demands for product customization, and the need to ensure high
performance under diverse and dynamic operating conditions. A recent study based on
a survey of practitioners and researchers highlights that while performance challenges
are well known in industrial contexts, there is still limited adoption of structured DSE
methods in practice [107]. The findings show that many performance issues are detected
too late in the development cycle, often during integration or system operation, leading
to costly redesigns. Consequently, there is a clear industrial demand for earlier and
more systematic evaluation of design alternatives to mitigate these late-stage design

problems.

2.1.1 General Workflow of DSE

The DSE process is typically structured around a systematic workflow composed of
five key steps [78]:

1. Modeling: Abstract models are developed to capture the system’s structure and
behavior at a high level. This system modeling typically follows the well-known
and established Y-chart approach [57], as briefly explained in Section 2.1.2.

2. Design Space Definition: The design space is defined by identifying all rele-
vant parameters, decisions, and constraints that characterize potential system

configurations. This includes, for example, the number and type of hardware
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processing components, communication infrastructure, memory hierarchy, ap-
plication task scheduling policies, and mappings between application tasks and
hardware components. The resulting design space may be extremely large and

multi-dimensional.

. Exploration Strategy: Various strategies can be used to explore the design

space, depending on its size and complexity. These include exhaustive search
in the design space, random sampling, manual selection, or heuristic and meta-
heuristic methods. Common metaheuristic techniques include Genetic Algorithms
(GA), Simulated Annealing, Particle Swarm Optimization, and Ant Colony Op-
timization [96]. These methods aim to efficiently explore large design spaces
while identifying design solutions that perform well with respect to the system’s

optimization objectives and constraints.

. Performance Estimation: For each selected design point during the search

in the design space, one or several performance metrics are estimated using
analytical techniques, simulation techniques, or a combination of both. Typical
metrics include system execution time, energy consumption, resource utilization,

reliability, and cost.

. Analysis and Selection: The evaluated design points are analyzed to identify

Pareto-optimal design solutions and to understand trade-offs between conflicting
optimization objectives. Based on this analysis, designers can select one or more

system design solutions that best align with the system’s goals and constraints.

2.1.2 Y-Chart Modeling Approach

The Y-chart modeling approach is a well-established methodology that structures the

system-level modeling and exploration process to support DSE in embedded systems

and CPS [57]. It provides a structured way to separate concerns during system-level

design by modeling the system from three distinct perspectives. These perspectives

are typically visualized in the form of a “Y” shape, as shown in Figure 2.1, where each

branch represents one model contributing to the performance evaluation process. The

three core model types in the Y-chart are as follows:

e Hardware platform model describing the available computing infrastructure,

such as processing components and interconnection networks;

e Application software model describing the behavior of distributed software

processes and their interactions;
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Figure 2.1: Tllustration of the Y-chart modeling approach

e Mapping model specifying the assignment of the software processes to the

hardware processing components.

The interaction between these three models defines the scope of design alternatives
considered during exploration. Each unique combination of an application, a platform,
and a mapping constitutes a design point that can be evaluated in terms of performance.

As depicted by the dashed arrows in Figure 2.1, the Y-chart supports an iterative
design process. Insights gained from performance analysis can be used to refine the
application model, adjust the platform architecture, or improve the mapping. This
feedback loop enables designers to explore alternatives systematically, reason about
trade-offs, and converge toward optimal or satisfactory design solutions. Depending on
the design objective, one or more of these dimensions may be fixed while the others
are explored.

A key advantage of the Y-chart approach is its separation of concerns, which allows
the application and the platform model to be independently developed, analyzed, and
reused. Such model separation supports scalability, improves design re-usability, and

enables efficient exploration of large design spaces.

2.2 Limitations of Embedded DSE Tools for Indus-
trial dCPS

While the foundational principles of DSE, such as separation of concerns and abstract
modeling, apply to both embedded systems and dCPS, existing embedded DSE tools

exhibit significant scalability limitations when applied to large-scale or industrial dCPS.
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In this subsection, we demonstrate these limitations through an experiment.

In our experiment, we used SESAME (Simulation of Embedded System Architec-
tures for Multilevel Exploration) [80], a well-established framework for system-level
modeling, simulation, and design space exploration of embedded Multiprocessor System-
on-Chips (MPSoCs). We selected SESAME because it supports high-level abstract
modeling of both application workloads and hardware architectures, which enables
efficient DSE for these systems. For the application model, we chose a publicly available
multimedia streaming application. This choice is motivated by the observation that,
at a high level of abstraction, the dataflow nature of many industrial CPS workloads
aligns well with the streaming application model.

Because such MPSoC applications are typically small (the selected one includes
only six processes), we replicate the application multiple times to simulate larger
workloads. For the platform model, we defined an MPSoC architecture with four types
of processors, each with different cost and performance characteristics. To simplify the
communication between processing components, all components share a single bus and
memory. To eliminate the impact of communication bottlenecks, we model an idealized
communication system by setting all memory and communication costs to zero.

To approximate the scale of industrial dCPS, we scaled the platform to support
up to several hundred processing components. In our experiment, we explore different
mappings of the application workload (processes) onto the underlying platform archi-
tecture. We used a GA with a population size of 20, and each DSE run consists of 50
search iterations (generations), exploring a total of 1000 design points per run. Figure
2.2 shows the average DSE runtime as a heatmap, with the number of application
processes on the X-axis and the number of processing components on the Y-axis.

Each experiment is conducted two to four times using the same input parameters,
and the results are averaged. Due to resource constraints, some experiments are
conducted only once or twice. These are marked with white shading in Figure 2.2.

The 458 experiments accumulate a total runtime of approximately 64 days and
2 hours. The results show that the DSE runtime increases significantly, growing
faster than linearly with respect to the number of application processes and processing
components. This effect is especially pronounced when scaling the number of application
processes, primarily due to increased simulation overhead.

Even in this simplified setting with idealized communication and replicated inde-
pendent applications, exploring a design space involving 100 application processes and
tens of processing components requires substantial computational effort. While the

number of possible mappings is large, the overall structure of the design space remains
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Figure 2.2: Heatmap of the DSE runtime (in hours) by varying the number of application
processes and processing components

relatively simple and predictable due to the absence of inter-dependencies between

application processes and the use of an idealized communication model in the platform.

Because of these simplifications, such as allowing every process to communicate
with any other process regardless of the processing component to which it is assigned,
our experiments do not account for the overhead of repairing invalid design points. In
realistic scenarios involving heterogeneous architectures and interdependent processes,
additional overhead from invalid mappings and complex interactions would likely result
in longer runtimes. Therefore, our experimental results represent a best-case scenario

with respect to the required DSE runtime.

The aforementioned findings show that even under simplified conditions, current
embedded DSE tools are only partially effective when applied to (emulated) large-scale
industrial dCPS. In more realistic cases, the optimization process is likely to converge
more slowly toward design points that satisfy performance constraints, while also
exhibiting reduced search efficiency and encountering a higher proportion of infeasible
configurations. These limitations would further hinder the practical applicability of

existing tools to complex industrial systems.

This example highlights the need for new modeling abstractions and scalable DSE
tools specifically tailored to the characteristics of industrial dCPS, where evaluating
realistic application workloads mapped onto large-scale dCPS architectures within

acceptable time bounds remains a fundamental challenge.
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2.3 ASML TWINSCAN Machine

As representative examples of large-scale industrial dCPS, the ASML lithography
machines [108] play a central role in semiconductor manufacturing by enabling the
production of high-density integrated circuits. These machines use precision optics to
project circuit patterns, defined by reticles or masks, onto photoresist-coated silicon
wafers. A wafer is a thin, circular slice of semiconductor material, typically processed
in batches called lots, each consisting of multiple wafers handled together during
manufacturing.

As the name suggests, the ASML TWINSCAN machine employs a dual-stage
scanning mechanism. In the first stage, various sensors measure the precise location
of the wafer. In the second stage, this measurement data is used, along with a set
of actuators, to perform the actual exposure process. By executing these two stages
simultaneously on separate wafers, the system achieves higher production throughput
and improved efficiency.

To initiate wafer processing, detailed recipes must be defined. These recipes specify
the number of lots, the number and source of wafers in each lot, and, most importantly,
various exposure and measurement parameters. The diversity in recipes results in
different application workloads, each corresponding to a specific operation mode.

The cyber part of the ASML TWINSCAN machines consists of a complex software
infrastructure distributed across heterogeneous multi-core subsystems connected via
high-speed networks. These subsystems, running on various OS platforms, are catego-
rized based on their function as either embedded real-time or server-based systems.
The server-based subsystems primarily run on Linuxz OS, whereas most of the real-time
embedded subsystems operate on Wind River VxWorks OSs.

Within this infrastructure, hundreds of processes execute concurrently and exchange
thousands of messages per second to maintain tight coordination across subsystems.
This high volume of communication and processing adds to the complexity of managing
and optimizing the system performance, particularly when accounting for the real-
time constraints of the embedded subsystems and the scalability of the server-based

subsystems.

2.4 Event-Driven Execution in Distributed Systems

High-performance distributed systems, including industrial dCPS, commonly use an

event-driven execution model, where software processes respond to incoming events
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rather than executing in a fixed sequence. At the core of such execution model is
the event loop, which continuously listens for system events, such as messages, timer
expirations, or scheduling triggers, and asynchronously invokes the appropriate tasks.

When an event occurs, the corresponding process executes the required computation
or communication tasks and responds by either sending a message or triggering another
event. This reactive approach enables efficient handling of multiple requests by ensuring
that processes are activated only in response to relevant events, thereby avoiding
unnecessary or periodic execution. Depending on the system’s workload characteristics
and available resources, the event-driven execution may follow a single-threaded strategy
where events are handled sequentially, or a multi-threaded approach where events are

processed in parallel by worker threads.

2.5 Execution Traces

Execution traces provide a foundational mechanism to observe, analyze, and monitor
the behavior of a system. They record events during the system runtime, allowing
detailed reconstruction of how software components and hardware resources interact
over time. In dCPS, tracing is essential for understanding the coordination and
interaction among concurrently executing components. An industrial dCPS, such as
the ASML TWINSCAN machine, often includes built-in capabilities for collecting
traces, logs, and runtime statistics to support system-level observability.

An execution trace is a temporally ordered sequence of runtime events, such as
function calls, memory accesses, task activations, or message transfers. Each event
typically includes metadata such as timestamps, thread or process identifiers, and action
descriptors. Traces can capture both high-level application behavior and low-level
hardware activities. In general, traces can be collected at different system levels via

the operating system (OS):

e User-space traces: Collected from the user-space part of the system, typically
by instrumenting application software. Developers can insert tracepoints to record
custom events and parameters. These traces are useful for analyzing the logical

flow of application-level processes and their interactions.

e Kernel-space traces: Collected from the kernel-space of the OS, providing
insight into low-level system behavior such as context switches, system calls,
interrupt handling, and CPU scheduling. These are essential for diagnosing

timing issues and resource contention in multitasking or real-time environments.
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Execution traces may be stored in various formats, from human-readable to compact
binary encodings. Binary formats are generally preferred for efficiency and are processed
offline using specialized tools after collection. In Linux-based systems, the Common
Trace Format (CTF) is a binary format that is widely used. The LTTng (Linux Trace
Toolkit: Next Generation) framework [30] is a well-known tool for collecting both
user-space and kernel-space traces in CTF format. For post-analysis and visualization,
the open-source tool Trace Compass [104] supports CTF and provides interactive

capabilities such as filtering, correlation across traces, and timeline inspection.

Tracing is also supported in embedded real-time operating systems. In particular,
the Wind River VxWorks OS provides built-in tracing capabilities through the System
Viewer tool [119], which records events from both the kernel space and user space.
Trace data is stored in a proprietary binary format (with the .wvr extension) and can

be analyzed and visualized using the Wind River Workbench environment.

When setting up trace collection, several practical factors must be considered, such
as which events to record, where to store them, and how to transfer the traced data
for analysis. In some systems, traces are transferred after the entire collection process
is complete, while in others, they must be transferred during the system runtime.
For instance, in the TWINSCAN machines, embedded subsystems may lack sufficient
memory to store traces locally. Instead, traces are streamed over the network during
runtime. In such cases, it is important to manage the network bandwidth carefully to
avoid trace streaming interference with the system’s real-time behavior during trace

collection.

2.6 Simulation and Modeling Environment

This section outlines the simulation and modeling environment used to support the
system model transformation and performance evaluation in our CompDSE methodol-
ogy. We employ a combination of tools to carry out these activities. The OMNet+-+
library and framework is used to simulate our models for performance evaluation. The
model construction is carried out using the Eclipse Modeling Framework (EMF), while
the model transformation is implemented using the Xtend programming language.
Each of these tools and their roles in our methodology are described in the following

subsections.
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2.6.1 Discrete-Event Simulation using OMNet++

OMNet++ [113] is an open source, extensible, and component-based discrete event
simulation environment designed for building and simulating large-scale communication
networks and distributed systems. It supports a hierarchical module structure, event
scheduling, and message passing between components, making it suitable for modeling
systems with complex interactions.

In our work, OMNet++ is used as the simulation environment for system perfor-
mance evaluation. Within this environment, we simulate the system models in three
layers: application workload, hardware platform, and mapping. This setup allows us
to observe the performance outcomes of different design points by analyzing how these
layers are combined and interact with one another.

Although the system performance evaluation in the CompDSE methodology can be
conducted using any discrete event simulator with the appropriate code generation and
integration steps, we select OMNet++ because it supports relatively large components

and provides good simulation performance.

2.6.2 Eclipse Modeling Framework

The Eclipse Modeling Framework (EMF) [93] is a modeling and code generation
framework for building structured data models. It allows developers to define models
using a metamodeling approach and automatically generates corresponding Java code
for model manipulation, serialization, and data persistence.

In our work, EMF is used to construct models representing different layers of the
system, including the application workload, hardware platform, and mapping. These
models are described using FEcore, the EMF’s metamodeling language, which provides a
structured way to describe model elements, attributes, and relationships. By leveraging
EMF, we ensure consistency across model representations and enable automation in

model transformation and integration processes.

2.6.3 Model Transformation with Xtend

Xtend [32] is a high-level programming language built on top of Java, designed to
support model transformation and template-based text generation. It offers concise
syntax, type inference, and powerful templating features that make it well-suited for
generating code and configuration files from the models. Xtend integrates seamlessly

with the Java environment, allowing developers to reuse existing Java libraries and tools,
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which is particularly beneficial in model-driven engineering workflows. In our approach,
Xtend is used to implement transformation rules and code generation templates at
multiple levels: from data in execution traces to system models described in EMF
format, from EMF-format models to executable entities, and from executable entities

to simulation-ready code compatible with OMNet++-.
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In this chapter, we introduce the CompDSE methodology, a structured framework for
conducting system-level DSE on complex industrial dCPS, addressing challenge CHL1.
We then describe the abstraction models used within CompDSE, that are intended
to address the modeling challenge CHL2. Additionally, we explain how these models
are represented as executable entities in a discrete-event simulation environment,
contributing to the resolution of challenge CHLA4.

The chapter is organized as follows. Section 3.1 presents the problem statement
and motivates the need for a new methodology for DSE in large-scale industrial dCPS.
Section 3.2 outlines the key contributions of the CompDSE methodology and its
supporting models. Section 3.3 reviews related work on DSE in the CPS domain
and associated modeling approaches. Section 3.4 introduces the structure of the
methodology and its core components. Section 3.5 details the abstract models —
application workload, hardware platform, mapping, and environmental influence — and
explains how the corresponding executable entities are used in simulation environments
to enable system-level performance evaluation. Section 3.6 discusses the design space

supported by the proposed framework. Finally, Section 3.7 concludes the chapter.
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3.1 Problem Statement

DSE is a promising approach for evaluating system-level performance in the early stages
of the design cycle. However, existing DSE tools — mostly developed for embedded
systems or small-scale CPS — are not suited for the complexity of industrial dCPS.
These systems feature large-scale, heterogeneous software and hardware infrastructures.

A key limitation of these tools is the lack of an integrated methodology that combines
system-level modeling, automated model derivation, and scalable system simulation.
As a result, existing tools fail to support efficient exploration of the large design spaces
typical in industrial settings. More specifically, no consistent DSE framework exists to
support the construction of highly abstract yet sufficiently accurate models that reflect
the behavior of complex industrial dCPS. These systems often consist of hundreds of
independently developed processes running across heterogeneous hardware platforms
and require tight synchronization through event-driven execution. Additionally, they
operate in multiple modes, each associated with distinct software behavior that must
be captured.

In the absence of such DSE methodology and model infrastructure, designers of
industrial dCPS lack effective methods and tools to evaluate “what-if” scenarios and
explore architectural alternatives. This gap represents a significant barrier to the

scalable and efficient design of next-generation dCPS.

3.2 Contributions

This chapter makes the following key contributions towards enabling scalable and
efficient DSE for industrial dCPS:

1. The CompDSE methodology: We introduce CompDSE, a structured method-
ology for conducting system-level DSE tailored to the cyber components of
industrial dCPS. The methodology integrates efficient system-level modeling with
supporting tools for automated model derivation, transformation, and perfor-
mance evaluation. CompDSE is particularly suited to existing complex industrial

dCPS that are being explored for next-generation upgrades.

2. Proper modeling: Building on the CompDSE methodology, we define a set of
highly abstract, yet sufficiently accurate models: the application workload model,
the computing hardware platform model, and the workload-to-platform mapping

model. Additionally, we introduce a highly abstract environmental influence
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model to account for timing effects caused by subsystems that interact with the

physical environment but are not explicitly traced and modeled.

3. Executable simulation entities: We define how the aforementioned abstract
models are instantiated as executable entities that interact during discrete-event

simulation to model the system behavior.

3.3 Related Work

In reviewing related work on DSE, two key aspects deserve particular attention: 1) the
methods and algorithms used for DSE in CPS, and 2) how the core models are defined
within the DSE methodologies. Among these models, software application modeling
presents unique challenges due to the complexity, variability, and scale of software
infrastructures in industrial systems. Notably, the way application behavior is modeled
influences the required level of abstraction of the underlying hardware platform, as
well as the modeling granularity of mapping models between application and platform.
Accordingly, this related work section is organized into three parts. The first part
reviews system-level DSE methodologies relevant to CPS. The second part focuses on
prior work in software application modeling, highlighting the limitations of existing
approaches. The third part reviews existing approaches to hardware platform modeling

and application-to-platform mapping, and explains the rationale for their selection.

3.3.1 System-Level DSE Methodologies for dCPS

DSE for CPS has been extensively studied, leading to various methodologies and tools.
While the entire process can be broken down into multiple steps (as explained in
Section 2.1), it can be abstractly distinguished into two primary components: 1) system
modeling and analysis methods, which evaluate different design objectives of a single
design point, and 2) search algorithms, which traverse the design space consisting of
many design points to find (Pareto-)optimal designs.

The first component involves preparing the infrastructure for system modeling
and analysis, using various tools to create models representing the system. These
models are used to evaluate specific DSE objectives, such as cost, energy consumption,
reliability, and/or performance. Importantly, the models can vary in their level of
abstraction depending on the objective. The accuracy of these models and the efficiency
of the methods used to evaluate a single design point are crucial, as they are typically

conflicting, i.e., more accurate models result in slower evaluations.
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The second component concerns the search mechanisms used to explore the design
space. This includes various DSE algorithms for multi-objective optimization [98,117],
automating the DSE process [11,112], and limiting the search space for more efficient
exploration [102,110,111].

This section focuses on the first component, specifically system modeling and
analysis for DSE, and remains agnostic to the search mechanisms used, meaning that
any search mechanism can be integrated into the CompDSE methodology.

Several related studies concentrate on system modeling and analysis methods for
DSE. Some of these are based on static methods like analytical models. For instance, the
CNMA method [74] uses constraint programming for estimating power consumption and
ensuring the timing correctness of a CPS. Similarly, the ArchEx 2.0 framework utilizes
a high-level pattern-based specification language for CPS architecture exploration [58].
However, these static methods often lack the flexibility to handle dynamic interactions
between processes effectively, especially when these interactions are complex and evolve
over time.

Other studies have adopted simulation-based approaches that model and co-simulate
the cyber and physical parts of CPS using tools based on differential equations or
well-known MoCs. For example, in [7], Matlab Simulink is used to model both the
physical and controller parts of the CPS, along with a SoC as the cyber part. This
approach explores design objectives such as energy consumption and control stability
in an inverted-pendulum application. Another study [73] co-simulates a high-level
physical environment model in Matlab Simulink and a control application model in
SystemC.

Similarly, in [39], a high-level partitioning approach extends the TTool (partitioning
tool) with new SysML models that abstractly represent SystemC AMS components,
applied to a medical device to reduce cost and increase portability. Despite their
detailed modeling capabilities, these simulation-based methods are often time-intensive
and do not scale well for large and complex industrial CPS.

Functional models have also been used to represent CPS behavior in co-simulation.
For instance, [23] introduces a Functional Modeling Compiler (FMC) that synthe-
sizes technology-dependent solutions for architectural design space exploration using
multidisciplinary simulations like AMESim and Modelica. While FMC facilitates
multidisciplinary simulations, it still requires structured manual definition of system
interactions, making it challenging to scale for highly complex CPS.

Most of the aforementioned tools and methods are limited to modeling small

CPS or only parts of large dCPS, typically involving a limited number of modules
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such as sensors, actuators, signal transformations, CPUs, and memory. Tools like
xCPS [2] and iCyPhy [77] incorporate techniques to improve CPS modeling, but xCPS
still requires significant manual effort despite some automation, and iCyPhy, while
supporting modular system decomposition, struggles with large-scale systems due to
state explosion. Additionally, both tools rely on detailed behavioral modeling of cyber
and physical components, which poses significant challenges for large-scale industrial
CPS like the ASML TWINSCAN machine, where the physical part comprises numerous
sensors and actuators, and the cyber part consists of multiple distributed subsystems

running hundreds of software processes.

Furthermore, the detailed behavior modeling required by the aforementioned meth-
ods often makes the evaluation of a single design point time-consuming. Given the
large design space of complex dCPS, this makes DSE using these methods excessively
time-intensive. Consequently, there is a need for necessary abstraction and coarse-
grained representation to model the behavior of complex dCPS for DSE without relying
on manual efforts. Moreover, most applications modeled by the aforementioned tools
exhibit static behavior, with a fixed order of tasks for both the physical part (sen-
sors, actuators) and the cyber part (data processing). In contrast, complex industrial
dCPS often feature dynamic behavior, such as adaptive processing loads, or various
software/hardware configurations. These dynamic behavior necessitate a tool that

supports flexible modeling and exploration with sufficient accuracy and speed.

A recent approach, introduces an efficient method for CPS architecture exploration
using contract-based design and subgraph isomorphism [120]. This method improves
on ArchEx 2.0 by providing better compositionality and scalability in system design
space exploration. However, it focuses on structural validation, meaning it verifies the
correctness of the system architecture but does not analyze how different configurations
impact execution time and system performance, making it unsuitable for performance-

driven exploration in complex industrial CPS.

To highlight the differences between our approach and existing DSE tools/method-
ologies, we provide a comparative analysis in Table 3.1, which distinguishes them
based on the abstraction level of models, scalability for large industrial CPS, degree
of automation, performance analysis type, and handling of dynamic behavior. Unlike
many existing tools, CompDSE offers higher abstraction, full automation, and explicit

support for dynamic behavior, making it well-suited for large-scale industrial dCPS.
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Table 3.1: Comparison of the DSE tools for industrial CPS modeling

A h/tool Abstraction Scalability for Degree of Performance Support
pproac oo level industrial CPS automation analysis type dynamics
CNMA [74] Low No Semiautomated Analytical No
ArchEx 2.0 [58] Medium Limited Semiautomated Analytical No
Extended ArchEx 2.0 [120] Medium Yes Semiautomated Unknown’ No
Matlab Simulink [7] [73] Low No Manual Co-simulation No
Extended TTool [39] Medium Limited Semiautomated Simulation-based No
FMC [23] Medium Limited Semiautomated Co-simulation No
xCPS [2] Low Limited Semiautomated Constraint-based Limited
iCyPhy [77] Low No Semiautomated Formal verification No
CompDSE High Yes Fully automated Simulation-based Yes

* . . . . . . . .
Performance analysis in [120] is unclear as the focus is on structural validation, not execution-time
evaluation.

3.3.2 Application Workload Modeling for DSE

Several research works have been conducted in the field of software application modeling
to explore design possibilities in CPS. These works can be classified into the following
two groups based on the complexity of the CPS applications.

Simple CPS Applications: The works in this group focus on relatively simple
CPS use cases, such as a line follower robot [36], or a specific subsystem within a larger
system. These works often use well-known MoCs to model the software application
behaviour. For instance, some works utilize directed acyclic graphs (DAGs) to capture
software task dependencies [45,75,85,91,97], while others use actor-oriented [3] or
discrete-event models to describe interactions among tasks. Functional models are also
employed to represent CPS application behavior, usually in a time-continuous manner,
with differential equations [7,20,23,74,114].

Additionally, various tools have been developed based on these MoCs, such as
Ptolemy [82], which is an actor-based simulator, or PTIDES [29], which allows modelling
applications based on different MoCs or combination of them. Furthermore, frameworks
like Octopus [15] and Daedalus [92] facilitate modeling techniques and co-simulation of
models specifically for DSE. However, the aforementioned works often include a lot of
specific details when modeling the behavioral aspects of applications. Therefore, they
lack the necessary abstraction and coarse-grained representation required to effectively
capture and model complex CPS applications for DSE and also cannot model dynamic
workloads. In addition, they usually have scalability restrictions, limiting their ability
to create a comprehensive application model of distributed systems for industry-relevant
cases.

Complex CPS Applications: In the case of complex CPS applications, there are
frameworks, such as PtolemylII [82], OpenMETA [95], BPMN4CPS [43], SysML2 [44],
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Maestro [103], and OpenModelica [37] that enable designers to model the behavior
of industry-relevant systems for DSE purposes. However, the modeling process when
utilizing these frameworks is mostly done manually due to a lack of tools that could help
designers derive models in an automated way. Such manual modeling is a very time
consuming and difficult process. In contrast, we propose a model derivation method
implemented in a software tool that allows designers to avoid manual application
modeling for an industry-relevant complex dCPS in case the designers need to perform
DSE to design the next generation of the dCPS. This is possible because initial models
can be automatically derived using our method and tool from data collected during

runtime of the software infrastructure of the current generation of the dCPS.

Finally, automated model inference is a well-established approach where inference
is done by analyzing the source codes of an application or utilizing logs and traces
of a system running the source code [90,94]. These inference techniques are used for
various purposes. Some studies utilize them for software testing and verification [38,64],
assisting engineers in identifying underlying issues, such as timing bottlenecks [54]
or performance anomalies [69]. However, the aforementioned techniques primarily
concentrate on the inference of behavioral models. Such models are not sufficiently
abstract and coarse-grained for efficient DSE of complex dCPS. Moreover, many of
these inference techniques are not applicable to complex dCPS because analyzing

complex application source code is challenging.

Other studies leverage automated model inference to estimate the performance
of Multiprocessor SoCs [53,59], and parallel distributed systems [70] during their
early design stages or in scenarios where real-time systems are assembled from black-
box components [34]. However, the inferred models include timing and hardware
architecture dependent information that does not allow the exploration of different

application mappings on different hardware platforms.

In contrast, our method shifts the focus to automated derivation of application work-
load models that are sufficiently abstract and coarse-grained, thereby enabling efficient
DSE of complex dCPS. In addition, our method eliminates timing information from
the derived models by considering only the order of computation and communication

workloads and representing these workloads as abstract events.
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3.3.3 Hardware Platform and Application-to-Platform
Mapping Modeling for DSE

In DSE, while application, platform, and mapping models are conceptually distinct
in the Y-chart modeling approach, the semantics assigned to platform resources and
mapping decisions are influenced by the abstraction level at which the application
behavior is modeled. In the literature, this relationship is reflected in the wide range of
platform modeling approaches, from detailed execution-level models to highly abstract
analytical models [40, 89].

At the detailed execution-oriented end of this spectrum are high-fidelity virtual
platform approaches that aim to approximate the behavior of the real system as closely
as possible during performance evaluation. Representative examples include Simics [66],
gemb [17], and QEMU-based virtual platforms [16], which often rely on instruction-set
emulation to execute unmodified software applications. In these approaches, the execu-
tion platform is modeled at a very fine granularity, and software execution is performed
on or alongside the platform model under near-realistic conditions. Application-to-
platform mapping is typically fixed or explicitly defined for a specific platform instance,
and performance metrics are obtained by directly observing execution behavior. While
such high-fidelity virtual platforms can provide highly accurate performance estimates
when carefully calibrated, they require detailed knowledge of platform components
and their interactions, as well as substantial effort to reconstruct and integrate a
faithful system representation. Consequently, emulation-supported virtual platforms
are predominantly used for late-stage validation of specific configurations, but are
less suitable for early-stage or large-scale design space exploration, where platform

parameters and mappings must be varied extensively.

Moving toward higher levels of abstraction, other virtual platform approaches
model the application and the execution platform using executable but abstract
representations, enabling efficient performance evaluation and DSE. In these frameworks,
the application behavior is typically modeled as concurrent tasks or processes, which are
executed on abstract representations of processing elements, interconnects, and other
platform resources [22,41,84]. Representative system-level design and DSE frameworks
following this approach include Daedalus [92,101], ESPAM [76], Koski [55], PeaCE [48],
SCE [31], SystemCoDesigner [49], MAMPS [60], and the DOL framework [99]. These
frameworks have been primarily developed in the context of embedded and MPSoC
systems. Application-to-platform mapping specifies the binding of tasks or processes

to abstract resources, and the performance impact of mapping decisions emerges
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during simulation through scheduling, synchronization, and resource contention effects.
Compared to emulation-supported virtual platforms, these abstract virtual platforms
significantly reduce the modeling effort and simulation cost, while still preserving

executable semantics sufficient for DSE.

At a higher level of abstraction than virtual platforms, service-based and event-
driven simulation approaches represent the execution platform in terms of abstract
services rather than executable hardware components. In these approaches, platform
resources such as processing elements, communication links, and memories are modeled
as service providers with abstract performance characteristics. Application-to-platform
mapping determines which platform services are used by each application component,
and performance effects such as resource contention and scheduling delays emerge
through discrete-event simulation rather than through execution of application code.
Representative examples of this class of approaches include the Sesame system-level
modeling and simulation framework for MPSoC design space exploration [33], as well
as frameworks such as MAPS [25], which have been developed to support efficient
system-level performance analysis and DSE for embedded and distributed platforms.
Similar to virtual-platform approaches, these frameworks have been predominantly
applied to embedded and MPSoC systems.

At the opposite end of the spectrum are purely analytical approaches, where platform
resources are described through mathematical models such as algebraic expressions or
queuing formulations [13], or curve-based abstractions as used in Real-Time Calculus
(RTC) [26,100] and Modular Performance Analysis (MPA) [115]. In these approaches,
application-to-platform mapping is typically represented as an explicit assignment of
tasks or workloads to abstract resources, and performance metrics, including execution
time or worst-case delay bounds, are derived by combining workload parameters,
resource characteristics, and mapping decisions within the analytical model. This makes
such methods computationally efficient and particularly useful in timing-critical systems,
but also reliant on simplifying assumptions regarding execution order, interference,
and resource contention, which can limit their applicability to complex and dynamic
systems.

The platform modeling approach proposed in this thesis falls within the class
of service-based and event-driven platform modeling approaches. Similar to existing
service-based frameworks, the execution platform is described through an abstract archi-
tectural specification capturing available computational and communication resources.
This deliberate abstraction captures the platform behavior in terms of system-level

timing and resource-contention effects, without modeling detailed micro-architectural
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or physical properties. In this context, application-to-platform mapping represents the
assignment of software processes to execution hosts, while the allocation of processes
to individual cores within a host is resolved dynamically at runtime by the execution
platform. Although such host-level mappings can be specified manually, doing so
becomes time-consuming when the number of software processes is large and mappings
vary across different design points. For this reason, execution traces are used in this
work to automatically derive an initial application-to-platform mapping of an existing
system, which serves as a starting point for exploring alternative mappings during
DSE.

The platform model can be derived from different information sources, including
hardware documentation describing the structural composition of dCPS. However, in
the targeted industrial context, extracting and maintaining abstract platform models
from detailed hardware documentation is a time-consuming and error-prone process,
particularly when multiple system configurations and testbench setups coexist and
evolve over time. Moreover, much of the structural detail contained in such documen-
tation is not required at the chosen abstraction level. For this reason, execution traces
are used in this work to derive an initial abstract platform model corresponding to an

existing system configuration.

3.4 Overview of the CompDSE Methodology

The CompDSE methodology, illustrated in Figure 3.1, leverages the Y-chart approach
to systematically define and automatically derive abstract models for the application
workload, computing hardware platform architecture, and workload-to-platform map-
ping. Additionally, it incorporates environmental influence model to account for the
effects of the physical environment on computing processes.

These models are derived from collected user-space and kernel-space traces, ex-
plained in detail in Chapter 4, and are transformed into abstract executable entities for
discrete event simulation. This transformation enables performance evaluation through
simulation, allowing system designers to explore the design space by independently
modifying each model. All models are implemented using EMF, as introduced in
Section 2.6.2.

The CompDSE methodology consists of three main components highlighted in
different colors in Figure 3.1:

Models: Representations of the application workload, computing hardware plat-

form, mapping, and the environmental influence, which collectively define the behavior
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Figure 3.1: The CompDSE methodology

of a dCPS. The Application Workload Model captures computation patterns, and inter-
process communications, representing software behavior. The Computing Hardware
Platform Model abstracts system resources, including CPU specifications, scheduling
policies, and network interconnects, enabling performance evaluation under different
configurations. The Mapping Model defines the allocation of software processes to
computing subsystems (hosts), determining the execution impact of deployment choices
on the overall system performance. The Environmental Influence Model accounts for
delays introduced by the physical environment’s interaction with computing processes,
ensuring that external influences on execution behavior are properly represented in the
simulation;

Toolbox: A set of algorithms for automated model derivation and integration,
model-to-model transformation, and code generation. The automated model derivation
and integration algorithms extract the application workload model, hardware platform
model, and mapping model from execution traces. The model-to-model transformation
algorithms transform these formal models into abstract executable entities, while the
code generation algorithms further translate the executable model into simulator-specific
code, establishing the simulation environment for DSE;

Evaluation: Performance evaluation of a single design point through simulation-

based analysis within the prepared simulation environment.
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The red feedback arrows in Figure 3.1 represent the DSE process, which involves
searching the design space by assessing different design points, i.e., different application
realizations, computing hardware platforms, and mappings.

The remainder of this chapter focuses on the detailed specification of the Models
defined within the CompDSE methodology, while the Toolbox and Evaluation are
presented in Chapter 4 and Chapter 5, respectively.

3.5 Models used in CompDSE

In this section, we define and present the abstract models, essential for the CompDSE

methodology in a semi-formal manner.

3.5.1 Application Workload Model

Based on our observations of real-world dCPS, a complex dCPS software infrastructure
can be seen, at a high level, as hundreds of software processes that are triggered
by events and exchange messages with each other. When a process is triggered, it
performs computation and data communication actions, referred to as “firing”, and
upon completion of the firing, it enters an “exit” state, waiting to be triggered and fire
again. This fire-and-exit behavior repeats throughout the entire life cycle of a process.

Therefore, we model the workload behavior of the dCPS software infrastructure as
a super graph WK represented as the tuple WK = (P,C), where P = {p1,...,pp|}
denotes a set of processes that model the corresponding processes in the dCPS software
infrastructure distributed across multiple hosts. Additionally, C' = {chi,...,chic|}
represents a set of communication channels that model the exchange of control or data
messages between the processes. We denote each channel ch; as a tuple ch; = (ps, pa),
where ch; is exclusively dedicated to communicating messages from source process p
to destination process py. Figure 3.2 illustrates an example of a workload model W K
with a set of eight processes P = {A, B,C, D, E, F,G, H}, depicted as squares, and a
set of sixteen communication channels C' = {chap, ...,chgg} represented by arrows.
The direction of an arrow indicates the flow of messages communicated within the
channel.

Each process p; € P is defined as a set of operation modes, i.e., p; = { My, ..., M, |}
where every mode M, = (e1,e2, ..., €| Mq|> is a finite sequence of coarse-grained abstract
events that models the types of actions performed during a single process firing,

arranged in chronological order. Every event e € M, falls into one of the following
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Figure 3.2: Example of an application workload model W K

three categories:

e Computation events: A compute event is denoted as e = (sig) and models

computation actions with an abstract workload described by signature sig. The
specific content of the signature depends on the use case. For instance, sig could
indicate the number of multiply-accumulate or floating-point operations performed
by the computation action, or it could be a histogram showing the distribution of
the number of executions of assembly instructions from an abstract instruction set.
In our model, we define sig as the number of cycles a process has been actively

running on a CPU. As an approximation, it is computed as:
sig = Tonceu - fopu (3.1)

where Tpncpy is the time the process has been actively running on the CPU, and

fopu is the CPU clock frequency.

e Communication events: These events are crucial for modeling message exchange
and synchronization between processes through channels. A communication event

W or a read event, denoted as

is classified as either a write event, denoted as e
ef'. A write event occurs when a process sends a message to another process,
and a read event occurs when a process receives a message. Each eV or e
event is defined as a tuple (ch, size, sig), where ch specifies the channel used
for the communication, size denotes the size of the communicated message in
bytes, reflecting the communication workload of the event on the communication

channel, and sig represents an abstract computation workload associated with the
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event’s execution in the source/destination process, measured in cycles similar to a
computation event and it contributes to computing the actual time required for

sending or receiving a message.

e Timer events: These events are internal triggers that originate within a process
and initiate a computation or communication event after a specific amount of time
has elapsed. These events allow processes to schedule actions that need to be
performed after a certain period. A timer event is classified as either timer setter,

Ts

denoted as e”°, or timer handler denoted as 7. Event €7 sets a timer with an

absolute time value, and once that time has elapsed, a corresponding e’ event

TH event is defined as a tuple

is triggered to initiate other events. Each e or e
(7,t), where 7 is the timer identifier and ¢ denotes the duration time, in seconds,
set for timer 7. For a timer handler event, the duration attribute ¢ corresponds
to the timeout value defined by the associated timer setter. Although not strictly
required for simulation, it is included to maintain a uniform representation of timer

events in the workload model.

As shown in Figure 3.1, the global workload model WK is built by integrating
multiple per-host models W}, each derived from execution traces collected from
host h;. Each W}, is structurally similar to WK, containing its own processes and
channels, and the union of these models forms the global supergraph that represents
the comprehensive distributed application workload.

Our application workload model, described above, possesses the essential charac-
teristics needed for system-level DSE of complex dCPS, First, the model is rather
abstract and coarse-grained because it captures the computation and communication
actions within software processes as sequences of coarse-grained events with abstract
workloads. Second, the model is timing agnostic because the sequences of events and
the abstract workloads associated with the events do not include any timing. Next, the
model is dependency-aware because it explicitly captures inter-process dependencies
through the set of communication channels. Finally, the model is mode-aware because
a process is defined as a set of operation modes, where every mode captures different

application workload scenarios.

3.5.2 Computing Hardware Platform Model

We model the computing hardware platform of a dCPS as the tuple PL = (H, N, L).
Set H = {h1,...,hg} is the set of hosts that represent the computing subsystems in
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the dCPS hardware platform, and set N = {swchy, ..., swchy} is the set of switches
that facilitate network communication among the hosts. Set L consists of tuples
(hs, swch;), where each tuple specifies that host h; € H is connected to a network via
switch swch; € N. Each host h; is defined as a tuple (ip, sch, crs), where ip denotes a
set of network identifiers used to identify h; in the communication infrastructure (e.g.,
static IP addresses in the ASML case study), sch specifies the policy used to schedule
the processes running on h;, and crs is the set of cores available in h;, each with its
frequency f. Each network swch; is defined as a tuple (sbn,bw), where sbn indicates
the subnet mask of the switch and bw is the switch bandwidth.

3.5.3 Mapping Model

We model the mapping associated with a dCPS configuration as the set M P =
{MPy,...,MP,,}, where M P; € M P specifies the mapping of the application workload
in operation mode j to the computing hardware platform of the dCPS. Every M P; =
{mp1,...,mpp} is a set of tuples mp = (p, h) specifying that process p € P is mapped
onto host h € H, where P is the set of processes in the integrated workload model
WK and H is set of hosts in the platform model PL.

3.5.4 Environmental Influence Model

In a dCPS, some embedded hosts interact directly with the physical environment
through actuators and sensors. These hosts process real-world inputs and influence the
system behavior but may not always be fully traced due to system constraints. However,
their interactions with traced computing processes introduce timing variations that
impact the overall system performance. To account for these effects, we introduce the
A parameters approach, which abstractly represents the timing impact of the physical
environment on computing processes.

The A parameters are obtained during the derivation of the workload model by
analyzing timestamps of message exchanges between traced computing processes and
untraced embedded hosts interacting with the physical environment. As illustrated in
Figure 3.3, the up arrows represent write events where a traced process sends messages
to an untraced embedded process, while the down arrows represent read events where
the traced process receives responses. Since the exact process on the untraced host
is unknown, we identify the corresponding interaction using the combination of IP
address and port number, ensuring that each A parameter is correctly attributed to

the same communication flow.
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Figure 3.3: Modeling the impact of the physical environment

For each read event, a corresponding A parameter is computed as the difference
between the real timestamp of the read event and the preceding write event, specifically

for the same communication flow:

A = Titad,i - Tvpv;ite,i (3.2)
where Tvg;ite,i is the timestamp of the write event sent from a specific traced process

p¢ on a traced host, and T

read,i 1S the timestamp of the corresponding read event

received by the same traced process p;.
This approach enables us to model the influence of untraced embedded hosts and
their interactions with the physical environment in system simulations, ensuring a more

accurate representation of real-world delays.

3.5.5 Executable Models

Once the abstract models of the application workload, computing platform, and
mapping are derived, they must be transformed into intermediate executable entities,
which can be used with any discrete event simulator. This transformation generates a
separate model entity for each process p; € P in the workload model W K, each host
h; € H and switch swch; € N in the platform model PL, and for the mapping M P.

It is important to note that the environment model does not correspond to an
executable simulation entity; instead, its effect is incorporated during simulation
through the A parameters applied by the process entities, as explained in Chapter 5.

Figure 3.4 illustrates an example of the application workload model, the mapping
model, and the computing hardware platform model transformed into executable
entities. The top layer represents the workload model, consisting of process entities
and the communication channels between them. In this example, there are process
entities A to H, connected by 16 channels. Arrows with two heads indicate bidirectional
communication, meaning two separate channels exist between those processes. The

middle layer shows the mapping model entity (Mapper), which defines the allocation of
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Figure 3.4: The application workload, computing hardware platform, and mapping model
entities

process entities to hardware resource entities. The bottom layer presents the hardware
platform model, which includes host and switch entities. In this example, there are
three host entities, Hy, Ho, and Hs, that are connected through a single switch entity
Swy.

Together, all these entities form the abstract executable model of a dCPS. All entities
interact and synchronize through event-driven messaging, operating concurrently within
the simulation framework. The overall execution principle is that each application
workload process entity sends an execution request to the mapper entity. The mapper
forwards this request to the mapped hardware platform entity, which executes the
request and returns a completion notification. This completion is propagated back to
the originating process and allows execution of subsequent events to continue. Each
model entity maintains a queue, denoted as @), to buffer incoming event messages from
other entities. Below, we further elaborate on the behavior of each abstract executable

model entity.

Application Workload Process Entities

In the executable application workload model (the top part of Figure 3.4), each process

is represented as an entity with individual event files for each operation mode, containing
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runNext = True; waitForTimer = False
while (True) {
if (Q is not empty) { // Check for received events
event = take the first element of Q;
if (sender of the event is mapper)//done message
runNext = True;
else { //timeoff event
add the ID of event to the timeout list;
if (waitForTimer) {
runNext = True;
waitForTimer = False;}
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// send request to the mapper
if (runNext and not waitForTimer) {
runNext = False;
nextEvent = get the next event of sequence;
if (type of nextEvent is setTimer)
Schedule a timeoff message that will trigger after nextEvent time;
else if (type of nextEvent is timerHandler) {
if (timeout contains the ID of nextEvent)
runNext = True;
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}

else { //read, write and compute events
send nextEvent to the mapper;
waitForTimer = True;
runNext = False;}
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Listing 3.1: Execution behavior of a Process entity

abstract events arranged chronologically along with their attributes. All process entities

are connected to the mapper entity (the middle part in Figure 3.4).

Listing 3.1 sketches the behavior of a process entity as a pseudo code. The process
entity retrieves events from its event file (Line 16). If the retrieved event is a write,
compute, or read event then it requires hardware platform resources for execution. Thus,
the process entity sends a request message to the mapper entity (Lines 23-26) and waits
until receiving a “done” message, allowing to proceed to the next event (Lines 5-6).
Timer events, however, do not require a request sent to the mapper entity. Instead,
when encountering a timer setter event, the process entity schedules a “timeoff” message
to be delivered to itself after the specified timer duration (Lines 17-18). Setting a timer
does not block the execution of the process entity; the event-processing loop continues
handling other incoming messages from the queue @, including completion notifications
from the mapper or previously scheduled self-messages. Once the scheduled “timeoff”
message is received, the timer is considered off (Lines 7-11). If the event is a timer
handler and the corresponding “timeoftf” message has already been received, the process
proceeds to retrieve the next event (Lines 20-21); otherwise, it waits until the required
timeout has elapsed. If the “timeoff” message has not yet been received, the process

waits until it arrives.



Models used in CompDSE 43

while (True) {
if (Q is not empty) { // Check for received events

event = take the first element of Q;

if (sender of event is a process) {
s_Host = determine the host mapped to the sender process of event;
send event to s_Host;}

else // The event is from a host
send a "done" message to the source process of event;

© W N O A W N e
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Listing 3.2: Execution behavior of the Mapper entity

Mapper Entity

The abstract executable model contains one mapper entity (the middle part of Fig-
ure 3.4) which is connected to all process entities (the top part of Figure 3.4) and host
entities (the bottom part of Figure 3.4). As explained above, process entities send
write, compute, and read request messages to the mapper entity, which subsequently
forwards these requests to the corresponding host entities based on resource allocations
defined in a mapper file derived from the tuples (p,,.pn, ki) in the mapping model
MP. In addition to this forwarding of request messages, the mapper also manages
the transmission of “done” messages from host entities back to the requesting process
entities indicating that the requests have been completed by the hosts. Listing 3.2

illustrates the behavior of the mapper entity as a pseudo code.

Hardware Platform Entities

In the executable hardware platform model (the bottom part of Figure 3.4), each host
and switch is represented as an entity operating concurrently with other entities. All
host and switch entities are interconnected according to the set of links L specified in
the platform model PL. The behavior of a host entity and a switch entity are sketched
as a pseudo code in Listing 3.3 and Listing 3.4, respectively. The host entity receives
write, compute, and read request messages (events) from the mapper (Lines 4-5 in
Listing 3.3). If the request message is of type compute or write event, the host entity
proceeds with scheduling the event for execution (Lines 13-14). For a request message
of type read event, the host entity first checks (Lines 6-10 in Listing 3.3) whether a
data message, sent from the corresponding source process via the network of switch
entities, has been received. If the data message has not been received yet, the host
entity waits until it arrives before scheduling the read event for execution (Line 24).
Once the execution of any requested event is completed, the host entity notifies the
requesting process entity by sending a “done” message through the mapper entity
(Lines 17, 22).
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1| while (True) {

2 if (Q is not empty) { // Check for received events

3 event = take the first element of Q;

4 if (sender of event is the mapper)

5 add event to readyQ;

6 else if (sender of event is network) {

7 add event to the receivelist;

8 if (exists an e in waitList and source of e is the same as event
source)

9 take e from waitList and add it to readyQ;}

10 ¥

11 while (readyQ is not empty) {

12 exeEv = take next event from readyQ;

13 if (type of exeEv is not read) {

14 allocate resource to execute exeEv;

15 if (type of exeEv is write)

16 send exeEv to network;

17 send "done" message to mapper for exeEv;

18

19 else { // read event

20 if (exists an e in receivelList and source of e is the same as exeEv
source) {

21 take e from the receivelList and allocate resource to execute it;

22 send "done" message to mapper for exeEv;}

23 else // Message has not yet arrived

24 add exeEv to waitList;

25 1}

26| }
Listing 3.3: Execution behavior of a Host entity

1| while (True) {

2 if (Q is not empty) { // Check for received events

3 event= take the first element of Q;

4 add event to the readyQ;

5 while (readyQ is not empty) {

6 event = take the next event from readyQ;

7 transitDelay = divide the message size of event by switch bandwidth;

8 delay = transitDelay + congestDelay;

9 destHost = determine the host mapped to destination process of event
5

10 send event to destHost at (simTime + delay);

11 }}

12| }

Listing 3.4: Execution behavior of a Switch entity

During the execution of an event, just a time delay is performed, based on the
event’s signature (sig described in Section 3.5.1), in order to abstractly simulate the
compute workload of the event. For write events, after simulating its compute workload
by the corresponding delay, the event is forwarded to a switch entity in the network
(Lines 15-16 in Listing 3.3). The switch entity applies a time delay and transmits
the event to the destination host entity (Lines 9-10 in Listing 3.4). This time delay
abstractly simulates the network congestion delay and transmission delay of a data
message communicated between hosts via the network (Line 8 in Listing 3.4). In our

abstract model, the network congestion delay is the trimmed mean interval between
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sent and received messages taken from traces, excluding the transmission delay. The

trimmed mean is computed as:

1 (1—a)N
To(X)= ——F—— i 3.3
(X) (1_204)]\7'2 L) (3.3)
i=aN+1
where X = {x1,23,...,2x} is the ordered dataset sorted in ascending order, « is the

proportion of data to be trimmed from both ends, N is the total number of values in
the dataset, and x(;) represents the i-th smallest value in the sorted dataset.

In our model, we set @ = 0.1, meaning that the top 10% and bottom 10% of
values are removed to mitigate the influence of outliers [27]. The transmission delay is

calculated by dividing the message size by the switch bandwidth (Line 7 in Listing 3.4).

3.6 Design Space

Based on the defined application, platform, and mapping models, this section specifies
the design space that can be explored using the proposed methodology. The supported
design points for exploration span both the hardware platform and the application-to-
platform mapping layers.

The initial hardware platform configuration from which exploration starts is derived
from execution traces of an existing system instance. This trace-derived model provides
a practical and consistent starting point for DSE. The absence of certain components or
connections in the initial trace-derived model does not imply that such elements cannot
be explored. During subsequent DSE iterations, additional computational and commu-
nication resources can be added manually or automatically by the exploration process
to construct and evaluate alternative platform configurations, including extensions and
next-generation variants that were not present in the original/initial execution trace.

At the platform layer, the design space includes variations in the number of hosts
participating in execution and the number of processing cores available per host. In
addition, performance characteristics of computational and communication resources
can be varied, such as processing core frequency and network bandwidth. The network
structure itself can also be modified by changing the number of switches and the
topology describing how hosts are interconnected. Furthermore, different scheduling
policies for the processes mapped on a host (host-level scheduling) can be selected,
enabling the analysis of their impact on the system execution behavior and performance.

At the mapping layer, the design space comprises alternative assignments of appli-
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cation processes to hosts. By modifying the mapping, it is possible, for example, to
reassign computationally intensive or frequently activated processes to less loaded hosts
and observe the resulting performance effects. Similarly, new hosts can be introduced
into the platform model, and selected processes can be migrated to these hosts to study
load redistribution and scalability.

It is important to note that core-level process allocation and scheduling within a host
are not treated as explicit design points. Instead, these aspects are resolved dynamically
during simulation based on resource availability and contention. Nevertheless, changes
in the selected host-level scheduling policy directly influence this dynamic behavior
and therefore indirectly affect the execution timing and overall system performance.

The design space defined above is subject to a number of structural and practical
constraints that ensure the feasibility of DSE simulations. For executing the DSE
simulation, at least one host with at least one execution core must be defined, and all
application processes in the workload model must be allocated to a host. As a result,
configurations without an explicit network model are possible, for example when all
processes are mapped to a single host. The ranges of platform parameters, such as
processor frequency and network bandwidth, are constrained by the characteristics
of the target system. New scheduling policies can also be defined and evaluated. In
cases where a scheduling policy allows task preemption, additional implementation
effort is required to support task interruption, but such policies are compatible with

the proposed methodology.

3.7 Conclusion

This chapter introduced CompDSE;, a structured methodology for DSE of computing
subsystems in complex industrial dCPS, composed of required models, a toolbox, and
simulation-based evaluation support. The methodology is centered around three core
abstract models: the application workload model, the computing hardware platform
model, and the workload-to-platform mapping model. These models are defined inde-
pendently, yet are designed to work in combination, offering a high level of abstraction
while maintaining the accuracy required for meaningful system-level performance
analysis. This aspect will be validated through the experimental results presented in
Chapter 5.

In addition to these core models, the methodology includes an environmental
influence model that captures the timing impact of untraced embedded hosts interacting

with the physical environment (e.g., through sensors and actuators) that cannot be
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explicitly modeled. This model plays a supporting role by approximating the indirect
effects of such physical interactions on system timing, thereby enhancing simulation
accuracy without introducing modeling complexity.

Furthermore, this chapter described how each abstract model is represented as
executable simulation entities, and explained the execution behavior of these entities
within a discrete-event simulation environment. During a system simulation, the
interaction among these entities emulates the behavior of a dCPS and enables system-

level performance evaluation and analysis.



48

CompDSE Methodology and Models




Chapter 4

CompDSE Tools

B Publications related to this chapter

o Faezeh Sadat Saadatmand, Todor Stefanov, Ignacio Gonzéalez Alonso, Andy D. Pimentel,
and Benny Akesson. CompDSE: A Methodology for Design Space Exploration of Computing
Subsystems Within Complex Cyber-Physical Systems. IET Cyber-Physical Systems: Theory
& Applications, 10(1), 2025.

o Faezeh Sadat Saadatmand, Todor Stefanov, Ignacio Gonzélez Alonso, Andy D. Pimentel,
Benny Akesson, Marius Herget, and Martin Bor. Automated Derivation of Application
Workload Models for Design Space Exploration of Industrial Distributed Cyber-Physical
Systems. In Industrial Cyber-Physical Systems (ICPS), pages 1-8. IEEE, 2024.

This chapter presents the CompDSE Toolbox, which supports the methodology
introduced in Chapter 3, by describing the necessary algorithms, we have devised, to
implement the tools. It addresses challenge CHL3 by defining the required execu-
tion traces and enabling the automated derivation of models. It also contributes to
challenge CHL4 by enabling the automated generation of executable model entities
suitable for simulation.

Section 4.1 discusses the challenges related to model derivation and simulation
readiness. Section 4.2 outlines the key contributions of this chapter, which collectively
form the CompDSE Toolbox. Section 4.3 discusses existing trace-based tools for system
analysis. Section 4.4 provides a detailed description of the execution traces used for
model derivation. Section 4.5 explains the algorithms for deriving and integrating the
application workload, hardware platform, and mapping models. It also discusses how
these models are transformed into executable entities and describes the code generation

process for OMNet++ simulation. Finally, Section 4.6 concludes the chapter.



50 CompDSE Tools

4.1 Problem Statement

As indicated earlier in this thesis, DSE at the system level for industrial dCPS relies
on abstract models that represent the behavior of these complex systems. However,
manually constructing these models is impractical for real-world industrial dCPS due
to their large scale, software heterogeneity, and dynamic operational behavior.

To address this issue, model derivation must be automated using execution trace
data, collected during runtime of a system. However, collecting such data during
runtime of industrial large-scale systems presents its own challenges: the execution
tracing must not interfere with the system correctness and performance, yet it must
provide enough semantic detail to enable the automated derivation of accurate models.

Additionally, to support scalable and efficient DSE, there is a critical need for
algorithms and tooling capable of automatically deriving the required models from such
execution traces, coherently integrating them into a comprehensive representation, and
transforming them into executable entities suitable for simulation. Such toolbox must

ensure generality, scalability, and applicability across diverse system configurations.

4.2 Contributions

This chapter presents the CompDSE Toolbox, a set of tools and supporting algorithms
that automate the methodology introduced in Chapter 3. The toolbox enables trace-
based model derivation and prepares the derived models for performance evaluation by

transforming them into executable entities for simulation. The key contributions are:

1. Execution trace definition: We define the execution traces required for model
derivation and describe how they can be collected from user-space and kernel-space

levels using non-intrusive methods that preserve system correctness;

2. Automated model derivation and integration: We present the core algo-
rithms in the CompDSE Toolbox for deriving abstract models of the application
workload, computing hardware platform, and workload-to-platform mapping from

execution traces;

3. Model-to-model transformation and code generation: We demonstrate
how the derived models can be transformed into executable entities and present
concrete examples of simulation-ready code generation for the OMNet++ simu-

lator, showcasing the full flow from trace acquisition to simulation.
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4.3 Related Work

Tracing and trace-based analysis have been widely studied as a means to capture and
analyze the execution behavior of systems. Depending on the intended purpose, traces
can be collected using a wide range of mechanisms and at different abstraction levels,
ranging from application-level instrumentation to hardware-level tracing of execution
activities. In industrial settings, tracing infrastructures are typically designed to
balance low overhead, limited intrusiveness, and practical feasibility under operational
constraints.

A dominant use of tracing in both academic and industrial contexts is performance
monitoring and diagnostics. Widely used tools and frameworks such as DTrace [24],
Perf [116], and LT Tng [30] rely on execution traces to analyze system behavior and
identify performance bottlenecks in production environments. In industrial CPS,
the Platform Performance Suite (PPS) [105] provides a set of tools for trace-based
performance analysis based on the Timed Message Sequence Charts (TMSC) formal-
ism [54]. It supports analyses such as critical-path identification and root-cause analysis.
Similarly, in modern distributed software systems, observability frameworks such as
OpenTelemetry [63] define tracing models to capture end-to-end request flows. In these
frameworks, traces are composed of smaller execution segments, called spans, which
together capture how a request flows across multiple services [21]. These approaches
are primarily designed for operational observability and debugging and typically rely
on explicit instrumentation at the application or middleware level.

Beyond performance monitoring, execution traces have also been applied in several
other domains. In the area of security, system-call traces and execution sequences
have been analyzed for anomaly and intrusion detection [51,65]. In power and energy
analysis, hardware performance events and execution traces have been used to estimate
system power consumption and identify energy hotspots [18]. Tracing has also been
applied in reliability and fault analysis to support automated diagnosis from runtime
records [52].

Execution traces and measurement data have also been used in execution-time
analysis, particularly in embedded and real-time systems. In measurement-based
approaches, traces or timing measurements are collected to estimate or bound timing
properties such as worst-case execution time (WCET) or worst-case response time
(WCRT), often in combination with static analysis techniques [118]. In these approaches,
traces are used to support the derivation of conservative timing guarantees for scheduling

analysis, rather than to derive abstract workload models.
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While the aforementioned works demonstrate the broad applicability of tracing as
an analysis technique, the abstractions derived from traces are typically tailored to
domain-specific objectives, such as diagnosis, verification, or fine-grained performance
analysis of a given system configuration. Consequently, many existing approaches rely
on detailed trace information. In contrast, in this thesis, we use traces for deriving
abstract models suitable for DSE. For this purpose, trace data does not need to capture
fine-grained execution details.

In the context of DSE, trace-based techniques have also been explored, primarily
in the embedded and MPSoC domains. For example, the SESAME framework uses
abstract event traces as application stimuli for trace-driven co-simulation and evaluation
of alternative architectures and mappings [109]. Trace-driven workload simulation has
also been applied to performance estimation of parameterized MPSoC architectures,
such as estimating cycle counts under varying architectural parameters [53]. These
approaches are typically applied to relatively simple embedded applications, where the
execution context and application structure are known in advance.

In contrast, the approach proposed in this thesis targets large-scale, distributed,
industrial systems, where execution behavior emerges from interactions among multiple
subsystems. Rather than assuming pre-defined abstract traces, our method automat-
ically derives abstract models from execution traces of individual subsystems and

subsequently integrates these models into a system-level representation.

4.4 Execution Traces for Model Derivation

Deriving the CompDSE models requires collecting specific execution traces from the
target dCPS. For each system operation mode, traces are collected once from all sub-
systems (hosts), capturing the execution behavior under a specific hardware/software
configuration or usage scenario. In this context, although operation modes are concep-
tually related to scenarios because both describe distinct execution contexts, their roles
differ. Scenario-based design typically defines scenarios as part of the design methodol-
ogy to guide exploration or validation. In contrast, in this work, operation modes are
observed and they are execution contexts determined by existing system configurations
and usage conditions, and are not introduced as additional design abstractions.

For every host h;, there are two sets of traces that are collected, namely set USp,
containing application-level execution traces collected from user-space of the OS and
set .Sy, containing system-level execution traces accessible in the kernel-space of the

OS. These sets of traces from all n hosts in a dCPS are gathered into larger collections
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US={USh,,...,USy, } and KS = {KSh,,...,KSp,} that are given as inputs of the
CompDSE model derivation algorithms.

4.4.1 Application-level Execution Traces

Each set USy, = {F1,...,En} contains the application-level execution traces for
host h; across m operation modes. Each trace E; € US}, is a sequence of records
r collected over time at specific locations in the software code where trace points
have been inserted. To capture a comprehensive view of the software execution, we
strategically insert trace points at the start and end of the required function calls.

Each individual record ry, is represented as a tuple rp= (ts, pn, fn, [, A), where ts is
the timestamp of the record, pn is the name of the process running at the time, fn is the
name of the function call executed in the process at the time, | € {start,end} denotes
the location within the function code where the record is collected, and A = (¢, id, A, 9)
is a tuple of attributes based on the function type fn.

The attribute c¢ classifies the function call into one of four categories: send, receive,
trigger, and handler. Function calls classified as send or receive are primarily used
for data communication between software processes and allow tracking of message
exchanges, thereby providing valuable insights into dependencies between processes.
Function calls classified as trigger or handler provide insights into the utilization of
internal timers within the processes. Attribute id is the message identifier of send
and receive function calls, or the timer identifier of ¢trigger and handler function calls.
Furthermore, A denotes the size of the exchanged message (in bytes), and 6 indicates
the duration (time in seconds) set for the timer.

Any message identifier id includes Lamport timestamp Imp. Lamport time is
a logical clock algorithm used in distributed systems to order events and ensure a
consistent sequence of operations across different nodes without relying on synchronized
physical clocks [62]. Besides Imp, for message exchanges, to derive the inter-host
communications, we also need to collect the IP address ip and port number prt for
both source and destination processes in the send and receive functions. Therefore,
the message identifier id is represented as a tuple id = (Imp, ipsrc, iPdsts PTtsre, Prtdst)-

As an example, an excerpt of an application-level execution trace Ej; is shown in
Figure 4.1, represented in a tabular format. Rows represent the sequence of collected
records 7, and columns display the various data items of each record described above.

Figure 4.2 presents a timeline-based visualization of the same execution from

Figure 4.1, illustrating the full sequence of function calls (including those not traced)
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ts pn  fn l c id A (7]

0.5 A fo1r  start send 0 40

1.4 B 9o start  receive %0 40

2.0 A for end send io 40
2.85 B go end receive 1o 40

3.1 B g1 start  trigger  jo 4

4.3 B gi1  end trigger jo 4

7.1 B gz start handler jo 4

8.0 B gs end handler  jo 4
8.15 B ga1 start send i1 100

8.8 A fos start receive i1 100
9.25 B ga1 end send i1 100
1043 A fos end  receive i1 100
11.0 B gi1  start trigger j1 4
12.0 B g1 end trigger  J1 4
15.15 B g3 start handler j; 4
16.25 B g3 end handler j; 4

Figure 4.1: An excerpt of an example application-level execution trace
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Figure 4.2: Visualization of the complete function executions, highlighting traced functions
from Figure 4.1

along with communication and timer operations across two processes A and B. The
specific function calls that have been traced are visually highlighted using distinct
colors.

This particular scenario starts with process A which executes function fy, and
subsequently calls function fy; within fy to send a message ip with a size of 40 bytes
to process B. The destination process of the message is distinguished by matching
its id. Process B receives the message with identifier i by executing function call go.
After that, process B invokes function g;1, within g1, to set a timer for a duration of
4 seconds. As depicted by an arrow, the timer is handled by function call g3 later.
Following the timer event, process B proceeds to send a message with a size of 100
bytes to process A, and process A calls function fps within fy to receive the message.

Additionally, there is another timer with identifier j; that is set and subsequently
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Figure 4.3: Process status over time
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Figure 4.4: Deriving OnCPU timing by using context switch events

handled in process B.

4.4.2 System-level Execution Traces

Every set KS, provides valuable information, including resource utilization, process
states, and system frequency over time. Processes can be in various states, such as
Ready, Interrupted, etc., as illustrated by the short timeline for Process B in Figure 4.3.
To derive our workload model, system-level execution traces are essential for identifying
periods when processes are actively executed on a CPU (denoted as the OnCPU state),
which is shown in green in Figure 4.3. Identifying these periods relies on collecting
specific kernel events, with context switches playing a key role. These events indicate
when a process is scheduled onto a CPU core and when it is switched out, thus marking

the intervals of active CPU usage.

Figure 4.4 visualizes the OnCPU status derived from context switch events on a CPU
core. The transitions between processes on the core are indicated by changes in the
process labels (A, B, C), and the green bars represent OnCPU timing of each process.
The timing of OnCPU state for a process begins when it is scheduled onto the core and

ends when the core switches to another process.

In Linux OS, the tool Trace Compass [104] simplifies the analysis of kernel traces by
using predefined analysis models to extract OnCPU timings. However, on platforms using
VxWorks OS, analysts usually have to manually develop these models by examining

the collected traces.
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4.5 The CompDSE Toolbox

In this section, we present the CompDSE Toolbox that contains several algorithms
devised and implemented to support the modeling and exploration process. All

implementations are carried out using Xtend, as introduced in Section 2.6.3.

4.5.1 Automated Derivation and Integration

As shown in Figure 3.1, the automated derivation algorithms are used to automatically
derive the required workload models W},,, platform model PL, and mapping model
M P from execution traces. Additionally, the Model Integration algorithm combines
the workload models W), from each host h; into a comprehensive application workload
model WK. Here, we outline the operational details of these algorithms, thereby

describing their main functionality.

Algorithms for Application Workload Model Derivation and Integration

The formal procedure for the derivation of workload models W}, from traces and
their integration into application workload model W K is outlined in Algorithm 1.
This algorithm takes sets of application-level execution traces US and system-level
execution traces K.S as inputs, and generates a comprehensive workload model WK
represented as a set of processes P communicating via set of channels C. The algorithm
begins with deriving the workload model W), for each host (Lines 2-4) using the
Workload Model Derivation (WLMD) algorithm. This is followed by the integration of
the individual models W},, into a unified application workload model encompassing all
traced hosts (Lines 5-14). Below, we provide explanation of the WLMD algorithm and
the final integration steps in Algorithm 1.

1. Workload Model Derivation (WLMD)

The formal procedure of the WLMD algorithm is presented in Algorithm 2. It takes as
input a set of application-level execution traces US}), and a system-level execution
trace K.Sp, for host h;, and produces the corresponding workload model W}, for that
host.

Algorithm 2 begins with deriving the topology of the graph, as shown in Lines 2-10.
All trace records ry are examined and based on the process name rj.pn, stored in

a record, a corresponding process is created if the process has not been created yet
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Algorithm 1: Workload Model Derivation and Integration
Input :US = {UShl g ooy UShn}, KS = {KShl g ey KShn}
Output: WK = (P,C)

1 P,C%@; thp<*®;

2 foreach USy, € US do

s | W, = WLMD(USh,, KSh,);

4 L thp — Wt'mp + Wh“

foreach Wh,, € Wiy do

5
6 foreach ch; € W},,.C do

7 hsre = chj.src.h; hges = chj.des.h;
8

9

if hye # hy then
| chj.sre.p = findPeerProc(Wh,,., chy, S);

10 if hges # h; then

1 L chj.des.p = findPeerProc(Wh,,,, ch;, D);
12 foreach Wj,, € Wy, do

13 P+ P+ Whi.P;

4| C<—C+Whi.0;

15 return (P,C)

(Lines 4-5). Furthermore, if the record rj has a function call of class receive then a

communication channel is created if the channel has not been created yet (Lines 6-10).

To create the channel, Algorithm 2 finds the corresponding record r; with a function
call of class send, where this send function call and the aforementioned receive function
call have exchanged a message with the same identifier. Record r; is found in Line 7 by
using the procedure £indREC. It is shown in Algorithm 3 and used at multiple places
in Algorithm 2 to find a specific record in a given trace. It takes as inputs trace F,
function call class ¢, trace point location [, and message identifier id. By examining all
records in input trace F, £indREC returns the record with function call class, location,

and message identifier that match the inputs ¢, I, and id, respectively.

After deriving the topology of the graph containing all processes and communication
channels, Algorithm 2 proceeds with the derivation of the operation modes of every
process p, by creating the sequence of communication, computation, and timer events

associated with every mode.

First, in Lines 14-32, Algorithm 2 examines the records in every trace F; in-order.
For every record r; € F; with location start and function call class send, receive,
trigger, or handler, the algorithm creates a corresponding event and appends the

event together with its start and end time to an ordered list of events H: (all ordered



o8

CompDSE Tools

Algorithm 2: WLMD
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Input :USp, ={E1,....,En}, KSp
Output: W, = (P,C)

1 P,C « 0

2 foreach E; € US} do

foreach r;, € E; do
if 3 prj..pn € P then
L Pry,.pn < @; P+ P"rprkApn;
if ri.A.c = receive then
r; = findREC(E;, send, start, ri,.A.id);
if A ch(Tj'p,w.k'pn) € C then
Ch‘(rj.pn,rk.pn) = (p’l‘]'-PTMp’I‘kP");
C+C+ Ch('rj.pn,'rk .pn)s
foreach p; € P do
H! «+ 0; /* set of tuples (ev,Ts,Te)
L Hi < Hi +(0,0,0);
for k=1 to |E;| do
if 7. A.c = send A r.l = start then
r = findREC(E;, send, end, 1. A.id);
sig = getSIG(KSf'i s Pz PN, T 18, Tr 18);

e?/ = (ch(rk_pnmj_pn),rk.A.A, sig);
Hyy pn < Hypn + (eZV,rk,ts, T tS);

if 7. A.c = receive A ri.l = start then

r = findREC(E;, receive, end, ri. A.id);
sig = getSIG(KSEi , Pz -PN, Tk.1S, Tr 8);
r; = findREC(E;, send, start, ri,.A.id);

R _ .
€k = (Ch(TJ<pn,T‘k.pn,)7 re. AN, sig);
Hiy pn < Hyp o + (e;lj, rE.t8, g 18);

if ri.A.c = trigger A ri.l = start then
eg.s = (rk.A..z'dmk.A.O);

L H}'k.pn «— H':kpn + (e%‘Ska-tsv Tk-t5)§
if ri.A.c = handler A r.l = start then
eg.H = (T’k.A:id,rk.A.H);

| H} pn < H}nk'pn + (efH7 rE.tS, T 1S);

foreach p, € P do

for i =1 to m do
Mi < @;
if 3 H: then
ts =rpts:rp, € B, Nk = ‘E‘1|7
H; = H; + (wvt57t5)§
for y =1 to |[H.| — 1 do
if Hi[y].ev # () then
L M; <+ M; + Hily|.ev;
ts = Hilyl.Te; te = Hily+1].Ts;
sig = getSIG(KSfi ,Pz-PN, ts,te);
eg = (sig); M; + M; +ef;

| Pa < po+ My;

46 return (P,C)

r; = findREC(E;, receive, start, i, A.id);

*/
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Algorithm 3: findREC
Input :FE, ¢ 1, id
Output:r
1 foreach r; € E do
2 L if ri,Ac=cAr;.l=1Ar;.Aid = id then

3 L return (r < ;)

lists are initialized in Lines 11-13).

In Lines 15-20, a write event e‘,éV = (ch, size, sig) is created and appended to the
corresponding ordered list if the currently examined trace record rj has location start
and a function call of class send. The attribute A in record 7, provides the size of the
message. To determine the communication channel ch, Algorithm 2 needs to identify
the source and destination processes. The process name pn in r; identifies the source
process. The identification of the destination process is done in Line 18 by using
procedure £indREC to find the receiving record r; and taking the process name pn in
rj. The abstract workload sig is calculated in Line 17 by using the procedure getSIG,

which will be explained later in this section.

Similarly, in Lines 21-26 of Algorithm 2, a read event ekR = (ch, size, sig) is created
using procedure £indREC and getSIG, and appended to a corresponding ordered list.
In Lines 27-32, a timer setter event el " = (7,t) or a timer handler event e} ' = (7,t)
is created and appended to a corresponding ordered list. The attributes id and 6 in
the examined record r provide the timer identifier 7 and the duration time ¢ set for

the timer, respectively.

For example, let us apply Algorithm 2 on the application-level execution trace in
Figure 4.1 and consider process B in this trace. In Lines 12-13, the ordered list
H}, associated with operation mode 1 of process B is initialized. In Lines 14-32,
communication and timer events are created and appended to H}. The content of Hp
is visualized in Figure 4.5(a) where the left/right side of a shaded box indicates the
absolute start/end time of a communication event. The height of the box represents
the abstract computation workload (signature) of the event, while the vertical arrows

pointing upwards and downwards represent timer setter and timer handlers, respectively.

Second, in Lines 33-45 for every process p, and trace F;, Algorithm 2 derives mode
M; € p,. It is important to note that not every process is necessarily part of every
trace, which means that the ordered list H. may not exist for every process-trace

combination. If H. exists, all communication and timer events are moved in-order from
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Figure 4.5: Derivation of the workload model of the first mode in process B

the corresponding ordered list H: to M; (Lines 36-41). During this in-order movement
of events, since the workload model is timing agnostic, the absolute start/end times of

events are dropped (Line 41).

In addition, computation events are created by using the procedure getSIG and inserted
in M; after each communication and timer event (Lines 42-44). For example, consider
process B, the trace in Figure 4.1, and the ordered list H}, visualized in Figure 4.5(a).
In Lines 37-44, communication, timer, and computation events are placed in M; in the
correct order as explained above. These events and their order in the derived mode
M of process B are visualized in Figure 4.5(b). The height of a shaded box represents
the abstract computation workload (signature) of a computation or communication
event. It is worth noting that the width of all shaded boxes is the same, indicating
that the notion of absolute start/end time of events is not present in M;. Thus, M;

captures only the order of events and their abstract workload.

Finally, Algorithm 2 returns the derived workload model W}, = (P, C) in Line 46. As
explained above, the algorithm uses procedure getSIG to calculate the signature of
communication and computation events (Lines 17, 23, and 43). The procedure, shown
in Algorithm 4, takes as input the kernel-space trace K S,]f for host h; in operation
mode F, the process name pn, start time Ty q.¢, and end time T,,q. It returns an
abstract computation workload sig imposed by process p,, € E within time frame
(Tstart, Tend]-

As explained in Section 3.5.1, in our workload model the signature sig is defined as

the number of cycles a process has been running on a CPU within a given time frame.
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Algorithm 4: getSIG

Input :KSF. pn, Teart, Tena

Output : sig

cycles = 0;

foreach q € KSF do

L if g.process = pn and Tsiort < q.0nCPU < Teq then

-

N

@

L cycles < cycles + q.0nCPU X q. fregq;

5 return (sig = cycles)

Frequency: | fg Lo f: )
Process B R EEEEE FEEE]
! ] ] | | ] 7 Tlme
: to t3 ta ts ty s :
T1 T2

Cyclesir, ) = (t3 — t2) X fo + (ts —ta) X fo + (ts —t7) x f1

Figure 4.6: Calculation of the signature (cycles) of process B

To calculate this number, Algorithm 4 utilizes the system-level execution trace KSF
in the time frame [Tstqrt,Tena) (Lines 2-3), and considers the periods of time ¢ when
process ppn has OnCPU state. These periods ¢.0nCPU are multiplied by the current CPU

frequency and accumulated to obtain the total number of cycles (Line 4).

As an example, Figure 4.6 visualizes the OnCPU intervals for process B in the time
frame [T}, T3], demonstrating the behavior of Algorithm 4. The algorithm uses these
intervals and the corresponding frequencies (fy and f1) to compute the total number

of cycles during this time frame.

2. Workload Model Integration

As explained above, after deriving the workload model for each host W}, , the intra-host
communication among the processes running on host h; is well-defined within W},; by
its set of communication channels Wj,,.C. However, inter-host communication remains
incomplete because the source or destination processes on other hosts have not been
identified, as illustrated in Figure 4.7a. This figure shows a simplified computing
system consisting of processes A to H distributed across three hosts Hy, Ho, and Hj.
The dashed green arrows represent inter-host communication, where the source or
destination process needs to be identified. The red dots on the processes indicate the
ports involved in inter-host communications, which must be considered when identifying

the communication channels.
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(a) Distributed Workload Models (b) Integrated Workload Model

Figure 4.7: The workload model integration

To address this, Algorithm 1 first identifies inter-host communications based on workload
model W}, of each host h;. It examines each communication channel ch; € Wp,,.C
to determine if the source or destination host differs from h; (Lines 6-11), indicating
connections between processes running on different hosts. The procedure findPeerProc
(Lines 9 and 11) is then employed to resolve the identities of these unknown source or
destination processes. After completing the information for inter-host communications,
the sets of processes Wy, .P and channels W}, .C for all traced hosts h; are integrated into
the sets P and C, respectively (Lines 12-14). This creates the comprehensive application
workload model WK = (P, (), as shown in Figure 4.7b, where the previously unknown
sources or destinations of inter-host communication in Figure 4.7a are identified

(indicated by red arrows).

The aforementioned findPeerProc procedure is detailed in Algorithm 5. It takes as
inputs workload model W}, of host h, channel ch, and target flag flagT € {S,D}
that indicates whether the source () or destination (D) process of channel ch is
unknown. The procedure then searches for the unknown process in workload model
Wj, by matching the source and destination hosts and ports of the given channel ch
(Lines 1-2). Once a match is found, it returns either the source or destination process

as peer Proc based on the target flag (flagT) (Lines 3-6).

Algorithm for Hardware Platform Model Derivation

The formal procedure for deriving hardware platform model PL = {H, N, L} from

traces is outlined in Algorithm 6. This algorithm takes sets of application-level execution
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Algorithm 5: findPeerProc
Input : Wy, ch, flagT
Output : peer Proc

1 foreach ch; € W},.C do

2 if (chi.sre.h = ch.src.h A ch;.dst.h = ch.dst.h) A (chi.sre.prt =
ch.src.prt A ch;.dst.prt = ch.dst.prt) then

3 if flagT = S then

4 L return peer Proc < chi.src.p

5 else

6 L return peer Proc < ch;.des.p

Algorithm 6: Platform Model Derivation from Traces
Input :US ={USh,,.,USh,},KS={KSh,..,KSh,}
Output: PL = (H,N, L)

1 HN,L < 0;

2 foreach USy, € US do

3 ip; = getIPs(USh,);

4 nC'r = number of cores from KSy;; crs; < 0:
5 for j =1 to nCr do

6 fi = related frequency from KSj,;

7 L crj = (fj); crss <= crs; + cry;

8 sch; < 0;

o | hi = (ipi,schi,crsi); H <= H + hi;

10 foreach h; € H do
11 foreach ip; € h;.ip do

12 sbn; = subnetMask(ip;);

13 if fswch; € N such that swchj.sbn = sbn; then
14 bw; = 0; swch; = (sbnj, bw;);

15 N < N + swchy;

16 lj = (hi,swchj); L(*Lﬁ*lj,

17 return (H,N, L)

traces US and system-level execution traces KS as inputs, and generates a platform
model PL, represented by the set of hosts H, the set of switches IV, and the set of
links L.

The algorithm begins by creating the set of traced hosts H (Lines 2-8). For each set
of application-level execution traces USj, of host h;, the algorithm starts by deriving
the set of IP addresses ip;, associated with host h;, using the getIPs procedure (Line 3).
Next, the algorithm proceeds by utilizing the set of system-level execution traces K.Sp,

of host h; to determine the number of cores nCr and their frequencies f; (Lines 4-7).
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Algorithm 7: getIPs
Input :US,
Output : ipSet
ipSet + 0;
foreach r, € USy.E;1 do
if ri.A.f,, = send then
ipr = Tk AddiDsrc;
if ipy ¢ ipSet then
L ipSet < ipSet + ipy;

o g s W N

return ipSet

-

These frequencies serve as initial values in the model and can be adjusted during the
exploration phase. Similarly, the policy sch; for scheduling the tasks running on host h;
is initially set to unknown (Line 8) and it is tuned based on the designer’s preferences

during the exploration phase.

Once the set of hosts H is finalized (Line 9), Algorithm 6 proceeds by iterating over
each host h; € H. For every IP address ip; associated with h;, the algorithm calculates
the subnet mask sbn; (Line 12). Then, it checks if there exists a switch swch; in the
set of switches N that shares the same subnet mask sbn; (Line 13). If such a switch
does not exist, the algorithm creates a new switch swch; with sbn;, sets its initial
bandwidth bw; to zero, and adds the swch; to N (Lines 14-15). Finally, a link [; is
created and added to L specifying that host h; is connected to switch swch; (Line 16).
Note, host h; may be connected to multiple switches if it has multiple IP addresses
ip; € h;.ip (Line 11).

The aforementioned getIPs procedure is detailed in Algorithm 7. It takes
application-level execution trace US}, of host h as an input and returns set ipSet of
unique IP addresses associated with host h. First, the algorithm initializes an empty
set ipSet (Line 1). Then, for each record in the execution trace US}y, it checks whether
the function name in the attributes is send (Lines 2-3). If so, it extracts the source
IP address and adds it to ipSet (Lines 4-6). The algorithm considers records from
operation mode F4 because the hardware configuration remains static across all modes.
Therefore, selecting F simplifies our analysis without sacrificing accuracy. Finally, it

returns the complete set of unique IP addresses of the host (Line 7).
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Algorithm 8: Mapping Model Derivation from Traces
Input :US={USh,,...,USw,}
Output: MP ={MP1,..MP,}

1 MP + @;

for j =1 tom do
| MPj +0; MP < MP + MPj;

N

w

4 foreach USy;, € US do

5 foreach E; € USy, do

6 foreach r;, € E; do

7 | mpr = (pry.pn, hi); MPj < MPj + mpy;
s return MP

Algorithm for Mapping Model Derivation

The formal procedure for deriving the mapping model from traces is outlined in
Algorithm 8. This algorithm takes set US of application-level execution traces as
an input, and generates a mapping model M P which specifies the mapping of the
application workload, in every operation mode, onto the computing hardware platform
of a dCPS. During DSE, this initial mapping model can be modified in order to
evaluate alternative design choices, such as moving application processes from one host
to another in order to better balance the application workload over the hosts.

Algorithm 8 begins by initializing an empty mapping set M P; for each operation
mode M; (Lines 2-3). It then examines the records 7 in every execution trace
E; € USy, associated with M; and host h; (Lines 4-6) to identify every process py, pn
running on h;. This examination results in creating tuples (p,,.pn, ki) specifying that
process pr,.pn is mapped onto host h; in operation mode M;. The created tuples
are subsequently added to the mapping set M P; associated with operation mode M;
(Line 7).

4.5.2 Model-to-Model Transformation

After deriving the formal models of the application workload, hardware platform, and
mapping, the next step, as illustrated in Figure 3.1, is to prepare the models for
simulation by transforming them into abstract executable entities. This transformation
is performed by a set of model-to-model (M2M) transformation algorithms that operate
on the structure and semantics of the formal models.

Figure 4.8 summarizes the three formal input models (shown as class diagrams

on the left), the M2M transformation paths, and the resulting executable entities (on
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Figure 4.8: Model-to-Model transformation from formal models (left) to executable simula-
tion entities (right)

the right). Each entity consists of a data structure capturing its attributes and a
general code template that defines its behavior. The code template for each entity
is described in Section 3.5.5 and drives the entity’s execution and its interactions
with other entities in the simulation. Entities interact by exchanging messages to

synchronize and trigger simulation events.

‘Workload M2M transformation

Taking the formal application workload model, represented in our methodology im-
plementation as the class diagram structure shown in the top part of Figure 4.8, the
M2M transformation algorithm parses this structure and creates one Process Entity
for each Process class. The general code template of the Process Entity is shown in
Listing 3.1. For each Operation mode of a Process class, the transformation algorithm
also generates a separate data structure that collects all associated Event classes and

their attributes. For Computation events, attributes record the workload signatures;
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for Communication events, attributes specify the source or destination, the workload
signature, and the message size; for Timer events, attributes include the timer duration
and corresponding timer identifier.

At the start of a simulation run, each Process Entity instantiates events from its
data structure and also reads the environment (ENV) data structure, which represents
the environmental influence model and provides delay estimates (A parameters) for

incoming messages originating from untraced embedded hosts.

Mapping M2M transformation

Taking the formal mapping model, represented as the class diagram structure shown in
the middle part of Figure 4.8, the M2M transformation algorithm parses this structure
and creates one Mapper Entity. The general code template of the Mapper Entity is
shown in Listing 3.2. For each Operation mode of the formal mapping model, the
transformation also generates a separate data structure that, for that operation mode,
defines the allocation of every process from the workload model (WK:Process) to its

corresponding host in the platform model (PL:Host).

Platform M2M transformation

Taking the formal hardware platform model, represented as the class diagram shown
in the bottom part of Figure 4.8, the M2M transformation algorithm parses this
structure and creates one Host Entity for each Host class and one Switch Entity for
each Network class. The general code template of the Host Entity and Switch Entity is
shown in Listing 3.3 and Listing 3.4, respectively. The transformation algorithm also
generates a data structure for entity attributes and the platform topology. For each
Host Entity, attributes include the number of cores, core frequencies, IP addresses,
and the scheduling policy. For each Switch Entity, attributes include the network
bandwidth. The platform topology, derived from the Link class, specifies how Host

Entities and Switch Entities are connected.

4.5.3 Code Generation

After obtaining the executable models, which are independent of any discrete event
simulation environment, a code generation step is necessary to transform them into
concrete executable code for a specific simulation environment which is selected. In
our case, we select the OMNet++ simulation environment due to its scalability, as

discussed in Section 2.6.
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Application Workload

Hardware Platform Mapping

Figure 4.9: The application workload, computing hardware platform, and mapping layers
in OMNet++

To enable co-simulation of the models with OMNet++, we develop a custom code
generator that produces the files required for execution. These generated files include
OMNet++ specific simulation files, C++ code files for the entities generated from their
general code templates, and entity input files generated from their corresponding data
structures. The primary OMNet++ specific simulation file is the Network Description
(NED) file, which specifies the simulation modules and their topology. In our case, this
file integrates the workload, mapping, and platform entities as simulation modules into
a single OMNet++ network. A visualization of this network, based on the example
in Figure 4.7, is shown in Figure 4.9. As can be seen, the NED file is structured
into three layers, namely Application Workload layer (including the Process entities),
Hardware Platform layer (including the Host and Switch entities), and Mapping layer
(including the Mapper entity). During simulation, each entity in the network reads its
corresponding generated entity input file.

As an example of the generated C++ code for the entities, Figure 4.10 shows the
C++ class skeleton of the Mapper entity used in our simulation. The figure presents

only the class interface, including its member variables and functions. The body of
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*Mapper.cc &
#include <fstream>
#include "HuMsg_m.h"
#include "AppMsg m.h"
#include "generallLib.h"

using namespace omnetpp;
using namespace std;

=class Mapper : public cSimpleModule
{
private:
vector<processor> processorList;
ofstream map_log File ;
protected:
= virtual void initialize() override;
virtual void handleMessage(cMessage *msg) override;
- virtual veoid finish() override;
string find_allocated_processor (string processhame);
void sendToHW(AppMsg *msg);
void writeToLogFile(string log);

b

15

Figure 4.10: The C++ class skeleton of the Mapper entity for the OMNet++ simulation

function handleMessage is invoked on message arrival from another simulation module
and handleMessage processes the message as specified by the Mapper entity’s general

code template (Listing 3.2).

In addition to the generated C++ code for the entities, the simulation execution
relies on the entity input files. A primary input file for each process entity is its
own event file. This file is generated from the process entity’s data structure and
contains a partially ordered sequence of abstract events together with their attributes.
At the simulation runtime, each process entity reads events from its event file and
handles them according to their event type, thereby driving the simulation behavior.
An example of an event file for process B in Figure 4.5 is shown in Figure 4.11. It
is generated from the data structure of the entity corresponding to process B with
the sequence of abstract events illustrated in Figure 4.5(b). Each row in Figure 4.11

specifies the event type and its relevant attributes.

Besides the process event files, the generator creates a platform file, derived from
the data structure corresponding to the host and switch entities, that specifies the
system hardware platform configuration. This file lists the host and switch entities and
their attributes. An example platform file, generated from the platform model entities
shown in Figure 3.4, is presented in Figure 4.12. Hosts and switches are interconnected

using link declarations.

The generator also produces a mapping file derived from the mapper entity’s data
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EventType dstP/srcP/ID #cycles/Time #bvtes

1| read | <- A | 10 | 40

2| compute | | 40 |

3| timer setter | id:0 | 4s |

4| compute | | 33 |

5| timer handler | id:0 | 4s |

6| compute | | 62 |

7| write | -> A | 13 | 73

s| compute | | 20 |

o| timer setter | id:1 | 4s |

10| compute | | 30 |

11| timer handler | id: 1 | 4s |

12 | | |

Figure 4.11: Example of a generated event file for Process B in operation mode M;

<!-- Platform File
<Platform>

1
2
3| <host name="H1"
4

<core id="H1_1"
5| </host>
6| <host name="H2"
7 <core id="H2_1"
8 <core id="H2_2"
9| </host>

<host name="H3"
<core id="H3_1"

12 <core id="H2_2"
13| </host>

14

15| <switch name="Swl"
16

17| <links>

18 <link from="H1"
19 <link from="H2"
20 <link from="H3"
21| </links>

22| </platform>

-=>

schedule="FCFS">

frequency="500"/> <!-- MHz -->

schedule="FCFS">

frequency="250"/>
frequency="350"/>

schedule="FCFS">

frequency="300"/>
frequency="300"/>

bandWidth="1000"/> <!--

to="Swl1"/>
to="Swi"/>
to="Swl"/>

Mbps -->

Figure 4.12: Example of a generated platform file

structure. A sample mapping file, corresponding to the same model used in the platform

file, is shown in Figure

4.13.

Finally, the generator creates an ENV file that contains all the A delay parameters.

Each entry in this file corresponds to a communication flow between a traced process

and an untraced embedded host. Specifically, it records the timing difference between

a message sent (write) by the traced process and the corresponding response (read) it

receives.
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1| <!-- Mapping File -->

2| <mapping>

3 <bind process="A" host="H1"/>
4 <bind process="B" host="H1"/>
5 <bind process="C" host="H1"/>
6 <bind process="D" host="H2"/>
7 <bind process="E" host="H2"/>
8 <bind process="F" host="H3"/>
9 <bind process="G" host="H3"/>
10 <bind process="H" host="H3"/>
11| </mapping>

Figure 4.13: Example of a generated mapping file

4.6 Conclusion

This chapter introduced the CompDSE Toolbox, a set of algorithms that enable
automated trace-based model derivation and simulation support for DSE in large-scale
dCPS. We first defined the execution traces required for model derivation, ensuring
that their collection does not disturb system behavioral correctness. These traces are
collected from user space as application-level execution traces, and from kernel space
as system-level execution traces. We then detailed the algorithms for automatically
deriving and integrating application workload, hardware platform, and workload-to-
platform mapping models. In addition, we demonstrated how the derived models
can be transformed into executable entities suitable for use in any discrete-event
simulation environment, and showed how simulation-ready code can be generated for
the OMNet++ simulator. Together, these steps complete the tooling support needed to
transition from trace collection to simulation input, laying the foundation for scalable

DSE in distributed cyber-physical systems as will be demonstrated in Chapter 5.
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Chapter 5

CompDSE Evaluation

B Publications related to this chapter

o Faezeh Sadat Saadatmand, Todor Stefanov, Ignacio Gonzdalez Alonso, Andy D. Pimentel,
and Benny Akesson. CompDSE: A Methodology for Design Space Exploration of Computing
Subsystems Within Complex Cyber-Physical Systems. IET Cyber-Physical Systems: Theory
& Applications, 10(1), 2025.

In this chapter, we evaluate the CompDSE methodology using an industrial case
study, namely the ASML TWINSCAN machine. The goal is to assess the efficiency
and accuracy of the proposed methodology in supporting DSE of complex industrial
dCPS, thereby addressing the efficiency aspect of challenge CHLA4.

Section 5.1 highlights the need for evaluation, including the validation of both
accuracy and efficiency. Section 5.2 outlines the contributions of this chapter, including
the evaluation itself and a set of DSE experiments. Section 5.3 presents the experimental
setup. This is followed by Section 5.4, which presents the experimental results, compares
simulated timing with real-time measurements to assess accuracy, and records the
simulation duration to assess the efficiency for evaluating the performance of a single
design point. This section also explores alternative configurations of certain subsystems
within the ASML TWINSCAN machine and compares their performance evaluation

results. Finally, Section 5.5 concludes the chapter.
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5.1 Problem Statement

The previous chapters introduced the CompDSE methodology, including the abstract
models required for DSE of complex dCPS, the algorithms for their automated derivation
from execution traces, and the generation of simulation-ready code. However, while the
methodology, modeling approach, and supporting tools have been fully developed and
described, their effectiveness has to be validated in a realistic industrial context. In
particular, it is necessary to assess how accurately the derived models reflect the actual
system behavior required for effective DSE, and how efficient the system simulation is

for rapid performance evaluation of each design point.

5.2 Contributions

This chapter evaluates the CompDSE methodology using the ASML TWINSCAN
lithography machine, introduced in Section 2.3, as a representative industrial dCPS
case study. While the experiments are based on the TWINSCAN machine, the method-
ology and findings are applicable to other complex dCPS with similar architectural

characteristics. The main contributions of this chapter are as follows:

1. Accuracy validation: We evaluate how closely the simulation results produced
by the CompDSE models align with the actual TWINSCAN system behavior,
thereby validating the fidelity of the modeling process. In particular, we compare

the average time required for wafer processing in the simulated and real systems;

2. Efficiency assessment: We assess the time required to simulate a single design
point, demonstrating the efficiency of the CompDSE methodology despite the
complexity and scale of the TWINSCAN industrial dCPS;

3. DSE experiments: We conduct simulation-based DSE experiments to evaluate
alternative architectural configurations of some TWINSCAN subsystems. These
experiments aim to identify potential system performance improvements while

respecting physical and operational constraints of the system.

5.3 Experimental Setup

To evaluate the accuracy and efficiency of the proposed methodology, we conducted an
experiment based on real trace data collected from the ASML TWINSCAN machine
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Table 5.1: Scale of the traced system and model derivation

Complexity Metric Value

Number of traced hosts 8
Number of processes 445
Number of channels 2057

testbench. We traced a subset of the hosts in the testbench, including one Linux-based
server and several real-time embedded systems running the Wind River VxWorks OS.
Due to technical limitations such as some hosts being “bare-metal” (i.e., not running
any operating system), it was not possible to trace all hosts. However, we consider
the effects of these untraced hosts on the overall dCPS performance during our system

simulations by using A parameters, as explained in Section 3.5.4.

To incorporate A parameters during simulation, the simulated timestamp of every
write event, corresponding to a message sent to an untraced host, is recorded. When
the simulator encounters a read event corresponding to a message received from an
untraced host, it first computes the difference between the current simulation time
and the recorded timestamp of the preceding write event. This calculated difference
represents the elapsed time in the simulation since the write event occurred. The
simulator then subtracts this elapsed time from the A parameter value corresponding
to the read event in order to determine the remaining time that should be waited before
scheduling the read event for execution. This approach ensures that the impact of the
physical environment (including untraced hosts) on the dCPS timing performance is

accurately represented in the simulation.

Table 5.1 summarizes the complexity metrics of the generated models, including
the number of traced hosts, modeled processes, and identified communication channels.
In this experiment, the CompDSE methodology is applied to a wafer lot operation
involving five wafers. A total of 8 hosts are traced, 445 application processes are
identified and modeled, and 2057 communication channels between these processes are
identified. These channels are derived to support message exchange and synchronization,
independent of how the hardware platform model is abstracted.

In our integrated simulation setup, synchronization is handled by the hardware
platform layer. Messages exchanged between processes are transferred through the
simulated hardware platform. When a process attempts to read a message, it can
only proceed after receiving a confirmation from its allocated host, indicating that the

message is now available for reading. As a result, the aforementioned communication
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Application Workload

Hardware Platform Mapping

Figure 5.1: The simulation setup of the ASML TWINSCAN machine in OMNet++

channels serve as logical abstractions and are not explicitly represented in the NED
file.

Figure 5.1 shows a visualization of the simulation environment used in our experi-
ment for the TWINSCAN machine, implemented in OMNet++ and organized into
three layers. The names of the entities (processes, hosts, etc.) are omitted due to
confidentiality imposed by ASML. In the platform layer, the eight traced hosts used in

our simulation are connected to a central switch.
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5.4 Evaluation Results

After describing the experimental setup above, in this section we evaluate the model

accuracy, simulation efficiency, and explore some alternative system configurations.

5.4.1 Efficiency

The efficiency of CompDSE is one of its core strengths, facilitating system designers to
effectively explore the vast design space of computing subsystems within a complex
dCPS. By considering the system complexity, shown in Table 5.1, the huge number of
possibilities (in the range of 844%) to map the 445 processes onto the 8 hosts creates a
design space of extraordinary size. Furthermore, when considering additional factors
- such as the number of cores per host, different operating frequencies, and various
scheduling policies - the number of possible configurations expands into an astronomical
number of combinations. These numbers highlight the high complexity of the derived
model and the corresponding design space, which is typical for industrial-scale dCPS.

Table 5.2 provides the execution time of the various steps within CompDSE,
visualized in Figure 3.1. The time required to manually add tracepoints in the software
infrastructure depends on the number of tracepoints needed. For our case, we add
tracepoints at the start and end of four functions within a shared library used by
all processes. Adding these 8 tracepoints takes approximately 5 minutes and needs
to be done only once. To ensure that tracing does not affect the system’s real-time
performance, we monitored the wafer processing time before and after enabling tracing
and observed no measurable difference.

Afterward, the time required for trace collection depends on the duration of the
application’s execution. In our case, processing five wafers takes 4.33 minutes. This
trace collection process must be repeated for each operation mode. After the trace
collection, the automated model derivation and integration take 29.5 hours but needs to
be performed only once. The model-to-model transformation and code generation for
the OMNet++ simulator is completed in about 2 minutes. The simulation to evaluate
the performance of one system configuration requires 54.5 seconds.

Given the high complexity of the aforementioned model, this less-than-a-minute
simulation-based performance analysis demonstrates the remarkable efficiency of Com-
pDSE in evaluating a single design configuration. Such rapid evaluation is especially
beneficial for industrial dCPS, where quick insights into the performance of complex

machines are critical. Moreover, such rapid performance evaluation of a single design
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Table 5.2: Time required for each step in the CompDSE workflow

Steps Time Required
Adding tracepoints manually about 5 minutes
Collecting execution traces automatically 4.33 minutes
Automated models derivation and integration 29.5 hours
Automated model transformation and code generation 1.82 minutes
Single point evaluation 54.5 seconds

configuration is crucial to enable fast exploration of large design spaces. For example,
by integrating an automated search algorithm within CompDSE, such as a GA, and
utilizing the rapid simulation-based performance analysis as a fitness function, we could
significantly accelerate the exploration of large design spaces, making the CompDSE

methodology even more scalable for future designs of complex dCPS.

5.4.2 Accuracy

In our experiment, the average processing duration per wafer (PDW) measured on
the real ASML TWINSCAN machine is 50.548 seconds, whereas the simulation
of our derived system model of the same TWINSCAN machine indicates an average
PDW of 49.183 seconds, resulting in an error of 2.7%. This deviation reflects the
reconstruction accuracy of the proposed modeling approach, indicating how closely the
simulation reproduces the observed system behavior at the chosen level of abstraction.
Together with the less-than-a-minute performance analysis time, this demonstrates
that the model provides a faithful and computationally efficient abstraction of the
system. Since the derived workload model preserves the structural dependencies and
interaction patterns observed in the real execution, and the explored design alternatives
modify only resource-related parameters within the same abstraction level, the validated
baseline serves as a consistent reference for evaluating relative performance differences

across configurations within the defined design space.

5.4.3 Exploration

Building on the validated baseline model, we conduct a small DSE experiment within
the design space defined in Section 3.6. We first explore the effect of varying the
number of cores in the main host (the Linux-based server) on the TWINSCAN system
performance in terms of average PDW. The default configuration of the main host

has sixteen cores. However, as shown in Figure 5.2, increasing the number of cores
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Figure 5.2: The impact of the number of cores on PDW

beyond seven does not lead to any significant changes in the average PDW. When we
decrease the number of cores from seven to three, the average PDW does not increase
significantly, i.e., the increase is in the range of milliseconds. Further decreasing the
number of cores leads to a more substantial increase in the average PDW. The above
findings suggest that the original design of the main host with sixteen cores in the
ASML TWINSCAN machine might be an overestimation to avoid computing hardware
resource bottlenecks. Thus, having a host with eight cores (half of the original design)
could lower overall costs without compromising the machine performance, which could

be considered in future system designs.

Next, we explore the effect of increasing the number of cores in the traced embedded
hosts (the VxWorks-based real-time embedded systems) while keeping the main host
with its default configuration. The results show that increasing the number of cores
from one to four in these embedded hosts decreases the average PDW by 0.477 seconds.
This small reduction indicates that while additional cores enable the system to handle
more software processes in parallel, the overall impact on the average PDW is limited.
This limitation is most likely due to the original design of the software infrastructure
running in the ASML TWINSCAN machine where potential parallel processing in the

software is not heavily exploited.

Finally, we examine the impact of varying the clock frequencies of the cores in
the traced main and embedded hosts on the average PDW by conducting a series of
simulations with different clock frequency settings, supported by the cores, across all
hosts. The results, plotted in Figure 5.3, show the relationship between the average
PDW and clock frequency changes relative to the base clock frequency setting of each

host’s multi-core CPU. The base frequency setting is denoted as 0 on the horizontal
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axis, while the average PDW is depicted on the vertical axis. The horizontal axis
depicts the clock frequency changes as a percentage of the base clock frequency.

It can be seen in Figure 5.3 that increasing the clock frequency of all traced hosts’
multi-core CPUs with 25% results in decrease of the average PDW from 49.183 to
48.371 seconds. However, increasing further the clock frequency yields only a marginal
decrease of the average PDW, often within the millisecond range, as visualized by the
curve’s plateau in Figure 5.3. This plateau suggests that the performance gain in terms
of PDW does not scale with the clock frequency increase when it is above 25%. The
plateau indicates that the PDW is limited to around 48 seconds. This limitation arises
from the performance of some untraced hosts reflected by the A parameter values.

The DSE experiments presented in this section focus on parameter variations of
the traced platform configuration, specifically changes in computational resources such
as the number of cores and clock frequencies. Although the design space defined in
Section 3.6 also allows structural platform modifications, including the addition of
hosts or changes in topology, such structural variations were not part of the present

validation.

5.5 Conclusion

This chapter evaluates the CompDSE methodology using a realistic industrial case
study, namely the ASML TWINSCAN lithography machine. The results show that the

models, automatically derived by CompDSE, closely reproduce the observed behavior of
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the real system under the same architectural configuration. In particular, the simulated
average wafer processing time differs by 2.7% from the measured system processing
time, which reflects the reconstruction accuracy of the proposed modeling approach
at the adopted level of abstraction. Despite the complexity and scale of the model,
each design point could be simulated in under one minute, demonstrating that the
methodology remains computationally efficient. Building on the validated baseline
model, we conduct a small DSE experiment within the defined design space to assess
how architectural changes affect the system performance. The experiment demonstrates
that reducing the number of cores can lower the system cost without significantly
affecting the performance, while adjusting clock frequencies allows designers to observe
how much performance gain can be achieved within the limitations of the physical
environment. These findings highlight the applicability of CompDSE in supporting
early-stage architectural design decisions.

Although the exploration in this chapter is conducted manually, the CompDSE
methodology is well-suited for integration with search algorithms, such as GA, to

further enhance automation and enable efficient large-scale optimization of complex
dCPS.
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Chapter 6

Workload Model Refinement

B Publications related to this chapter

o Faezeh Sadat Saadatmand, Todor Stefanov, Andy D. Pimentel, Benny Akesson, and Ignacio
Gonzalez Alonso. Unraveling Parallelism in Automated Workload Modeling for Distributed
Cyber-Physical Systems. In Euromicro Conference on Digital System Design (DSD), pages
24-33. IEEE, September 2025.

This chapter introduces the refined application workload model and a method for
parallelism analysis, addressing challenge CHLS5. Section 6.1 identifies the technical
limitations of the initial workload model, used in the CompDSE methodology, that
prevent the representation of intra-process parallelism. Section 6.2 outlines the key
contributions of this chapter. Section 6.3 provides an overview of the related work
with respect to the chapter contributions. Section 6.4 explains the motivation for
the refinement of the application workload model for large-scale industrial dCPSs.
Section 6.5 describes the structure of the refined workload model and its support for
parallel execution. Section 6.6 describes which execution traces need to be collected for
model refinement. Section 6.7 explains the automated procedure to derive the refined
workload model. Section 6.8 introduces the algorithm used to detect parallel execution
opportunities based on the refined workload model. Section 6.9 presents experimental
results on the ASML TWINSCAN case study. Finally, Section 6.10 concludes the
chapter.
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6.1 Problem Statement

The CompDSE methodology enables exploration of different platform configurations
and process-to-host mappings, as it is common in system-level DSE for dCPSs. While
the derived workload models capture accurately inter-process dependencies based on
runtime traces and ensure a valid sequential ordering of communication and computation
events within each process, the models assume a fixed, static execution order of events
for each operation mode of a process. This abstraction limits the exploration space by
excluding alternative execution orders that may exist within the same process.

More specifically, the initial application workload model, presented in Chapter 3,
does not represent internal task-level dependencies within a process. As a result,
potential intra-process parallelism, which can be crucial for improving performance on
modern multi-core CPUs in the hosts, remains unexploited during DSE. To overcome
this limitation, an enhanced modeling approach is needed: one that captures both inter-
process and intra-process dependencies and enables the identification and exploration
of different sequential and parallel execution orders of processes and tasks within

processes.

6.2 Contributions

In this chapter, we propose significant refinements to the initial application workload
model in CompDSE, enabling it to capture both inter-process and intra-process de-
pendencies. Building on this model, we present a method to identify tasks within
each process that can be safely reordered or executed in parallel, without violating the
system behavior or requiring modifications to the existing software implementation.

More specifically, the key novel contributions are as follows:

1. Our refined application workload model incorporates detailed execution traces,
enabling automated analysis and identification of parallel execution opportunities
between software processes and tasks within individual processes in large-scale
dCPS.

2. We propose a method that identifies eligible tasks within each process that can be
safely reordered or executed in parallel with other tasks. The method requires no
application-specific knowledge and is compatible with the event-driven execution

model (Section 2.4) commonly used in industrial dCPSs.
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3. We validate our refined application workload model and the proposed method by
automatically deriving models from execution traces collected from the ASML
TWINSCAN lithography machine.

6.3 Related Work

Workload modeling approaches in CPS can be broadly grouped into two categories: 1)
approaches that do not exploit parallelism and rely on abstract models for system-level
optimization, and 2) approaches that capture parallelism by representing concurrent
behavior or by improving execution order using scheduling, profiling, or simulation.

Workload Modeling Without Parallelism: Several approaches focus on abstract
workload modeling for system-level optimizations without considering parallelism. One
study proposes a formal modeling framework based on stochastic processes and fractal
methods to probabilistically capture task execution and communication patterns [67].
While this study offers analytical insights into system resource utilization and scheduling,
it requires manual mathematical definitions and relies on fixed statistical structures,
limiting scalability and adaptability needed for complex industrial dCPSs.

Another study presents a power-aware workload model that integrates computational
delays and energy constraints into scheduling decisions [8]. It captures complex workload
behaviors, such as irregular patterns and long-term dependencies, using advanced
mathematical formulations. However, the model is not automatically derived and
depends on predefined analytical profiles, making it inflexible across different dCPS
configurations.

Another approach combines stochastic Petri nets, fault trees, and Markov models
to assess performance, reliability, and resource utilization [71]. Though effective in
analyzing system-level trade-offs, it relies on manually constructed workload scenarios
and predefined interaction patterns, which limits its adaptability.

While all these approaches support system-wide analysis, they share two key
limitations: they depend on manually defined workloads, which are impractical for
large-scale industrial dCPSs, and they assume fixed execution orders, preventing the
exploration and exploitation of potential parallelism.

Workload Modeling Incorporating Parallelism: Several studies focus on parallelism
detection and modeling within CPS workloads. Identifying safe parallel execution
opportunities generally relies on analyzing dependencies between computational tasks
or execution units. In related domains such as compiler technology and automatic

code parallelization, dependency analysis has been extensively studied to determine
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whether tasks/processes and operations can be reordered or executed concurrently
without violating data or control dependencies [42,83]. These analyses are typically
performed statically at source code or intermediate-representation level and aim to
exploit data-level [5,14], task-level [19,47], instruction-level [10, 72], or loop-level
parallelism [4,35,61].

However, such static dependency analysis is not directly applicable to large-scale
industrial dCPS. These systems do not consist of a single centralized program, but of
multiple distributed and heterogeneous processes. As a result, the dependencies that
govern their execution are typically not explicitly represented in the source code or
intermediate representations, especially given the scale and distribution of industrial
software systems. Instead, execution dependencies emerge from runtime interactions
between processes, making dependency analysis based on runtime information a more
appropriate approach in this context.

At the simulation and modeling level, one study explores parallelism in transaction-
level modeling (TLM) by analyzing how communication and synchronization mech-
anisms impact simulation speed in Parallel Discrete Event Simulation (PDES) envi-
ronments [9]. The authors propose techniques to enhance model-level parallelism in
SystemC TLM and evaluate various buffering and communication schemes using a
deep neural network case. While effective for simulation optimization, the approach
does not model execution dependencies or generate application workload models.

Another approach addresses software inefficiencies by detecting performance an-
tipatterns using queuing network models derived from UML specifications [81]. While
the approach effectively quantifies the performance impact of antipatterns and helps
identify software architectural bottlenecks, it relies on manually created design arti-
facts and performance scenarios, which limits its scalability for large-scale industrial
dCPS. Additionally, the method focuses on identifying performance antipatterns at the
architectural level through resource and deployment modeling, rather than capturing
software execution dependencies.

In another study, an Al-driven scheduler, called MCDS, combines Monte Carlo
Tree Search with deep surrogate models to optimize workflow execution in edge-cloud
systems [106]. It models workflows as Directed Acyclic Graphs (DAGs) and predicts
long-term Quality of Service (QoS). However, it assumes that the workflow structure
is known in advance and remains fixed, and it also incurs significant computational
overhead, making it unsuitable for large-scale dCPS with different configurations.

A more scalable direction is proposed in [87], where application workload models

are automatically derived from runtime system traces. While this method supports
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DSE of hardware platforms and software-to-hardware mapping in complex dCPS, it
assumes fixed task execution orders and does not explore intra-process parallelism.

The aforementioned workload modeling approaches either lack necessary automation
and adaptability or do not support parallelism exploration across both inter- and
intra-process levels. Specifically, many existing methods rely on manual workload
specifications or predefined task execution orders, limiting their use in evolving industrial
dCPS configurations.

In contrast, our approach automatically derives refined workload models for each
hardware/software configuration using execution traces. These refined models capture
both inter- and intra-process dependencies and support the identification of tasks that
can be safely reordered or executed in parallel, without modifying the existing software

implementation.

6.4 Motivation

In large-scale industrial dCPS, such as the ASML TWINSCAN machine, performance
optimization through parallel execution is essential, but achieving it is challenging.
These systems typically rely on mature software that has been incrementally developed
over many years and involves complex interactions among hundreds of processes. Even
minor code changes can disrupt the execution flow and lead to unforeseen downtime or
system failures. This raises an important question: How can opportunities for parallel
execution be systematically and safely uncovered without modifying the software source
code?

To make this challenge more concrete, consider a simplified but representative
example of how the forced sequential execution model used in many industrial systems
can lead to unnecessary delays. Figure 6.1 illustrates this situation in an event-driven
system with single-threaded processes, where requests are queued and handled one at
a time. The figure compares two scenarios, each demonstrating a different sequence of
request handling across four processes (A, B, C, and D) over time (represented along
the vertical axis).

In Scenario 1, process A sends a request get_state to process B. To respond, B
sends a request new_state to process C and waits for its response before replying to A.
Meanwhile, process D sends a request getParam x to B to retrieve a parameter needed
for executing task t_x. However, because B handles requests sequentially, thus this new
request is queued until B becomes available, causing the delay shown by the hatched

rectangle. Only after completing process A’s request, process B can handle process D’s
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Figure 6.1: The impact of request handling order on execution timing

request, and then send the response.

In Scenario 2, the order of requests arrival is reversed: request getParam x (from
D) arrives before get_state (from A). By prioritizing process D’s request, the waiting
time for D is significantly reduced, enabling earlier execution of task t_x. Moreover,
because getParam x is a relatively lightweight operation, it completes quickly and
allows process B to handle process A’s request shortly afterward, resulting in less total
delay for both. This simple change in execution order demonstrates how intelligent
reordering of requests, even without concurrency, can lead to performance gains. The
benefit could be even more significant in systems that support multi-threading to
concurrently handle independent requests like the independent requests from process

A and D to process B.

This example highlights the potential for substantial performance improvements
through execution reordering or parallel task execution. However, to support such
reasoning, a more detailed and analyzable model of software execution is required,
beyond the static, inter-process-only abstractions used in the initial application workload
model of CompDSE. To address this limitation, we introduce a refined application
workload model in this chapter, one that captures both inter- and intra-process
dependencies, enabling the identification of parallelism opportunities without requiring

software source code modifications.
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Figure 6.2: The refined application workload model class diagram

6.5 Application Workload Model Refinement

Our refined workload model, illustrated in Figure 6.2, enhances the representation
of execution behavior in dCPS. The blue elements in the diagram highlight the key
extensions that will be introduced in this section, compared to the initial model
described in Section 3.5.1. The workload is structured as a graph of processes and
communication channels. Each channel has a source and destination process, and
each process may operate in multiple modes to reflect different software/hardware
configurations. Our refinement focuses on the internal structure of each operation
mode to support intra-process parallelism.

The most significant change in the refined model is the introduction of the execution
block. Instead of representing each operation mode as a flat sequence of events, we
group related events into semantically meaningful segments. Each ezecution block
encapsulates a cohesive sequence of communication, computation, or timer events that
occur in response to a specific incoming event, such as a received request or response
from another process, or the expiration of an internal timer. For example, when a
process receives a blocking request, all tasks required to generate the corresponding
response — from receiving the request to producing the final reply, including any
intermediate computation or further message exchanges — are grouped into a single
execution block. This level of granularity is chosen not only because it reflects the

structure of event-driven execution in dCPS, but also because it captures a contextually
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Figure 6.3: Refinement of the application workload model

consistent unit of execution, which is essential for safely identifying dependencies and

analyzing parallelism.

Building on the definition of execution blocks, the refined workload model also
introduces a more detailed classification of communication events. While the initial
model has only two types, read and write, the refined model distinguishes between
four types of communication events: read request, read response, write request, and
write response. Each communication event also includes a service name, identifying the
requested functionality or data, and also a flag indicating whether the interaction is
blocking or non-blocking. A blocking request suspends the process until a corresponding
response is received, while a non-blocking one allows the process to proceed with other
tasks. The other event types, computation and timer, remain unchanged. Events are
assigned to execution blocks based on their timestamps and are ordered chronologically

within each block. This event order is always preserved.

Figure 6.3 compares the initial and refined workload models for process B, based on
Scenario 1 from the example illustrated in Figure 6.1. In this case, process B receives
two blocking requests, one from process A (requesting the service get_state) and another
from process D (requesting getParamx). To respond to the request from process A,
process B must send a new request (with service name new_state) to process C and wait
for a response. As shown, in the initial model (in the left part of Figure 6.3), events form
a flat sequence which must be processed in strict order. This structure prevents early
handling of new requests, even if they are independent, because they are blocked by
preceding events. In contrast, the refined model (in the right part of Figure 6.3) segments
the sequence into distinct execution blocks based on request/response boundaries and
service names, thereby enabling potential reordering or parallel execution of the blocks

under certain conditions that are discussed in Section 6.8.
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Table 6.1: Additional trace points for the refined application workload model

Function Collected Data
handle event loop timestamp, process name, trace point location,
function type (message handler or internal timer handler)

receive request
receive response timestamp, process name, function type,

send request trace point location, command name

send response

6.6 Collected Execution Traces

Like the initial application workload model, two types of traces, namely application-
level execution traces and system-level execution traces are used to derive the refined
workload model. While system-level execution traces remain unchanged as used in
the initial derivation approach, application-level execution traces require additional
information to be collected in order to support automated derivation of the refined
application workload model. As discussed in Section 2.4, the processes rely on an
event loop to handle both internal and external events. To observe the flow of event
processing, we instrument the handle event loop function with trace points at both its
start and end. These points record the timestamp, process name, trace point location
(start or end), and function type, classified as either a message handler or an internal

timer handler.

In addition to the event loop, we instrument the core message-processing functions.
For incoming messages, the event loop receives the message from the appropriate
interface (e.g., a file descriptor or socket) and dispatches it to either the receive
request or receive response function, based on header analysis. Similarly, for outgoing
messages, the send request and send response functions are used. All four functions
are instrumented at both entry and exit points, capturing the timestamp, process
name, function type, trace location, and command name (representing the requested
or responded functionality). Since these functions reside in a shared library, the new
trace points are automatically inherited by all processes. Table 6.1 summarizes the

newly introduced trace points, including the function types, and the data collected.
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Figure 6.4: Automated derivation of the refined application workload model

6.7 Automated Derivation of Refined Workload
Model

To derive the refined application workload model, the aforementioned enhanced execu-
tion traces are processed and transformed into the corresponding model components
shown in Figure 6.2. This section focuses specifically on the refinement-related aspects,
i.e., the blue components in Figure 6.2. The remaining model components are derived
by following the initial derivation procedure described in Section 4.5.1. Figure 6.4 illus-
trates a snippet of collected trace data (left) and its corresponding model components
in the refined workload model (right). The trace data includes the timestamp (ts),
process name (pn), function type (c), trace point location (1), message identifier (id),
message size (\), and command name. This example is part of the message exchange,
illustrated in Figure 6.1, where process D sends a request to process B using the
command getParam x. After receiving and processing the request, process B sends a
response back, which is later received by process D. This trace segment highlights the
key data required for constructing the refined workload model. The derivation process
includes three steps: 1) identifying execution blocks, 2) mapping communication events,
and 3) determining their blocking behavior. Each step is explained below:

Step 1 - Identify Execution Blocks: Each invocation of the message handler
or internal timer handler function in the trace defines the boundaries of an execution
block. The start and end trace points determine the temporal scope of each execution
block. As shown in Figure 6.4, the gray-highlighted rows indicate the full boundaries
of execution blocks b2 (for process B) and b2, ; (for process D). For the earlier block

bD only its end point is visible in the trace snippet.
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Step 2 - Map Communication Events: Traces from the four message-passing
functions — receive request, receive response, send request, and send response — are
mapped to the corresponding refined communication event types: read request, read
response, write request, and write response. Each event is assigned to the execution block
whose temporal boundaries contain its timestamp. Every communication event also
includes a service name, extracted from the trace (as the command name), indicating
the requested functionality. In Figure 6.4, process B execution block b2 includes two
communication events: read request and write response. For process D, the earlier block
b2 may contain multiple communication events, but based on the visible portion of the
trace, the last identifiable one is a write request. The following block, b "1, contains
only a read response communication event.

Step 3 - Determine Blocking Behavior: Each communication event is classified
as blocking or non-blocking based on whether its corresponding counterpart appears
within the same execution block. If the paired event (e.g., a write response for a read
request) is present in the same block and has the same service name with reversed
source and destination processes, the event is considered blocking; otherwise, it is
non-blocking. For instance, in Figure 6.4, the read request in b2 is blocking because its
paired write response occurs in the same block. In contrast, the read response in b%, ; is

non-blocking, as its corresponding write request occurred earlier in b2.

6.8 Feasibility for Parallel Execution

After deriving the refined application workload model, an analysis is conducted for
each process to determine which execution blocks within the process can be safely
reordered or executed in parallel. This section describes our analysis approach and is
divided into two subsections, i.e., Section 6.8.1 focuses on determining eligibility for
parallel execution of blocks, and Section 6.8.2 describes how this information is used

during simulation of the modeled dCPS.

6.8.1 Determining Parallel Execution Eligibility of Blocks

To enable parallel execution during simulation, we first determine which execution
blocks can safely run in parallel. Algorithm 9 outlines the procedure. It takes two
execution blocks from the same process p in operation mode m, and returns a boolean
indicating whether they are eligible for parallel execution. The algorithm checks two
conditions: 1) whether the blocks are independent (Line 1), and 2) whether they do
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Algorithm 9: Check Eligibility for Running in Parallel
Input: block?™, blockh™

Output: areEligible
dep + checkDependency (block]"™ block5™);
res < checkSharedReadResponse(block}™™ blockh™);
if dep = false and res = false then

L return true;

W N =

5 return false;

Algorithm 10: checkDependency
Input: block!™, blockh™
Output: dependent

1 hy « getHistory(block"™);  hy < getHistory(blockh™);

2 for xz; € hy, y; € he do

3 if z; = END or y; = END then

4 L return true;

5 if x;.block = y;.block then

6 L return isBlocking(z;.event);

7 return false;/* no shared execution block */

not share a read response event (Line 2). The blocks are considered eligible for parallel
execution only if both conditions are met (Lines 3-4). These checks are described in
detail below.

Check 1: Independence of execution blocks: Algorithm 10 formalizes the
procedure for determining whether two execution blocks are independent. It receives
two blocks of process p in the same operation mode m, where block}™ occurs before
blockh™, and returns a boolean indicating whether they are dependent. The algorithm
begins by retrieving the call history of each block (Line 1). The call history of a given
block is defined as the sequence of execution blocks — along with their triggering events
— that recursively led to the block’s activation.

To illustrate this concept, Figure 6.5 shows four processes (A, B, C, and D) in mode
mg, each containing several execution blocks (e.g., A2, B7, B8, etc.). Each execution
block includes a sequence of events, represented as vertical slices within the block.
Events highlighted in orange indicate write operations (write request or write response)
that trigger execution of blocks in other processes. Blue arrows represent inter-process
communication. Suppose we want to determine whether execution blocks D5 and D6 in

process D are dependent. The call history of D5 is obtained by tracing communication
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Figure 6.5: The dependency check of execution blocks

backward: from B7 (triggered by event e3), to A2 (triggered by €2), and finally to the
environment (ENV), resulting in:
B7:e3 — A2:¢2 — END

If an execution block is triggered by a timer event or ENV communication, we mark
the end of its call history with END because there is no preceding triggering block to
trace further. A similar procedure is followed for block D6, resulting in the following
call history:

C4:e4 — B8:e2 — A2:e7 — END

Once the call histories are obtained, Algorithm 10 compares them to identify the
first shared ancestor block (Lines 2-6). If either of the histories reaches END without
finding a common ancestor, the blocks are conservatively marked as dependent (Lines
3-4), because the causal relationship cannot be fully established. This conservative
assumption ensures safe reordering in the absence of traceable triggering dependencies.
If both histories terminate at different root blocks without any shared ancestor, the
blocks are considered independent (Line 7). However, if a shared ancestor is found
(Line 5), the triggering events within that block are compared. If the earlier event
is blocking, its execution may impose a constraint on the ordering of the resulting
execution blocks. In this case, the algorithm conservatively concludes that the blocks
are dependent to preserve the original execution order and prevent unintended behavior
(Lines 5-6).

In the example in Figure 6.5, the first shared block is A2, which contains two
triggering events e2 and e7. To assess the dependency between D5 and D6, we examine
the blocking status of e2. If €2 is a blocking write request, the process must wait for
a response before executing e7. Similarly, if e2 is a blocking write response, it means
the associated request occurred earlier in the same block and must be completed

first. In both cases, the strict ordering of events implies that not only the events
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themselves, but also the execution blocks they trigger, must preserve the original
sequence and cannot be reordered. In contrast, if e2 is a non-blocking write request,
the response will be handled in a future execution block, so execution of €7 is not
dependent on it. Likewise, if €2 is a non-blocking write response, the corresponding
request was received in a previous block, and this response simply completes that
interaction without constraining subsequent events. In such cases, the execution blocks
are considered independent.

Check 2: Shared read response event detection: After determining the
independence of two execution blocks, we further check whether they share a read
response event. This step ensures that the blocks are not competing to receive the
same response, which could otherwise lead to deadlocks or violations of causal message
ordering. To perform this check, we inspect all events in both blocks to identify a
shared read response originating from the same source process and associated with the
same service name. If such an event is found, the blocks are not eligible for parallel
execution.

It is important to note that it is not necessary to compare every pair of blocks within
the same mode of a process. Instead, the analysis is limited to a bounded-size window
of neighboring blocks that are likely candidates for reordering. In our implementation,
we examine the 30 closest successors of each block. However, runtime profiling shows
that, in practice, fewer than 10 neighboring blocks typically run in parallel. This
window size is configurable and can be adapted to systems with different workload

characteristics or higher potential for parallel execution.

6.8.2 Simulation Strategy for Parallel Execution of Blocks

Once the set of eligible blocks for parallel execution is identified using Algorithm 9, this
information is utilized to enable safe concurrent execution during simulations of the
modeled dCPS. The refined application workload model is transformed into a format
compatible with discrete-event simulators. For our experiments, we use the OMNet++
simulator.

To support parallel execution, we extend the runtime behavior of each process
compared to the initial model, and we introduce a shared parallel eligibility file. This
file defines, for each process and operation mode, which execution blocks are eligible to
run in parallel with one another.

The runtime behavior of each process is illustrated in Listing 6.1, which presents

the pseudocode for how execution blocks are managed during simulation. At the start
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1| void Initialization() {

2 blockList =load_ordered_executionBlocks ();
3 readyList = empty; runninglist = empty;

4 firstBlk = blockList.front();

5 readyList.add(firstBlk);

6 seqPtr = firstBlk.id;

7 if (allowExecution(firstBlk.initEv)) {

8 runninglList.add (firstBlk);

9 readyList.remove (firstBlk);}}

10| void onMessageReceived(Message msg) {

11 msgBlk = findRelatedBlock(msg, blockList);
12 eligible = true;

13 foreach (Block bl: runningList) {

14 if (!checkEligibility (msgBlk, bl)) {
15 eligible = false; break; }}

16 if (eligible)

17 runningList.add (msgBlk);}

18| void onExecutionFinished(Block* doneBlock) {
19 runninglList.remove (doneBlock) ;

20 if (doneBlock.id == seqPtr) {

21 nextBlock = blockList.front();

22 seqPtr = nextBlock.id;

23 eligible = true;

24 foreach (Block bl: runningList) {

25 if (!checkEligibility (nextBlock, bl)){
26 eligible = false; break;}}

27 if (eligible) {

28 readyList.add(nextBlock);

29 if (allowExecution(nextBlock.initEv)){
30 runninglist.add(nextBlock) ;

31 readyList.remove (nextBlock) ;}}}

Listing 6.1: Runtime behaviour of a process in the simulation

of the simulation (Initialization procedure, Line 1), each process loads its list of
execution blocks (referred to as the blockList) while preserving their original order
(Line 2). This ordering is particularly important for blocks triggered by the ENV or by
internal timer expirations, as they are not eligible to run in parallel with any other
blocks and must therefore be executed sequentially, following the original execution
order. To track this order, a dedicated pointer called seqPtr is maintained. It always
points to the head block of the blockList, even after that block has been moved to the
readyList or runninglList. The pointer is updated only after the block it references
has completed execution.

In addition to the blockList, the simulation maintains two other structures: A
runningList, which stores information about currently executing blocks, such as their
event counters and status flags (e.g., whether they are waiting for a message or for
platform-side execution), as well as a readyList, which holds blocks that are eligible to
execute as soon as their triggering conditions are satisfied. Both lists are initialized as
empty at the beginning of the simulation (Listing 6.1, Line 3).

The simulation begins by moving the first block from the blockList to the readyList

and updating the seqPtr accordingly (Lines 4-6). Each execution block includes an
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Figure 6.6: An example of parallel execution of blocks

initial communication or timer handler event, depending on what triggered the block,
denoted as initEv. This event defines the condition under which the block becomes
eligible for execution. If initEv is a timer handler, the block must wait until the
corresponding timer goes off before it becomes eligible for execution. If it is a read
request or read response, the block must wait until the corresponding message is received.
If it is a write request, the block can be moved directly from the readyList to the
runninglist and begin execution (Lines 7-9).

During simulation, when a process receives a message (onMessageReceived procedure,
Line 10), it searches for the first execution block in its blockList whose initEv matches
the received message (Line 11). The simulator then checks whether this block can be
added to the runningList, which is determined by verifying that it is eligible to run
in parallel with all currently executing blocks (Lines 12-15). If so, it is added to the
runninglist and begins execution (Lines 16-17).

Once a block completes its execution (onExecution Finished procedure, Line 18),
it is removed from the runningList (Line 19). If it is the block currently pointed to
by seqPtr, the simulator advances seqPtr and retrieves the next head block in the
original sequence (Lines 20-22). If the new block is eligible to run in parallel with all
currently executing blocks, it is added to the readyList (Lines 23-28). If its initEv
allows immediate execution — either because it is a write request, or a read request or
read response for which the corresponding message has already been received, or a timer
event whose time has already passed — it is transferred directly to the runninglist
(Lines 29-31). If the block is not yet eligible to be added to the readyList, it must wait
until one or more active blocks complete before it can proceed. This mechanism ensures
that execution blocks are scheduled as early as possible to maximize parallelism, while
still preserving the original block order when blocks are not eligible to run in parallel.

Figure 6.6 illustrates a scenario involving parallel execution. The table on the

left indicates, for each execution block, which subsequent blocks are eligible to run in
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parallel. As noted earlier, only blocks that appear later in the blockList are considered
for reordering, as earlier blocks are assumed to have already completed. The simulation
begins at time ¢; with the execution of block by, assuming its initEv is a write request,
and seqPtr is initialized to point to by. At o, the message associated with block b3’s
initEv arrives. Since by and bs are eligible to run in parallel based on the table, b3
is immediately scheduled for execution. At t3, the message corresponding to block
bo’s initEv is also received, making it a candidate for execution. However, due to
dependency constraints, by cannot run concurrently with the currently executing blocks
(b1 and b3), and is therefore not scheduled at this point. Once b3 completes its execution,
the simulator retrieves the next block at the head of the blockList and updates seqPtr
to by. Because the message for by has already been received, it is immediately moved
to the runninglist and begins execution.

At time t5, the message corresponding to the initEv of block by is received, making
it ready for potential execution. However, by cannot run concurrently with the currently
executing block bs based on the table in the left part of Figure 6.6, so the message is
queued. Once by completes its execution, the next block at the head of the blockList
is retrieved, and seqPtr is updated to point to by. At time t; and tg, the messages
for bs and bg are received. Since both blocks are eligible to run in parallel with the
currently executing block by, they are scheduled and executed concurrently. At time
tg, the message related to initEv of block b7 is received. However, b; cannot start yet
because it is not eligible to run in parallel with either b5 or bg. Finally, at time ¢,
after both b5 and bg complete their execution, by becomes the next block at the head

of the blockList and is scheduled for execution.

6.9 Experimental Evaluation

To evaluate the effectiveness of our refined application workload model and the auto-
mated parallelism detection method, we conduct an experimental study using trace
data collected from the ASML TWINSCAN lithography machine.

6.9.1 Experimental Setup

Our evaluation focuses on the server subsystem of the TWINSCAN machine, which
runs on a Linux-based platform and communicates with multiple embedded real-
time subsystems. We concentrate on the server subsystem because it executes the

majority of software processes and is therefore the most critical location for uncovering
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parallelism opportunities. The embedded subsystems, in contrast, operate under
strict real-time constraints, where modifying execution behavior is undesirable, and
collecting their traces would require additional engineering effort that is not necessary
to demonstrate the capabilities of the proposed refined model. From the collected traces
of a wafer lot operation involving five wafers, we derive an application workload model
containing 309 software processes and 1521 inter-process communication channels. The
workload model includes 489459 execution blocks and 597210 messages, representing

communications in which the traced host acted as sender, receiver, or both.

To evaluate the wafer processing time, we identified service calls in the traces that
correspond to wafer-handling events. These calls, observed in specific request and
response messages, are used to mark the start and end points of each wafer’s operation.
The PDW is then computed as the time difference between the corresponding start

and end events.

To model the effects of the environment on the system’s timing behavior, we
use the ENV model with associated delay parameters, denoted as A, as explained
in Section 3.5.4. The refinement of the workload model, particularly through the
introduction of more detailed communication event types and the inclusion of service
names, enables a more fine-grained estimation of the values of these delay parameters.
Figure 6.7 illustrates the three scenarios considered in our ENV delay modeling approach.
In most cases, since each communication event includes a service name (SN), we directly
determine the delay parameter value A by calculating the time difference between a
traced process’s write request to an ENV process and the corresponding read response

from that ENV process using the same service name, as shown in Figure 6.7(a).

For situations where the ENV initiates a request toward the traced process (ENV
request), we estimate the delay A based on the most recent write request or write
response previously sent by the same traced process to that ENV process. We assume
that the ENV request occurs shortly after this preceding write event, as illustrated in
Figure 6.7(b).

Finally, in cases where no matching service name (SN) is available or no prior write
event can be found, we conservatively assign the delay based on the time difference from
the first root-level write request in the model. This event marks the simulation’s starting

point and represents the earliest available interaction, as shown in Figure 6.7(c).
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Figure 6.7: Three ENV delay modeling scenarios

Table 6.2: Comparison of PDW between real system execution and simulation considering
inter-process parallelism only

Wafer Reality (s) Simulation (s)

1 47.638 47.651
2 56.764 56.782
3 50.766 50.782
4 47.715 47.735
5 47.770 47.788
Average 50.130 50.148

6.9.2 Results

First, we validate the accuracy of our simulation model by comparing the simulated
PDW with real execution data from the TWINSCAN machine. This comparison is
performed under a baseline configuration that includes only inter-process communi-
cation and does not leverage intra-process parallelism. This setup ensures that the
simulation reflects the actual system behavior and provides a reliable baseline for
further performance evaluation.

Table 6.2 shows the PDW for five wafers from both real and simulated executions.
The average PDW in the real system is 50.1309 s, compared to 50.1481 s in simulation, a
negligible difference of 17.2 ms, corresponding to an error of only 0.034 %. This confirms
that the simulation model provides sufficient accuracy for performance analysis.

Next, we examine the impact of enabling intra-process parallelism alongside inter-
process parallelism. We vary two key parameters: the number of CPU cores in the
platform model, and the value of A in the ENV delay model, which controls how
quickly new execution blocks triggered by environment interactions become eligible
for execution and thus increases the opportunity for parallelism. Five levels of ENV
delay reduction are tested: 0% (baseline), 25 %, 50 %, 75 %, and 100 % (representing
immediate ENV response upon sending a request from the traced server). As a reminder,
execution blocks triggered by ENV interactions must be executed sequentially in their

original order and are not eligible for parallel execution.
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Figure 6.8: The effect of ENV delay reduction and number of cores on PDW. Top: inter-
process only. Bottom: inter- and intra-process

Figure 6.8 shows the effect of the aforementioned parameters on the average PDW.
The top chart reflects inter-process parallelism only, while the bottom chart includes
both inter- and intra-process parallelism. Each bar corresponds to a specific ENV
delay level. The horizontal axis indicates the number of CPU cores (the default server
configuration has 16 cores), and the vertical axis shows the average PDW in seconds.
As shown in both charts, decreasing ENV delays and increasing the number of cores

consistently reduce the average PDW.
The results demonstrate that intra-process parallelism yields additional performance

gains, particularly when ENV delays are reduced. At the baseline level (0% delay

reduction), the improvement on the default 16-core platform is marginal, at around 8 ms,
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indicating that the environment latency remains the dominant bottleneck. Although
intra-process execution is accelerated, the system must still wait for ENV interactions,
especially those modeled with conservative assumptions anchored to the root-level
write request, as previously shown in Figure 6.7(c), which limits the overall benefit.
In contrast, when ENV delays are fully eliminated (100%), the gain increases to
approximately 220 ms, highlighting that the effectiveness of intra-process parallelism
depends heavily on the environment responsiveness in this case study.

Despite this improvement, the overall gain remains modest, which can be attributed
to two main factors. First, the software under study was not originally designed
with parallel execution in mind, likely to avoid unintended side effects such as race
conditions or inconsistent execution behavior. As a result, the structure of the system
may inherently limit the amount of parallelism that can be safely exploited. Second, our
method for identifying parallelizable blocks is deliberately conservative. As discussed in
Check 1 (Section 6.8.1), conservative assumptions are necessary when trace information
is insufficient to guarantee safe block independence. These assumptions prevent
potential deadlocks in the system but may also restrict opportunities for concurrent
execution.

Finally, we evaluate the impact of CPU frequency scaling using a fixed configuration
of 8 cores under 100 % ENV delay reduction. This choice is made because, as shown
in Figure 6.8, the difference between using 8 and 16 cores is not significant and falls
within the simulation error margin.

Figure 6.9 shows the effect of frequency scaling on PDW under both inter-process-
only and combined inter- and intra-process parallelism exploitation cases. The base
frequency setting is denoted as 0 on the horizontal axis, while the average PDW
is depicted on the vertical axis. The horizontal axis depicts the clock frequency
changes as a percentage of the base clock frequency. As CPU frequency increases,
performance improves in both cases due to shorter execution times. However, the
performance difference between the two cases gradually decreases, because frequency
scaling accelerates all execution blocks, including those that must run sequentially. As
sequential execution becomes less time-consuming, the relative advantage of parallelism
exploitation diminishes. Consequently, the two cases converge in performance at higher
frequencies.

All our results above indicate that multi-threaded execution of code blocks within
event-driven processes (i.e., exploiting the available intra-process parallelism) can
yield measurable performance improvements, particularly when the responsiveness of

other embedded hosts (ENV) increases. However, they also reveal a saturation point,
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Figure 6.9: The effect of frequency scaling on PDW for 8-core platform with 100% ENV
delay reduction

beyond which such multi-threaded execution no longer leads to performance gains
unless changes are made to the software structure of dCPS in order to create (more)
blocks and processes that can really execute in parallel. This underscores the value
of our refined application workload model, not only in enabling realistic performance
evaluation of an existing software structure of dCPS but also in supporting exploratory

what-if analyses with respect to potential changes in the software structure.

6.10 Conclusion

This chapter presents a refined application workload model that captures both inter-
process and intra-process execution dependencies in complex dCPS. The model is
derived from execution traces and supports a method for identifying tasks (code blocks)
within software processes that can be safely reordered or executed in parallel without
modifying the existing software structure. We validate our approach on the ASML
TWINSCAN lithography machine and the results reveal measurable performance gains
in wafer processing time. The results also highlight the impact of environmental
responsiveness and hardware capacity on the effectiveness of parallel execution. These
findings underscore the value of our refined workload model not only for realistic
performance evaluation, but also for enabling what-if analyses of application workloads

that complements platform and mapping exploration in large-scale industrial dCPS.



Chapter 7

Summary, Discussion, and

Future Directions

7.1 Summary of Challenges and Contributions

This thesis addresses the growing need for a scalable and automated DSE methodology
tailored to complex industrial dCPS such as the ASML TWINSCAN machine used
as a case study in the thesis. To this end, the proposed CompDSE methodology
systematically tackles five core scientific challenges.

First, to overcome the lack of a coherent and scalable framework for efficient DSE
focused on performance evaluation in complex industrial dCPS (challenge CHL1), we
introduce a structured methodology that combines system-level modeling, automated
model derivation and transformation, and discrete-event simulation for evaluation.

Second, to support abstract yet accurate system modeling (challenge CHLZ2), we
define models for the application workload, the computing hardware platform, and
the workload-to-platform mapping. These models are sufficiently abstract to enable
efficient exploration while remaining accurate enough to yield meaningful insights.

Third, we identify the necessary execution traces and develop algorithms to auto-
matically derive the aforementioned models from traces collected during real system
operation (challenge CHL3), thereby eliminating the need for software source code
analysis, which is often impractical in industrial contexts.

Fourth, we implement model-to-model transformations and code generators (chal-
lenge CHLA4) to produce simulation-ready entities, thereby enabling rapid performance
analysis in a target simulation environment. In this thesis, the OMNeT++ environ-
ment has been targeted because it supports a hierarchical module structure, event
scheduling, and message passing between components, making it suitable for simulation
of large-scale distributed systems with complex interactions.

Finally, to capture intra-process parallelism alongside inter-process parallelism
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(challenge CHL5), we propose a refined application workload model by grouping
cohesive computation and communication events into semantically meaningful execution
blocks as well as a dependency analysis approach to detect which blocks within a
process can execute safely in parallel.

Through experiments on real trace data collected from the ASML TWINSCAN
machine, we demonstrate the accuracy and efficiency of the proposed CompDSE
methodology. It enables efficient performance evaluation of large-scale workloads and

supports insightful system architecture exploration for realistic industrial settings.

7.2 Discussion and Future Directions

While the CompDSE methodology offers a practical and generalizable framework for
the DSE of large-scale industrial dCPS, several limitations and open directions have
emerged during its development and evaluation. These can be framed as key challenges

for future work.

Partial Traceability of Subsystems

Due to system constraints, we may be unable to trace all subsystems to automatically
derive models. Some subsystems are bare-metal and lack an OS or another infrastructure
with tracing facilities. Thus, such untraceable subsystems have been grouped into the
ENV model. In addition, some embedded subsystems, although they are traceable,
they cannot store large traces locally, similar to most resource-constrained embedded
systems. As a result, trace data has to be streamed over the communication network,
which introduces bandwidth bottlenecks. In our ASML TWINSCAN case study, it
is not feasible to trace more than seven subsystems without disrupting the system
operation. Even tracing these seven subsystems requires careful configuration of local
buffer sizes, streaming rates, and other parameters.

One possible direction to solve the aforementioned tracing problem could be to
repeat the same system operation multiple times under the same configuration and
operation mode, and then aggregate the resulting partial traces to automatically
derive a more complete application workload model. However, such an approach
poses challenges because according to ASML engineers, the system’s operational
determinism, i.e., executing the exact same workload order across several runs, cannot
always be guaranteed. As a result, aggregating traces across executions may introduce

inconsistencies. In practice, however, these variations are typically limited in magnitude
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and appear as small execution-level differences, which may fall below the resolution of
the abstracted workload model and therefore do not prevent meaningful comparative

analysis across design alternatives within the defined design space.

Unmodeled Shared-Memory Communication

While the majority of inter-process communication in the ASML TWINSCAN machine
is captured through message passing, a small subset of interactions rely on shared-
memory communication. These interactions are not traced and modeled in this work.
Although their impact on the system model accuracy is minimal in our case, other
dCPS in which shared memory communication plays a more significant role may require

explicit modeling of such communication to ensure accurate performance analysis.

Events Signatures in Application Workload Model

In our CompDSE methodology, we estimate the workload signature of the computation
and communication events using CPU cycle counts as an approximation of execution
cost. This abstraction captures only the computational demand of events on a CPU
and omits important factors such as cache behavior, memory access latency, and other
architectural interactions that may significantly affect actual execution time of events.

This simplification also limits the DSE to hardware platforms with CPU-based
computing architectures. As a result, the CompDSE methodology cannot be directly
applied to evaluate systems that include alternative computing architectures and
components such as GPUs or FPGAs for example. A promising future direction is
to develop a mapping approach based on empirical measurements that enables the
translation of execution costs (signatures) of events across heterogeneous platforms. For
example, by deriving mathematical functions or learning ML models that approximate
how execution signatures of events change between different architecture components,

CompDSE could be extended to explore a broader hardware platform design space.

Simplified Scheduling for Processes

In this work, we employ a FCFS scheduling policy to schedule the processes mapped
onto a given host, while the real ASML TWINSCAN system employs a more complex,
priority-based scheduling. Although this simplification does not significantly impact
the accuracy of our performance analysis for this system, the same may not hold

for other dCPS that operate under hard real-time constraints for example. In such
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systems, accurately modeling the scheduling policy, potentially replicating the real-time

scheduler used in deployment, may be essential to ensure reliable performance analysis.

Communication Network Model Simplification

Our communication network model within the hardware platform model relies on
approximated communication delays associated with communication events. While this
high level of abstraction is sufficient for our case study to explore computing hardware
platforms and workload-to-platform mappings, it restricts the fidelity with which
alternative network architectures can be evaluated. Although the design space defined
in Section 3.6 allows modifications to the network topology, such variations are assessed
at the abstraction level of the adopted communication model. Detailed protocol
behavior, routing dynamics, and fine-grained contention effects are not explicitly
represented. Consequently, the impact of topology changes on communication load
and overall system performance can only be analyzed in terms of abstract latency and

bandwidth parameters rather than detailed network-level effects.

Scope and Limitations of the Explored Design Space

The design space defined in this thesis is intentionally scoped to what can be evaluated
efficiently using abstract models. This scoping reflects a trade-off between accuracy
and scalability, i.e., increasing model details may improve fidelity for specific effects,
but it also increases design-point evaluation time and can make DSE impractical for
large and complex industrial distributed systems.

Some limitations arise directly from the chosen abstraction level and cannot be
removed within the current methodology. In particular, design dimensions that re-
quire instruction-level or micro-architectural visibility are fundamentally outside the
scope of the current methodology. This includes exploration of cache hierarchies and
cache policies, pipeline-related effects, fine-grained memory-access behavior, and other
instruction-level mechanisms. Supporting such variations would require instruction-
level traces or cycle-accurate models, which conflict with the intended scalability
constraints in large industrial environments.

There are additional limitations in this thesis that do not stem from the proposed
methodology itself, but from the current instantiation of the models. For example,
as discussed earlier, a more detailed communication network model would enable
the network architecture and topology to be treated as explicit design dimensions,

thereby allowing a broader exploration of design points. Similarly, heterogeneous
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compute resources (e.g., GPUs or FPGAs) could be considered at an abstract level if
an appropriate equivalence or mapping of computational capability can be established
as discussed.

Memory-related design dimensions occupy an intermediate position with respect
to these limitations. While detailed memory behavior is strongly influenced by micro-
architectural mechanisms, memory effects can, in principle, be incorporated at a higher
level of abstraction. For example, memory can be modeled as an abstract shared service
characterized by parameters such as bandwidth, and latency, and application workloads
can be augmented with abstract memory-demand attributes. Such representations do
not aim to capture precise memory access timing, but rather to reflect the relative
impact of memory pressure on execution behavior across alternative design points.
However, introducing these abstractions requires additional assumptions regarding
overlap between computation and memory access, as well as contention effects.

Algorithmic or functional changes in the application software are not treated as
direct variation/design points within the defined design space. However, such changes
can still be evaluated within the overall workflow by collecting new execution traces
and re-deriving the workload model automatically for the modified software, after
which the resulting model can be assessed under alternative platform and mapping

configurations.

Generality vs. Accuracy in Parallelism Analysis

The refined application workload model enables the identification of inter-process
parallelism, i.e., identifying dependencies between execution blocks within a process to
reveal potential parallel execution of blocks. To identify such dependencies, we adopt
a conservative dependency analysis approach in order to maintain generality, deadlock-
free model execution, and avoid reliance on system domain knowledge. However,
incorporating system-specific knowledge in the dependency analysis could make it
less conservative, thereby revealing more accurately the potential parallelism between
execution blocks. For example, in the ASML TWINSCAN machine, the measurement
and exposure phases belong to two distinct and independent functional categories.
Recognizing this separation could help distinguish independent execution blocks within
a process more effectively.

Additionally, in the refined model, the ordering of events within each execution
block is kept fixed to ensure correctness. With sufficient domain knowledge, however,

this constraint could also be relaxed, allowing events within a block to be reordered or
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executed in parallel, thereby revealing further opportunities for parallelism.

Evolving the A Parameter Model into Design Variables

The A-parameter approach is introduced to capture the timing impact of untraced
embedded hosts that interact with the physical environment via sensors and actuators.
Two questions arise: Can individual A parameters serve as independent design variables
in DSE rather than scaling all A parameters, as done in the experiments presented in
Chapter 67 If so, can the model be reformulated such that the A parameter values
capture only delays due to the physical environment (sensors and actuators), while
excluding execution and communication latency inside untraced subsystems?

In practice, for a complex dCPS, our current approach generates thousands of
A parameters because each communication with an untraced host is represented
individually. The very large number of A parameters creates a huge design space that
is costly and infeasible to explore. In addition, many of these parameters are dependent,
so varying them independently can yield unrealistic or infeasible design points.

A straightforward way to reduce the number of A parameters is to increase trace
coverage so that fewer interactions remain untraced. However, as explained earlier,
tracing additional subsystems has its own challenges, and moreover, some subsystems
will remain untraceable anyway. In such cases, a more effective approach can be to
incorporate system domain knowledge. The key idea is to identify a small subset of in-
dependent A parameters as representative parameters and to express the remaining
parameters as functions of these representatives. Using only the representative param-
eters as design variables in DSE can reduce the size of the design space significantly
and can prevent infeasible or unrealistic design points from being considered. This can
decrease the number of A parameters and improve the effectiveness and efficiency of
DSE when exploring changes in untraced hosts and in sensors and actuators.

Domain knowledge also helps separate A parameters that are tied directly to the
physical environment from those that arise from execution or communication within
untraced subsystems. For parameters that correspond to repeated interactions with
the same sensor or actuator within an operation mode, the observed timings are often
constant or nearly constant. In such cases a single characteristic value can serve as the
representative for that component. If a different sensor or actuator is selected during
DSE, only the corresponding representative value needs to change. Consequently, the
portion of the A parameters that reflects the physical environment becomes a set of

well-defined design variables to explore.
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Simulation Speed vs. Model Detail Trade-off

By refining the application workload model, we improve the model accuracy but
increase the model simulation time by approximately 10 times, with each design point
taking around 10 minutes to evaluate. This fact highlights the need to carefully balance
between the model accuracy and model simulation efficiency. Future work aiming for
higher model accuracy, such as adding more detail to the ENV model, must consider
the impact of such model refinement on the efficiency of DSE, especially the time

needed for a single design point evaluation.

OMNet++ Scalability Limits

The OMNeT++ discrete-event simulation environment has been chosen in our work
due to its strong capabilities in modeling large-scale networks and distributed systems.
However, our practical experiments reveal that it has scalability limits in terms of the
number of modules that can be simulated. This means that even if we are able to
trace all subsystems in a dCPS, it may not be feasible to include all process entities
as separate modules in the simulation environment. Therefore, a systematic study
is needed to evaluate the suitability of different discrete-event simulation tools for
large-scale workloads in complex dCPS, and to identify alternatives or extensions that

can scale better.

7.3 Concluding Remark

This thesis concludes a very focused and industry-driven research effort towards enabling
DSE for complex industrial dCPS. While this work marks the end of our contribution
to this specific line of research, it lays a foundation that can be extended and applied
beyond the system studied here.

The proposed CompDSE methodology is not limited to the ASML TWINSCAN
machine. Its trace-based modeling approach, algorithms and tools, simulation infras-
tructure, and refinement techniques are relatively general and can be adapted to other
large-scale systems. In this sense, the work takes a first step towards making DSE
more practical and accessible in industrial contexts, supporting system architects in
evaluating alternative designs early in the development process through efficient system

simulation.
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English Summary

The increasing complexity and performance demands of industrial Distributed Cyber-
Physical Systems (dCPS), such as lithography machines in semiconductor manufac-
turing, necessitate early-stage design validation techniques that are both efficient and
accurate. Design Space Exploration (DSE) is essential in this context, as it enables
the evaluation of alternative hardware and software configurations before deployment.
However, existing DSE tools and methodologies fall short for industrial dCPS: they
lack a global system model, rely heavily on manual and impractical model construction,
and often lack scalable simulation and optimization support that can efficiently explore
large system-level design spaces.

To overcome these limitations, this thesis introduces CompDSE, a structured
methodology for conducting system-level DSE tailored to the cyber components of
industrial dCPS. The methodology integrates efficient system-level modeling with
automated tools for model derivation, model transformation, and simulation-ready
code generation, resulting in a coherent workflow for system performance evaluation.
CompDSE is particularly suited to existing complex industrial dCPS that are being
explored for next-generation upgrades.

CompDSE is structured around three abstract models following the Y-chart ap-
proach: the application workload model, the hardware platform model, and the mapping
model. The application workload model captures the behavior and interactions of
distributed software processes; the hardware platform model describes the available
computing infrastructure, including processing components and interconnection net-
works; and the mapping model specifies how software processes are assigned to hardware
resources. In addition, CompDSE introduces the environmental influence model that
captures the timing impact of untraced embedded hosts interacting with the physical
environment (e.g., through sensors and actuators) that cannot be explicitly modeled.
All these models are defined at a high level of abstraction to enable efficient DSE while
preserving sufficient accuracy for meaningful performance evaluation.

The CompDSE toolbox includes a set of algorithms that automatically derive the
abstract models from execution traces collected from real-world industrial systems. This
trace-based approach allows the modeling framework to generate a dedicated model

for each operation mode of the system, accurately reflecting the distinct behaviors
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and interactions of processes in that mode. The toolbox further includes model-
transformation algorithms that convert these abstract models into simulation-ready
entities for execution in a discrete-event simulation environment, as well as code-
generation algorithms that produce the required simulation code. Together, these tools
enable efficient and systematic performance analysis of each design point.

The effectiveness of CompDSE is demonstrated through an evaluation on ASML
TWINSCAN lithography machine as a representative industrial dCPS case study. The
results show that the models automatically derived by CompDSE closely reproduce
the observed behavior of the real system. In particular, the simulated average wafer
processing time differs by 2.7% from the actual system measurements. Despite the
complexity and scale of the resulting models, each design point can be simulated in
under one minute. These findings demonstrate that CompDSE achieves sufficient
accuracy for meaningful DSE while maintaining the level of simulation efficiency
required for exploring the large design spaces typical for industrial dCPS.

To further enhance concurrency analysis, the thesis introduces a refined application
workload model capable of capturing both inter-process and intra-process execution
dependencies. This refined model is automatically derived from execution traces and
supports a method for identifying tasks within software processes that can be safely
reordered or executed in parallel without modifying the existing software structure. The
refinement enables deeper performance analysis and reveals parallelism opportunities
that are crucial for improving the performance of software workloads on modern multi-
core CPUs within the computing subsystems. Experimental validation confirms that

simulations based on the refined model expose measurable performance improvements.
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De toenemende complexiteit en prestatie-eisen van industriéle gedistribueerde cyber-
fysieke systemen (dCPS), zoals lithografiemachines in de halfgeleiderproductie, vereisen
ontwerpvalidatietechnieken in een vroeg stadium die zowel efficiént als nauwkeurig
zijn. Design Space Exploration (DSE) is in deze context essentieel, omdat hiermee
alternatieve hardware- en softwareconfiguraties kunnen worden geévalueerd véor de
daadwerkelijke implementatie. Bestaande DSE-tools en -methodologieén schieten
echter tekort voor industriéle dCPS: ze missen een globaal systeemmodel, zijn sterk
afhankelijk van handmatige en in de praktijk onhaalbare modelconstructie, en bieden
vaak onvoldoende schaalbare ondersteuning voor simulatie en optimalisatie om grote
ontwerpruimten op systeemniveau efficiént te verkennen.

Om deze beperkingen te overwinnen, introduceert dit proefschrift CompDSE, een
gestructureerde methodologie voor het uitvoeren van DSE op systeemniveau, toegespitst
op de cybercomponenten van industriéle dCPS. De methodologie integreert efficiénte
systeemmodellering met geautomatiseerde tools voor modelafleiding, modeltransfor-
matie en het genereren van simulatieklare code, wat resulteert in een samenhangende
workflow voor de evaluatie van systeemprestaties. CompDSE is met name geschikt
voor bestaande complexe industriéle dCPS die worden onderzocht met het oog op
upgrades naar een volgende generatie.

CompDSE is opgebouwd rond drie abstracte modellen volgens de Y-chart-
benadering: het applicatiewerklastmodel, het hardwareplatformmodel en het
mappingmodel. Het applicatiewerklastmodel beschrijft het gedrag en de interac-
ties van gedistribueerde softwareprocessen; het hardwareplatformmodel beschrijft
de beschikbare rekeninfrastructuur, waaronder verwerkingscomponenten en inter-
connectienetwerken; en het mappingmodel specificeert hoe softwareprocessen aan
hardwarebronnen worden toegewezen. Daarnaast introduceert CompDSE het omge-
vingsinvloedmodel, dat de impact op de timing vastlegt van niet-getraceerde embedded
hosts die interacteren met de fysieke omgeving, bijvoorbeeld via sensoren en actuatoren,
maar die niet expliciet kunnen worden gemodelleerd. Al deze modellen zijn gedefinieerd
op een hoog abstractieniveau om efficiénte DSE mogelijk te maken, terwijl voldoende
nauwkeurigheid behouden blijft voor betekenisvolle prestatie-evaluatie.

De CompDSE-toolbox omvat een reeks algoritmen die automatisch de abstracte
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modellen afleiden uit executietraces die zijn verzameld uit industriéle systemen in de
praktijk. Deze op traces gebaseerde aanpak stelt het modelleringsraamwerk in staat om
voor elke bedrijfsmodus van het systeem een specifiek model te genereren, waarin het
onderscheidende gedrag en de interacties van processen in die modus nauwkeurig worden
weerspiegeld. De toolbox bevat daarnaast modeltransformatiealgoritmen die deze
abstracte modellen omzetten in simulatieklare entiteiten voor uitvoering in een discrete-
event-simulatieomgeving, evenals codegeneratiealgoritmen die de vereiste simulatiecode
produceren. Samen maken deze tools een efficiénte en systematische prestatieanalyse
van elk ontwerppunt mogelijk.

De effectiviteit van CompDSE wordt aangetoond door middel van een evaluatie
op een ASML TWINSCAN-lithografiemachine als representatieve industriéle dCPS-
casestudy. De resultaten laten zien dat de modellen die automatisch door CompDSE
worden afgeleid, het waargenomen gedrag van het werkelijke systeem nauwkeurig
reproduceren. In het bijzonder wijkt de gesimuleerde gemiddelde waferverwerkingstijd
2,7% af van de daadwerkelijke systeemmetingen. Ondanks de complexiteit en schaal
van de resulterende modellen kan elk ontwerppunt in minder dan één minuut worden
gesimuleerd. Deze bevindingen tonen aan dat CompDSE voldoende nauwkeurigheid
bereikt voor betekenisvolle DSE, terwijl de simulatie-efficiéntie behouden blijft die
nodig is voor het verkennen van de grote ontwerpruimten die kenmerkend zijn voor
industriéle dCPS.

Om de analyse van gelijktijdige uitvoering verder te verbeteren, introduceert dit
proefschrift een verfijnd applicatiewerklastmodel dat zowel afhankelijkheden tussen
processen als afhankelijkheden binnen processen kan vastleggen. Dit verfijnde model
wordt automatisch afgeleid uit executietraces en ondersteunt een methode voor het
identificeren van taken binnen softwareprocessen die veilig kunnen worden herschikt of
parallel kunnen worden uitgevoerd zonder de bestaande softwarestructuur te wijzigen.
De verfijning maakt een diepgaandere prestatieanalyse mogelijk en brengt mogelijkheden
voor parallellisme aan het licht die cruciaal zijn voor het verbeteren van de prestaties
van softwarewerklasten op moderne multicore-CPU’s binnen de rekensubsystemen.
Experimentele validatie bevestigt dat simulaties op basis van het verfijnde model

meetbare prestatieverbeteringen zichtbaar maken.
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