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Abstract

Memristive devices are considered a key enabler for future memory and computing architec-
tures, promising high density, non-volatility, and energy efficiency. However, their adoption
is challenged by pronounced variability, complex switching dynamics, and limited support
for realistic system-level evaluation. Traditional device-level simulators provide accuracy but
lack scalability, while behavioral models enable speed but neglect essential device physics.
This gap prevents a technology-aware exploration of memristor-based architectures.

This thesis addresses the challenge by introducing the Discrete Stochastic Model (DStM), a
novel variability-aware, measurement-driven model for system-level simulation of memristive
subsystems. DStM captures both time-invariant and time-dependent variability derived from
experimental data while maintaining computational efficiency. Compared to existing system-
level models, it achieves up to 84% higher accuracy while offering two orders of magnitude
faster simulation speed.

To integrate these models into architectural evaluation, the thesis further presents the Mem-
ristor System Simulation (MeSSi) framework, a virtual prototyping platform developed in
this work. Built on SystemC, MeSSi provides modular and reusable building blocks for
memristor arrays, peripheral circuits, and controllers. This modularity enables the explo-
ration of diverse scenarios, from register files and caches to in-memory computing modules.
Through case studies, the thesis demonstrates that incorporating variability fundamentally
alters system-level conclusions: strategies that appear reliable under idealized models often
fail when realistic distributions are considered. The thesis also explores hardware acceleration
of memristor simulations on Field Programmable Gate Arrays (FPGAs). A proof-of-concept
shows that stochastic device dynamics can be efficiently offloaded, alleviating simulation
bottlenecks and paving the way for large-scale evaluation of memristive systems.

Taken together, the contributions of this thesis establish a new methodology for variability-
aware evaluation of memristor-based architectures. By bridging device-level measurements
with scalable system-level simulation, this work enables technology-aware design flows that
can guide the reliable and efficient integration of memristors into future computing systems.



Zusammenfassung

Memristive Bauelemente gelten als Schlüsseltechnologie für zukünftige Speicher- und Rech-
nerarchitekturen, da sie eine hohe Speicherdichte, Nicht-Volatilität und Energieeffizienz ver-
sprechen. Ihre praktische Nutzung wird jedoch durch ausgeprägte Variabilität, komplexe
Schaltvorgänge sowie den Mangel an realistischen Systemsimulationen erschwert. Klassische
physikalische Simulationen liefern zwar eine hohe Genauigkeit, sind jedoch kaum skalierbar.
Abstrakte Verhaltensmodelle ermöglichen zwar schnelle Simulationen, vernachlässigen dabei
jedoch wesentliche physikalische Effekte. Diese Lücke verhindert bislang eine technologiebe-
wusste Bewertung memristorbasierter Architekturen.

In dieser Arbeit wird daher das Discrete Stochastic Model (DStM) vorgestellt, ein
neu entwickeltes, messdatengetriebenes Modell für die Systemsimulation von Memristor-
Subsystemen, das die Variabilität in deren Verhalten berücksichtigt. DStM erfasst sowohl
zeitinvariante als auch zeitabhängige Variabilität auf Basis experimenteller Daten und be-
hält gleichzeitig eine hohe Recheneffizienz bei. Im Vergleich zu bestehenden Modellen für
die Systemsimulation erreicht es eine um bis zu 84% höhere Genauigkeit bei einer um zwei
Größenordnungen schnelleren Simulation.

Zur Einbindung dieser Modelle in die Architekturbewertung wurde zudem die in dieser Ar-
beit entwickelte Memristor System Simulation (MeSSi) Plattform für virtuelle Prototypen
geschaffen. Sie basiert auf SystemC und stellt modulare, wiederverwendbare Bausteine für
Memristor-Arrays, Peripherieschaltungen und Controller bereit. Dadurch lassen sich unter-
schiedliche Anwendungsfälle untersuchen, von Registerfiles und Caches bis hin zu In-Memory-
Computing-Modulen. Die Fallstudien zeigen, dass die Berücksichtigung von Variabilität die
Systembewertung grundlegend verändert: Strategien, die unter idealisierten Annahmen zu-
verlässig erscheinen, versagen häufig bei realistischer Betrachtung. In dieser Arbeit wird
zudem die Hardware-Beschleunigung der Memristorsimulation auf Field Programmable Gate
Arrays (FPGAs) untersucht. Ein Proof of Concept zeigt, dass sich stochastische Zustandsdy-
namiken effizient in digitaler Hardware abbilden lassen. Dadurch wird die Simulationsdauer
erheblich reduziert und Studien in großem Maßstab ermöglicht.

Die Beiträge dieser Arbeit umfassen somit die Entwicklung des DStM-Modells und der MeSSi-
Plattform als neue Methodik zur Evaluierung memristorbasierter Architekturen unter Berück-
sichtigung von Variabilität. Durch die Verknüpfung von Messdaten und skalierbarer System-
simulation wird ein technologiebewusster Entwurfsprozess ermöglicht, der die zuverlässige
und effiziente Integration von Memristoren in zukünftige Rechnersysteme unterstützt.
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Chapter 1

Introduction

In recent years, technological advances have significantly reshaped the way we live and work.
Automation, artificial intelligence (AI), and the Internet of Things (IoT), a vast network of in-
terconnected smart devices, have become integral components of modern society [A1]. Tasks
that previously required human intervention are now increasingly handled autonomously by
machines, significantly enhancing industrial productivity and streamlining daily life. Tech-
nologies such as autonomous driving systems, smart home devices, voice assistants, and health
trackers exemplify how widespread this shift has become. However, the rapid growth and
complexity of these innovations have placed immense demands on the underlying computing
hardware and architectures [A2].

Implementing these advanced technologies necessitates computer systems characterized by
high performance, energy efficiency, and scalability. Traditional computing architectures,
however, increasingly struggle with meeting these demands. For instance, AI applications
require substantial computational power to handle intricate tasks, while IoT environments
emphasize the importance of low-power operation and real-time data processing. Further-
more, these systems generate vast volumes of data, necessitating rapid, efficient processing
capabilities. Conventional architectures, limited by inherent constraints such as power con-
sumption, memory bandwidth, and processing speed, are thus inadequate for future needs.
Consequently, new computing solutions capable of overcoming these limitations and providing
superior performance are urgently required [A3, A4].

To address these challenges, researchers are actively exploring alternative computing
paradigms, each designed to mitigate specific shortcomings of conventional systems [A5].
Dataflow-driven architectures, for example, enhance efficiency by emphasizing optimized
data movement rather than traditional instruction-driven processing [A6]. Near-memory
computing (NMC) and in-memory computing (IMC) significantly reduce latency and en-
ergy consumption by performing computations directly within or close to memory units,
thus minimizing data movement [A7]. Normally-off computing paradigms exploit idle phases
to completely power down systems, dramatically reducing overall energy consumption [A8].
Among various emerging technologies facilitating these novel paradigms, memristors have
garnered particular attention [A9].



2 1.1. Background on Memristors

Memristors, broadly understood as devices whose resistance depends on their electrical his-
tory, stand out not merely as an incremental improvement over existing memory devices, but
as a fundamentally new circuit element that enables a shift in how computation itself can be
organized [A10]. Just as the transistor reshaped the trajectory of electronics, the memris-
tor combines memory and logic in a single device, collapsing traditional boundaries between
storage and processing [A11]. This unique property directly addresses the von Neumann
bottleneck and opens the door to computing paradigms that are qualitatively different from
those possible with conventional memories [A12].

Memristors, characterized by their non-volatility, scalability, high-density storage capability,
and inherently energy-efficient operation, present a promising path toward realizing advanced
computing architectures. Their unique combination of properties directly supports the prac-
tical implementation of IMC, NMC, and normally-off computing, making them strong candi-
dates as foundational components for the next generation of computing systems, particularly
those addressing the intensive requirements of AI and IoT applications [A13]. However,
fully leveraging this potential requires not only advances in fabrication of such devices, but
also new methodologies for evaluating and integrating memristors into complete computing
systems. Addressing this gap is the central motivation of this thesis.

1.1 Background on Memristors

The modern scientific interest in memristors began with their theoretical introduction by
Leon Chua in 1971 as the fourth fundamental circuit element alongside resistors, inductors,
and capacitors [A10]. Chua defined the memristor as a device establishing a direct relation
between electric charge and magnetic flux. This completed the symmetry of circuit theory.
This definition together with the proposed circuit symbol is shown in Figure 1.1.1. Unlike
conventional passive elements, the memristor is characterized by a state-dependent resistance,
termed memristance, which depends on the history of electrical excitation.

Interest in memristors surged after the work of Strukov et al. [A14], who reported a resistive
switching device in titanium dioxide and explicitly identified it as a practical realization of
Chua’s memristor. These devices display a distinctive pinched hysteresis loop in their current-
voltage (𝑖-𝑣) characteristics, which is widely regarded as a hallmark signature of memristive
behavior (Figure 1.1.2). However, this identification sparked an ongoing and sometimes
heated debate. While some researchers embraced resistive random-access memory (RRAM)
as the long-sought fourth circuit element, others rejected this view, arguing either that such
devices do not fulfill Chua’s original definition [A15] or that the memristor itself does not
merit recognition as a fundamental circuit element in the first place [A16]. In this latter
perspective, the memristor is seen not as a missing building block of circuit theory, but as a
derived, composite behavior of existing elements.

To reconcile theory and experiment, Chua himself later generalized the concept in the form of
memristive systems [A17], defined as a broader class of devices whose resistance depends on
past electrical activity, without requiring strict adherence to the original charge-flux relation.
Within this more general framework, practical devices such as RRAM [A14], phase-change
memory (PCM) [A18], and ferroelectric tunnel junctions (FTJ) [A19] can all be considered
memristive systems.
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Figure 1.1.1: Definition of the memristor as the fourth passive circuit element including its proposed
circuit symbol. Adapted from [A14].

As a result, the terminology in the literature is inconsistent. In some communities, the term
memristor is used almost synonymously with resistive switching devices (i.e., RRAM). In
others, it is employed more broadly as an umbrella term for all devices that exhibit memristive
behavior (memristive systems), encompassing PCM, FTJ, and RRAM alike. This definition is
supported by Chua, who states, that “Resistance switching memories are memristors” [A20].
Throughout this thesis, the latter convention is adopted: the term “memristor” is used
to denote the general category of devices with memory-dependent resistance,
while specific technologies will be explicitly referred to by their individual names.

This broader view emphasizes that memristors represent not merely a single device type,
but an entire class of memory technologies that share the ability to co-locate storage and
computation. They have generated significant attention because of their potential to ad-
dress limitations inherent to conventional memories [A9, A21]. This becomes apparent when
looking at a conventional memory hierarchy of computing systems depicted in Figure 1.1.3.
Unlike traditional memory technologies such as Static Random Access Memory (SRAM), Dy-
namic Random Access Memory (DRAM), or Flash memory, which are optimized for specific
roles within distinct hierarchy levels, memristors offer the potential to span multiple hierar-
chy levels simultaneously. They can achieve a favorable combination of speed, non-volatility,
scalability, density, and local integrability [A22]. Moreover, their compatibility with estab-
lished semiconductor CMOS fabrication processes facilitates seamless integration into exist-
ing semiconductor manufacturing workflows [A23]. These traits make them ideally suited for
innovative computing paradigms like in-memory computing, near-memory computing, and
normally-off computing architectures. Collectively, these properties position memristors as
disruptive elements that could reshape or even collapse the traditional separation between
computation units and memory.
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Figure 1.1.2: Schematic of a typical current-voltage response curve of a memristor.
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Figure 1.1.3: A typical memory hierarchy of a modern computer system with potential areas for
memristor integration highlighted. Adapted from [A24].

However, despite these compelling advantages, memristor technology still faces substantial
challenges [A25]. Variability, both intrinsic and due to fabrication inconsistencies, poses re-
liability concerns [A26]. Additionally, standardized modeling methods and well-developed
integration practices are currently lacking, complicating the design process of computer sys-
tems including memristors [A27]. Finally, the atomic-scale dynamics underlying memristive
behavior are not yet fully understood [A28, A29]. Addressing these challenges is crucial for
the widespread adoption and practical application of memristor-based technologies.

1.2 Research Goals and Contributions

The integration of memristor-based devices into modern computing architectures promises
substantial improvements in energy efficiency, non-volatile storage capabilities, and the real-
ization of novel computing paradigms. However, the absence of fast, accurate, and variability-
aware device models, together with the lack of flexible system-level evaluation tools, has
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hindered realistic architectural evaluation and slowed adoption. This thesis addresses these
challenges by defining and pursuing two main research goals:

1. Goal 1: Develop and implement a computationally efficient, statistically accurate mem-
ristor model derived directly from empirical measurements, capturing device variability
under diverse environmental and programming conditions.

2. Goal 2: Create a flexible, modular evaluation framework, comprising a SystemC-
based virtual prototyping platform and real-time FPGA IP blocks, that supports end-
to-end co-simulation of memristor-based systems, from device behavior to complete
architectures.

The primary scientific contributions of this thesis are as follows:

C1: High-Speed, Measurement-Driven System-Level Memristor Model

As a foundation for the modeling work, a comprehensive review and analysis of the key factors
influencing memristive device behavior is first conducted. The insights gained from this study
are systematically incorporated into the subsequent model design to ensure physical relevance
and general applicability. Building upon this groundwork, a novel empirical, variability-aware
memristor model called DStM is introduced, achieving up to two orders of magnitude speedup
over the fastest state-of-the-art model under realistic conditions, while delivering statistical
accuracy improvements of up to 84% compared to existing system-level approaches. The
model derives its parameters directly from measured device data across operating conditions
and programming algorithms, without reliance on a priori physical assumptions or manual
parameter fitting. It is readily extensible to new devices through straightforward updates to
measurement datasets, and is compatible with system-level simulation environments.

C2: Modular, Technology-Aware Virtual Prototyping Platform

Building upon the proposed model, a generic and extensible virtual prototyping platform
called MeSSi is developed in SystemC, supporting various operation principles of the mem-
ristors. Its modular architecture enables the integration of diverse memristor types, peripheral
circuits, and digital components, and supports both detailed and abstract simulation. Beyond
functional correctness, the platform supports configurable modeling of extra-functional prop-
erties at the system level, including energy and latency estimation, enabling comprehensive
evaluation of technology-architecture trade-offs.

C3: Validation through Case Studies and Hardware Acceleration Concepts

The proposed modeling and evaluation methodology is validated through representative case
studies that span different operating principles and application scenarios. These studies
demonstrate how incorporating device variability fundamentally changes system-level con-
clusions, highlighting the necessity of variability-aware evaluation for realistic design. In
addition, hardware acceleration concepts are introduced as a proof-of-concept to alleviate
simulation bottlenecks and enable scalable exploration of larger systems. Together, these
validation efforts confirm both the accuracy and the practical relevance of the presented
contributions.
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Collectively, the contributions C1-C3 establish a coherent methodology and toolchain for
technology-aware design of memristor-based computing systems. By bridging device-level
characterization with full-system simulation and hardware-in-the-loop evaluation, this thesis
enables architects to explore realistic designs, quantify performance-energy trade-offs, and ac-
celerate the transition from device research to system deployment. These results lay a robust
foundation for ongoing and future research in memristor-based computing architectures.

1.3 Overview of the Author’s Work

The simulation of variability in memristors within computer architecture design was initially
explored for oxide thickness variability in RRAMs (a specific type of memristor) by Johannes
Knödtel, Markus Fritscher, Dietmar Fey, Marco Breiling, Marc Reichenbach, and the author
of this thesis [B1, B2] and later continued by Fritscher et al. [A30]. That work focused on a
systolic-array-based digital accelerator for electrocardiogram classification using neural net-
works with integrated local RRAM memory. The author of the thesis at hand contributed the
accelerator architecture concept and developed the framework for parametrizing the architec-
ture and mapping operations to hardware. Follow-up studies on the RRAM memory blocks
used inside the architecture [B3] and the framework for developing the accelerator, utilizing
normally-off computing, were later published [B4]. The systolic-array-based accelerator was
also implemented on an FPGA to evaluate memory throughput on high-bandwidth-memory
[B5].

The concept of a measurement-based, technology-aware memristor model for system-level de-
sign was developed by the author in collaboration with Marc Reichenbach, Tommaso Rizzi,
Andrea Baroni, Markus Fritscher, Christian Wenger, Cristian Zambelli, and Davide Bertozzi.
This approach was first presented as a discrete, technology-aware framework covering differ-
ent operating and environmental conditions of RRAM devices [B6]. The implementation and
evaluation of this model were carried out by the author, with device measurements and statis-
tical parameter extraction performed by Andrea Baroni and Tommaso Rizzi at IHP GmbH -
Leibniz-Institut für innovative Mikroelektronik. This model was subsequently incorporated by
the author of the thesis at hand into a SystemC-based virtual prototyping platform, enabling
estimation of extra-functional properties [B7]. Integration with other system components was
jointly explored with Junchao Chen (system-on-chip platform with adaptive error correction
for space environment) and Johannes Knödtel (CPU instruction set architecture simulation,
fault injection, and analysis). Measurement data for these studies was provided by Andrea
Baroni.

Building on this foundation, the modeling concept was later used by the author of the thesis
at hand to realize real-time FPGA-based memory simulation blocks [B8]. These were applied
to simulate a RISC-V CPU with RRAM-based register files and caches. The simulation block
concept was developed together with Johannes Knödtel, Liliia Almeeva, Jianan Wen, Miloš
Krstić, and Marc Reichenbach, with implementation and evaluation led by the author and
support from Liliia Almeeva. Error rate evaluation for the RISC-V CPU was performed by
Johannes Knödtel. Another measurement-based model was used to implement an FPGA-
based IMC simulation platform, including programming variability [B9, B10]. The author of
the thesis at hand helped with the conceptualization and writing of that work.
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The simulation framework by the author of this thesis has also been employed to predict
RRAM device variability under varying environmental conditions for an analog neuron circuit
study at discrete operating points [B11]. Here, the author conceptualized and developed the
variability prediction model, while Sebastian Jenderny contributed the analog neuron circuit
model and conducted simulation and evaluation.

Finally, the concept of the measurement-based modeling approach was also applied in further
works by Fritscher et al., including a RISC-V accelerator core [A31], fault-aware neural
network training [A32], and RRAM-based CMOS standard cell modeling for a RISC-V CPU
design [B12]. In the latter work, the author contributed to the conceptualization of the
underlying modeling approach.

1.4 Distinction from Related Work

Memristor models can be broadly classified into three methodological categories. Analytical
models emphasize fundamental physical mechanisms and aim for high fidelity at the device or
material level [A33]. Empirical models, in contrast, abstract from measured device behavior
and focus on reproducing observed input-output characteristics [A33]. Compact models com-
bine these perspectives by embedding empirical assumptions into simplified, physics-inspired
formulations, making them particularly suitable for circuit-level design and simulation [A27].
It should be noted that this taxonomy is not unique; some works distinguish, for example,
between physics-based versus phenomenological approaches, or deterministic versus stochas-
tic formulations. The classification adopted here, however, provides a balanced view that
highlights the methodological distinctions most relevant for this thesis. Figure 1.4.1 provides
an overview of these approaches and situates the modeling path pursued here. While many
prior models emphasize continuous, physics-based formulations suited to device or circuit-
level simulations, the present work adopts a discrete, functionality-driven modeling strategy
explicitly tailored to efficient system-level evaluation.

Several system-level simulation frameworks for memristors have been proposed in prior liter-
ature [A33]. Nevertheless, existing frameworks typically exhibit two significant limitations:

1. They often rely on analytical models originally developed for device-level accuracy,
resulting in substantial performance overhead and slower simulations at the system level
[A27, A34]. Alternatively, they employ idealized models characterized by generic and
simplified behaviors, lacking the realism needed for accurate system-level evaluations
[A35, A36].

2. Most frameworks are designed around specific applications, imposing constraints on the
architectures they can evaluate, thus limiting comprehensive design-space exploration
[A37–A40].

In contrast, the platform introduced in this thesis uniquely combines a discrete, empirical
modeling approach specifically optimized for rapid system-level simulation and flexible eval-
uation. It offers a universal and modular framework capable of seamless integration and
co-simulation with other system-level components, enabling realistic behavior representation
without sacrificing simulation performance or architectural versatility.
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Figure 1.4.1: Structural overview of different modeling approaches of memristors with the goals of
this thesis highlighted in red.

1.5 Thesis Structure
This thesis systematically develops and evaluates the modular virtual prototyping framework
for memristor-based computer architectures. The remainder of the thesis is structured as
follows:

• Chapter 2 introduces the fundamentals of memristive technologies, addressing their key
characteristics, modeling challenges, and integration issues in modern computer architec-
tures.

• Chapter 3 presents the novel discrete, empirical modeling approach developed specifically
for efficient and accurate system-level simulations.

• Chapter 4 details the modular virtual prototyping framework, demonstrating how the
developed discrete model is seamlessly integrated and leveraged for rapid system-level
evaluation.

• Chapter 5 evaluates the framework through practical case studies, highlighting its effec-
tiveness and demonstrating the advantages of employing the proposed modeling approach
in realistic scenarios.

• Chapter 6 summarizes the contributions of this thesis and discusses future research
opportunities arising from the presented work.



9

Chapter 2

Fundamentals of Memristor
Modeling and System-Level
Simulation

Having outlined the motivation and core contributions of this thesis, this chapter provides
essential foundational knowledge necessary to understand memristors and their integration
into computer architectures. Initially, fundamental concepts of memristive devices, includ-
ing their defining properties, application areas and modeling methodologies, are introduced.
Subsequently, existing approaches to system-level simulation and evaluation platforms from
relevant literature are examined. This discussion sets the groundwork to contextualize and
highlight the significance of the contributions presented in later chapters.

2.1 Overview of the Memory Landscape

The diversity of semiconductor memory technologies reflects decades of innovation aimed at
balancing speed, density, energy efficiency, and cost. To set the stage for the comparison of
conventional and memristive memories pursued in this thesis, first a classification of existing
technologies by their underlying principles, is provided in Figure 2.1.1.

The landscape can broadly be divided into volatile and non-volatile categories. Within these
categories, individual technologies are grouped by their operational mechanisms, such as
charge storage, phase-change, magnetism, ferroelectricity, or resistance switching. Impor-
tantly, as discussed in Section 1.1, several of the emerging memory technologies in this classi-
fication can be described under the umbrella term memristors, i.e., devices whose resistance
state can be modified and retained.

This thesis concentrates on the comparison of two main sets of technologies: (1) the most
prominent conventional memories: SRAM, DRAM, and Flash, which form the founda-
tion of today’s computing systems. And (2) the leading emerging memories that fall into
the memristor class: most notably Phase-Change Memory (PCM), Resistive RAM
(RRAM) (with its variants oxide-based resistive RRAM (OxRAM) and conductive-bridge
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Figure 2.1.1: Classification of semiconductor memories. Adapted from [A41, A42].

RAM (CBRAM)), Spin-Transfer Torque MRAM (STT-MRAM), and Ferroelectric
Tunnel Junctions (FTJ). These candidates are of particular interest due to their poten-
tial to combine high density, scalability, and non-volatility with performance characteristics
approaching or even surpassing those of conventional random access memory (RAM). To facil-
itate clarity and consistency in the subsequent discussions, it is worth noting that throughout
this thesis, OxRAM (oxide-based resistive RAM) and CBRAM (conductive-bridge RAM)
are collectively referred to under the general term RRAM (Resistive Random Access Mem-
ory). While these two technologies differ in their underlying switching mechanisms (ionic
movement of oxygen vacancies in oxides versus metallic filament formation in electrolytic
materials), they share the same fundamental operating principle of resistive switching be-
tween distinct conductive states. Consequently, their device behavior, modeling approaches,
and system-level implications are closely aligned. Treating them jointly as RRAM simplifies
the terminology without loss of generality for the analyses presented in this work.

The figure also includes a number of other memory technologies, such as Ferroelectric RAM
(FeRAM) [A43], early FeFET devices [A44], racetrack memory [A45], polymer memories
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[A46], and molecular memories [A47]. While each of these offers unique advantages (e.g.,
FeRAM offers fast access times [A43] or racetrack memory provides a novel shift-register
structure [A45]), their widespread adoption has so far been limited by scaling challenges, en-
durance issues, or integration complexity [A43, A48–A50]. Since the methodology developed
in this thesis requires devices that can be reliably fabricated and experimentally character-
ized, the discussion will focus on memristive technologies that are currently mature enough
to be considered for system-level integration.

First the conventional memories that dominate current architectures are reviewed. SRAM
is primarily deployed in cache hierarchies due to its fast access and high endurance, though
its relatively large cell size and static power consumption limit its density and efficiency
[A51, A52]. DRAM, as the workhorse of main memory, achieves higher density and lower
cost but requires refresh operations and faces scaling limitations [A51, A52]. Flash, derived
from earlier ROM variants, dominates non-volatile storage with high density and persistence,
though its relatively slow access, limited endurance, and integration challenges confine it
to storage roles [A51, A52]. While conventional memories form the backbone of current
architectures, they face intrinsic scaling and energy limitations. This has motivated the
exploration of emerging memories, many of which can be unified under the memristor concept.

Consequently, emerging memories have attracted significant attention as possible next-
generation solutions. PCM, RRAM, STT-MRAM, and FTJ devices offer non-volatility,
energy efficiency, and high scalability, making them prime candidates for integration into
future memory hierarchies and for enabling novel computing paradigms [A52]. Their com-
parative characteristics relative to conventional technologies are summarized in Table 2.1.1.
Here qualitative indicators (L(ow)/M(edium)/H(igh) or + to ++++) denote relative rank-
ings across technologies based on literature surveys. Beneficial properties are highlighted in
green, while non-beneficial properties are colored yellow and orange. It should be noted that
the values presented in the table represent typical values found in the literature [A9, A21,
A52–A56]. However, ongoing research, especially for emerging memories, but also continued
innovation in conventional technologies, can lead to significant deviations from these typical
characteristics.

Table 2.1.1: Comparison of conventional and emerging memory technologies. Adapted from [A9,
A21, A52–A56]

Speed PowerTechnology Volatile Density Integration R W Endurance Static W Variance

SRAM yes + +++ H H H H L L
DRAM yes ++ ++ M M H M L L
NOR Flash no ++ ++ M L L L H M
NAND Flash no +++ + L L L L H M
PCM no ++++ ++ M L M L M H
RRAM no ++++ +++ H M M L M H
STT-MRAM no +++ ++ H M H L M H
FTJ no +++ ++ H M M L M H

Memristors, owing to their nanoscale dimensions and capability to store multiple discrete
resistance states, can achieve significantly higher storage densities than conventional memory
technologies [A52]. In particular, PCM [A57], RRAM [A54], and certain STT-MRAM [A58]
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as well as ferroelectric devices [A59] exhibit multilevel programming capabilities, enabling
multiple bits to be stored per cell within a compact device footprint. Their promising com-
patibility with Complementary Metal-Oxide-Semiconductor (CMOS) fabrication processes
further supports the integration of data storage directly adjacent to processing units, paving
the way for in-memory and neuromorphic computing architectures that are infeasible with
traditional memory technologies [A18, A54, A55, A60]. Unlike SRAM or DRAM, which are
volatile and require continuous power to retain information, memristive devices provide in-
trinsic non-volatility, ensuring data persistence even in the absence of power. Consequently,
memristors uniquely combine the functional roles of working memory and storage, offering
fast, localized, and energy-efficient data access.

However, variability remains a critical issue across most memristive technologies, manifesting
in both time-independent and time-dependent forms [A27, A28, A61]. Time-independent
variability primarily originates from manufacturing-related inconsistencies, including devi-
ations in device geometry, material composition, and defect distributions. In some device
classes, such as RRAM, additional variability arises during the electroforming process, which
initializes a conductive path through the active layer [A29]. These imperfections can also
lead to hard device failures, such as cells that are permanently stuck in one resistive state
or become non-functional after fabrication [A62]. In contrast, time-dependent variability re-
flects stochastic and dynamic phenomena that occur during device operation. These include
random telegraph noise, stochastic filament formation and rupture, drift or relaxation of
resistance states, and gradual material degradation under electrical stress [A22, A61]. The
combined effects of these mechanisms lead to a substantial spread in the achievable resis-
tance levels. This variability (both intrinsic and dynamic) represents one of the primary
challenges to achieving reliable and large-scale deployment of memristive technologies. Miti-
gation strategies such as redundancy, error correction, and adaptive programming algorithms
are commonly employed to alleviate its impact on system-level performance. Another major
challenge concerns device programming. Many memristive technologies require program-and-
verify sequences, elevated voltage levels, or reset-before-write procedures to achieve precise
resistance control [A63–A65]. These requirements increase both latency and energy consump-
tion. Consequently, the read and write speed, energy efficiency, and endurance of memristive
devices are strongly dependent on their underlying materials, switching mechanisms, and
peripheral circuit designs. Unlike mature volatile memories such as SRAM and DRAM, for
which performance metrics are well standardized, memristor-based devices exhibit a broad
diversity of operational characteristics [A66]. This diversity compels system designers to care-
fully balance density, speed, energy consumption, and reliability when integrating memristors
into emerging computing architectures.

2.2 Memristor Devices and Applications

Memristive devices encode information by modulating their resistance states in response to
applied electrical stimuli, making them promising candidates for various computing applica-
tions. To effectively integrate memristive devices into system-level designs, an understanding
of their fundamental operational principles and distinctive properties is essential. This sec-
tion provides an overview of the prominent emerging non-volatile technologies, Phase-Change
Memory (PCM), Resistive RAM (RRAM), Spin-Transfer Torque MRAM (STT-MRAM), and
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Ferroelectric Tunnel Junctions (FTJ), each representing a specific technological realization
of memristive behavior, exploiting distinct physical or chemical mechanisms to control their
resistance state. Figure 2.2.1 shows a schematic overview of the operating principles of the
four types including an indicator, which property is proportional to the conductance 𝐺 of
the device. In the following subsections, these technologies are discussed as representative
implementations of memristive systems, illustrating the diverse physical mechanisms through
which resistance can depend on prior electrical history.

Phase-Change Memory (PCM) encodes information by exploiting reversible phase
transitions between amorphous (high-resistance) and crystalline (low-resistance) states in
chalcogenide alloys. Rapid, high-current pulses induce localized melting followed by rapid
quenching to form the amorphous state, whereas lower-intensity, longer pulses allow recrystal-
lization. PCM provides moderate latency, excellent scalability, and inherent non-volatility.
Notably, PCM cells exhibit characteristic pinched hysteresis loops in their current-voltage
response due to changes in the crystalline fraction during programming, highlighting their
memristive nature. However, challenges include managing their higher programming energy
and resistance drift over time, which affect data stability [A18, A57, A67, A68].

Resistive Random-Access Memory (RRAM) represents one of the most widely stud-
ied implementations of memristive behavior, utilizing the reversible formation and rupture
of nanoscale conductive filaments within a dielectric medium to modulate resistance. Vari-
ants such as Oxide-based RRAM (OxRAM) and Conductive-Bridge RAM (CBRAM) differ
primarily by filament material: oxygen vacancy chains in OxRAM and metallic filaments
(formed via metal ion migration) in CBRAM. RRAM offers rapid switching, lower operating
voltages, scalability, and multilevel storage capabilities. However, the stochastic nature of the
filament formation process is a key characteristic of this particular memristor class. It intro-
duces significant variability, requiring careful statistical modeling approaches to accurately
simulate realistic device behavior at the system level [A9, A21, A54, A69, A70].

Spin-Transfer Torque Magnetoresistive RAM (STT-MRAM) stores data through
magnetic tunnel junctions (MTJs), where the resistance state depends on the relative mag-
netic orientation of ferromagnetic layers. Switching between these states is achieved via
spin-polarized currents that transfer angular momentum without external magnetic fields.
STT-MRAM features low latency, high endurance, and non-volatility, positioning it as a po-
tential replacement for traditional caches and main memory elements [A9, A21, A52, A71,
A72]. Although STT-MRAM’s resistance switching mechanism differs fundamentally from
filament-based or phase-change mechanisms, it aligns with the generalized definition of mem-
ristive systems adopted in this thesis due to the state-dependent resistance governed by
magnetic history [A73].

Ferroelectric Tunnel Junctions (FTJ) employ ferroelectric polarization modulation
within ultrathin insulating layers sandwiched between conductive electrodes. The resistance
state depends on tunneling probabilities influenced by polarization orientation, thereby ex-
hibiting memristive switching behavior [A59, A74–A76]. FTJs provide exceptionally low
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switching energy, compact cell sizes, high ratios between conducting and non conduction
states (On-Off-ratio), and ultrafast switching.
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Figure 2.2.1: (a) Schematic of a Phase change memory (PCM) device. Adapted from [A9, A52,
A67, A77]. (b) Schematic of a Resistive RAM (RRAM) device. Adapted from [A9, A54, A69]. (c)
Schematic of a Spin-Transfer Torque Magnetoresistive RAM (STT-MRAM) device. Adapted from [A9,
A52, A71, A72]. (d) Schematic of a Ferroelectric Tunnel Junction (FTJ) memory device. Adapted
from [A9, A19, A78].

Modes of Memristor Operation

Memristors can be operated in several distinct modes, depending on the intended application
and system requirements. In analog operation, the continuous resistive tuning is exploited,
and memristive devices act as non-volatile, continuously tunable resistors whose conductance
depends on prior stimuli. This mode is commonly used to emulate synapses [A79] or for analog
signal processing [A80]. However, in most digital systems and even in analog in-memory
computing, memristive devices are typically used in a discrete fashion. The simplest case is
binary (1-bit) operation, where the device switches between a low-resistance state (LRS) and
a high-resistance state (HRS), representing logical ’1’ and ’0’ [A9]. More advanced is multi-
level operation, in which the device is programmed to one of several predefined conductance
states, allowing multiple bits of information to be stored in a single cell. Multi-level operation
can be realized by programming the device into several distinct conductance states [A54]. In
filamentary devices such as RRAM, this is often achieved by limiting the maximum current
during switching [A81], whereas in PCM [A82] or ferroelectric devices [A83], the programmed
state is defined by the amplitude and duration of the applied pulses. The practical number
of achievable states depends on the conductance range of the device, the stability of the
intermediate states, and the ability to reliably distinguish states in the presence of variability.

In discrete operation modes, cells are typically paired with, or incorporate, an access device
(such as a transistor or selector) to control current flow, isolate individual cells, and, where
required, enforce current compliance [A9]. In these modes, there is also a clear distinction
between programming (write) and read operations [A52]. Read operations apply a small
sensing bias chosen to avoid disturbing the stored state, while programming operations re-
quire larger electrical stimuli (either higher voltages, longer pulses, or higher currents) to
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induce a state change. The exact voltage and current levels depend on the specific memris-
tive technology. The resulting current is measured with a sense amplifier for binary reads or
an analog-to-digital converter (ADC) for multi-level reads. For reliable multi-level operation,
these programming pulses must be carefully controlled, often using a sequence of pulses inter-
leaved with intermediate readouts to iteratively approach the target conductance state (for
example, using the Incremental Step Pulse with Verify Algorithm, ISPVA, for RRAM de-
vices [A81]). Limiting the maximum electrical stimulation during programming is important
for stabilizing intermediate states and preventing excessive stress in devices such as RRAM
[A84] or PCM [A82]. Compliance can be provided by the access device or driver circuitry.
The chosen operation mode thus has significant implications for circuit design, application
domain, and system-level modeling.
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Figure 2.2.2: Illustration of the three principal modes of memristor operation using a RRAM
device as an example: (a) analog mode, (b) binary (1-bit) mode, and (c) multi-level mode. Adapted
from [A81].

Figure 2.2.2 illustrates the characteristic 𝑖-𝑣 behavior of a RRAM device operated in different
modes. In analog mode (a), the device responds continuously to the applied voltage, so any
resistance within its full range can be observed, as determined by the surrounding analog
circuitry.

In binary operation (b), only two well-separated resistance states are used: the low-resistance
state (LRS) and the high-resistance state (HRS). The highlighted and colored points corre-
spond to the actual operating points of the device during normal use. These states are
typically read out using low-voltage pulses (around 0.2V), which are sufficient to measure
the conductance without disturbing the state [A81]. The intermediate region of the curve is
traversed only during programming, as the device switches from one state to another, but
does not correspond to a stable operating point.

In multi-level operation (c), several predefined conductance states are targeted, allowing the
storage of multiple bits per cell. The multiple 𝑖-𝑣 curves shown do not occur simultaneously.
Each curve corresponds to the device response after programming to a specific conductance
state using a different compliance current. To reliably achieve the distinct multi-level states
shown here, the current through the device has to be actively limited. Again, only the
highlighted points represent the true operating states, while the intermediate points illustrate
the transitions that occur during programming.
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It should be noted that the curves shown were obtained from quasi-static voltage sweeps (up
to 1.5V) on RRAM devices for characterization purposes. In practical operation, however,
programming is typically carried out with short, high-voltage pulses that often exceed the
static switching threshold observed in these quasi-static measurements [A81]. These fast
pulses are required to achieve rapid and reliable state transitions. Note, however, that other
memristive technologies exhibit distinct current-voltage characteristics. Consequently, while
the 𝑖-𝑣 curves provide an illustrative overview of accessible states and operation modes, the
actual switching dynamics during programming can differ significantly, influenced by the
inherent time-voltage tradeoff and the application of sophisticated programming algorithms.

Application Domains

Memristors, owing to their intrinsic non-volatility and multi-level storage capabilities, have
become promising components for a diverse array of applications. While initially explored
as memory elements, their distinctive properties also facilitate novel computing paradigms
beyond conventional digital storage. Consequently, modeling memristors at the system level
necessitates consideration of the properties utilized in different use cases, particularly for
those applications which closely interface or integrate with traditional digital computer sys-
tems. This section categorizes key application domains of memristors, elaborating on their
underlying principles and highlighting representative implementations.

Discrete Storage Elements A primary application of memristors lies in discrete data
storage, where a predefined set of resistance states encodes information digitally. During
programming, the device is driven to the desired resistance state through a sequence of con-
trolled electrical pulses defined by a programming algorithm, ensuring reliable encoding of
the target bit values. Reading the stored data involves converting the analog conductance
value back into its corresponding digital representation. Notably, many memristors can store
multiple bits per cell by distinguishing several discrete resistance levels. However, this multi-
bit capability often requires more sophisticated read-out circuitry to accurately resolve the
finer gradations between states. The programming process of memristors is inherently more
intricate than that of conventional memory technologies. Unlike binary-level switching in
SRAM or DRAM, or the high-voltage charge-injection mechanisms used in flash memory, the
multi-level operation of memristive devices that support it (such as RRAM, PCM and cer-
tain ferroelectric devices) typically relies on a digital-to-analog converter (DAC) and iterative
programming algorithms to control changes in resistance precisely. Despite these challenges,
memristor-based storage elements capitalize on their non-volatility and combine advantages
from multiple established memory types: they enable local CMOS integration comparable to
SRAM, achieve high data density and low-power operation similar to DRAM, and offer the
non-volatility characteristic of NAND flash. Consequently, they can mitigate data-transfer
bottlenecks within the memory hierarchy and between memory and processing units, posi-
tioning them as competitive alternatives to conventional memory technologies, albeit with
trade-offs in control and programming complexity. [A9, A52] Figure 2.2.3 illustrates a typical
memristor-based memory array, where specific devices (highlighted in red) are addressed and
selected during read-out to retrieve their stored values.
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Selected Devices Stored Values

Figure 2.2.3: Schematic overview of the discrete storage application of memristors.

In-Memory Computing In the domain of in-memory computing, memristors are em-
ployed to perform analog computations: most notably matrix-vector multiplications, which
are central operations in neural network accelerators. In such systems, each memristor stores
a conductance value (discrete or analog) and behaves like an analog element during compu-
tation. Input voltages are applied across a crossbar array of memristors, and the resulting
output currents, which reflect the weighted sum of these inputs, constitute the analog results
of the multiply-accumulate (MAC) operation. These analog outputs are subsequently con-
verted into digital form for further processing. This hybrid analog-digital approach harnesses
the inherent speed and massive parallelism of analog computing while maintaining compat-
ibility with conventional digital systems. Although traditional memory technologies such as
SRAM, DRAM, and Flash have been explored for in-memory computing, they suffer from
inherent drawbacks, including high power consumption (SRAM/DRAM), slow write speeds,
and limited endurance (Flash). Memristive technologies, by contrast, offer a compelling
alternative due to their non-volatility, scalability, and potential for low-energy, high-speed
operation. Nevertheless, several challenges persist. Most notable are the issues of compu-
tational accuracy, integration complexity, inter-cell interference, leakage currents, and the
design of efficient analog-to-digital conversion circuits. [A85, A86] Figure 2.2.4 illustrates
a typical memristor-based crossbar array used for in-memory matrix-vector multiplication.
During operation, the input vector is converted into voltage signals and applied to the ar-
ray, where the memristor conductances represent the stored matrix weights. The resulting
column currents correspond to the weighted sums (products of inputs and stored weights),
which form the analog outputs of the computation.

Memristor-Based Logic Memristor-based logic circuits also build upon discrete storage
mechanisms. In these systems, memristors represent binary information, and logic operations
are executed by configuring networks of memristive devices whose resistive states directly en-
code logic values. The functionality of such circuits is inherently flexible, as reprogramming
the memristor states allows the same hardware to realize different logic functions. Although
the underlying physical processes may involve continuous (analog) changes in resistance, the
resulting outputs are ultimately interpreted in digital form. This dual role of acting both
as data storage and as active computational elements highlights the versatility of memris-
tors in bridging memory and logic domains. These logic operations are frequently integrated
directly within memory arrays, enabling a form of in-memory computation in which data
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Figure 2.2.4: Schematic overview of the in-memory matrix-vector multiplication application of mem-
ristors.

processing occurs at the storage site itself. This co-location of logic and memory helps to
reduce both latency and energy consumption by minimizing data movement. Alternatively,
memristor-based logic can also be implemented as standalone circuits, separate from mem-
ory arrays. By interconnecting fundamental memristor-based logic gates, it becomes possible
to construct complex digital building blocks such as adders, multipliers, and multiplexers,
thereby supporting a broad range of computational tasks. [A11, A87, A88] Figure 2.2.5 illus-
trates a memristor-based array configured for in-memory logic operations. In this example,
memristor states encode logical ’0’ or ’1’. During operation, a voltage pulse is applied, which,
depending on the input states, either switches the output memristor to a new resistance level
or leaves it unchanged. By adjusting pulse amplitudes, switching thresholds, and cascading
multiple devices, a wide range of stateful logic functions can be realized.
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Figure 2.2.5: Schematic overview of the logic in-memory application of memristors.

Physical Unclonable Functions Physical unclonable functions (PUFs) exploit the in-
trinsic variability and uniqueness of memristor characteristics to generate unpredictable yet
reproducible responses. In PUF implementations, the time-independent variability of resis-
tance states (utilized either in discrete or analog form) serves as a robust source of entropy
for secure key generation. As in other applications, the analog responses of memristors
are digitized to ensure compatibility with conventional digital security protocols. [A89–A91]
Beyond deterministic key generation, the inherent stochastic behavior and time-dependent



2.3. Integration of Memristors into Computer Systems 19

variability of memristors can also be harnessed for true random number generation, further
extending their relevance in hardware security contexts [A92, A93]. Together, these mech-
anisms provide powerful means of enhancing the security and trustworthiness of electronic
systems. Figure 2.2.6 illustrates a typical memristor-based array used as a PUF. In response
to a given challenge, specific devices are addressed and selected (highlighted in red). Owing
to their intrinsic stochastic characteristics, each device exhibits a distinct response profile,
such that every particular combination of selected devices and applied challenge produces a
unique yet reproducible output pattern.

PUF Fabric

Challenge Response

Figure 2.2.6: Schematic overview of the PUF in-memory application of memristors.

Analog Circuit Applications In certain applications, the continuous analog nature of
memristors is exploited directly. Their nonlinear behavior, evident from the pinched hystere-
sis in the 𝑖-𝑣 response, together with a continuous range of resistance values, forms the basis
for analog signal processing directly in the analog domain, without intermediate digital con-
version. One prominent application is in the emulation of biological neurons, where spiking
neural networks leverage memristors to mimic synaptic behavior. In these networks, the ac-
cumulation of input voltage pulses gradually modifies the memristor conductance, effectively
replicating the adaptive potentiation and depression dynamics of biological synapses. This
functionality is often implemented within memory arrays and thus represents a form of analog
in-memory computing [A94–A96]. Beyond neural emulation, memristors have been utilized
in a range of other analog applications. These include the development of memristor-based
analog oscillator circuits [A97], digital-to-analog converters [A98], and phase-frequency de-
tectors [A99]. Together, these applications underscore the versatility of memristors in analog
circuit design, offering efficient alternatives to traditional analog components through their
unique nonlinear behavior and continuous tunability.

2.3 Integration of Memristors into Computer Systems

In the application domains discussed in the previous section, memristors excel by leveraging
their unique properties. However, the functionality provided by memristor-based components,
such as memory modules or accelerator cores, represents only one part of a complete computer
architecture. Their effective use therefore requires integration into broader system designs,
which introduces distinct challenges beyond the device and circuit levels. Addressing these
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challenges first requires an understanding of modern system design methodologies and how
they can be adapted to accommodate emerging device technologies.

Modern computer systems are highly complex, integrating diverse functionalities that cannot
be managed efficiently through traditional gate- or register-transfer level (RTL) abstrac-
tions [A100, A101]. To cope with this complexity, the Electronic System-Level (ESL) design
paradigm has emerged, emphasizing overall functionality, performance, and communication
structures over low-level circuit details [A102, A103]. In the following ESL is referred to
simply as system-level design.

By raising the abstraction of entry above RTL and gate-level descriptions, system-level de-
sign enables higher productivity, shorter design times, and improved reliability in complex
integrated systems. This top-down methodology begins with functional requirements and
performance targets, which are progressively refined into implementable architectures. At
each refinement step, functionality, timing, and resource allocation are modeled with increas-
ing accuracy, while verification ensures consistency across abstraction levels. Ultimately,
the system description is refined into circuit-level implementations and, finally, mapped to
device-level characteristics [A100].

System-level design offers several key benefits that are directly relevant for memristor inte-
gration. Functional partitioning clarifies the distribution of tasks between hardware and soft-
ware, ensuring efficient utilization of specialized memristor-based components. Abstraction
of the communication infrastructure highlights data flow and interfaces, thereby facilitating
the integration of heterogeneous components into scalable architectures. High-level perfor-
mance and power models enable early exploration of system behavior, allowing bottlenecks
to be identified before costly design stages. Finally, parallel development and early verifica-
tion reduce integration risks, an aspect particularly critical when introducing novel device
technologies [A103].

It should be noted that system-level design has historically been developed with a strong focus
on digital systems, reflecting the dominance of digital hardware in System-on-Chip (SoC) and
embedded design flows. The integration of analog and mixed-signal components, however,
has gained increasing attention. Recent behavioral analog modeling frameworks demonstrate
that the methodology can be generalized to heterogeneous systems [A104]. This aspect is
particularly relevant for memristive technologies, which inherently exhibit continuous, analog
switching behavior and thus challenge a purely digital view of system abstraction.

Abstraction Levels in Computer Design

A foundational framework for describing hardware design abstraction is provided by the
Gajski-Kuhn chart or Y-diagram [A105]. The Y-diagram conceptualizes system design along
three interrelated domains: behavioral, structural, and physical. Each domain can be rep-
resented at multiple abstraction levels, ranging from the overall system level down to the
device and material level. Movement along one axis corresponds to refinement within a
domain (e.g., behavioral refinement from high-level functionality to detailed timing), while
movement across axes represents transformations between domains, such as mapping behav-
ior onto structure or structure onto physical realization [A106]. This framework illustrates
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how complex systems evolve from abstract functional descriptions toward concrete physical
implementations.

System

Circuit

Device

Behavioral Domain

Structural Domain Physical Domain

Algorithms & Tasks

Functional Mapping

I–V Response

Architecture
Functional Blocks & Peripherals

Topology & Interfaces

Integration & Interfacing

Layout & Access

Material Stack

Figure 2.3.1: Conceptual representation of a Y-diagram adapted for memristor-based systems.
Adapted from [A106].

Within this general design framework, the hardware design process is commonly organized
into a hierarchy of abstraction levels, each emphasizing different design concerns [A107]:

• System-level: Captures functionality, concurrency, communication, and partitioning
between hardware and software.

• Register-transfer level (RTL): Describes functionality in terms of registers and
clocked data transfers, typically using hardware description languages (HDLs) such as
VHDL or Verilog.

• Gate-level: Specifies circuits as networks of Boolean logic gates and flip-flops.

• Circuit-level: Describes the electrical behavior of transistors, interconnects, and
analog/digital building blocks.

• Device-level: Examines the underlying physics and material properties of devices,
including fabrication processes and physical limitations.

For the purpose of analyzing memristor-based systems, these levels are consolidated into three
categories in this thesis: the system level, circuit level, and device level. This simplification re-
flects the unique position of memristive technologies within the Y-diagram framework. Unlike
conventional digital elements, memristors exhibit strong coupling between the behavioral and
physical domains and their analog, state-dependent switching dynamics cannot be adequately
represented at RTL or gate-level abstractions. Consequently, the main design challenge lies
in bridging device- and circuit-level behavior to system-level functionality, motivating mod-
eling approaches that incorporate device characteristics within higher-level simulations and
co-design methodologies. Figure 2.3.1 illustrates a Y-diagram adapted by the author of this
thesis for memristor-based systems, which serves as a conceptual reference for the abstraction
hierarchy used throughout this thesis.
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Tools and Virtual Prototyping

Tools such as SystemC, transaction-level modeling (TLM), and virtual prototyping platforms
are central to system-level design. They provide flexible environments for high-level modeling,
simulation, refinement, and validation [A102, A103, A108]. In parallel, computer-aided design
(CAD) and computer-aided engineering (CAE) tools for synthesis, verification, and layout
ensure continuity with traditional digital design flows. Together, these toolchains accelerate
the design cycle and enhance overall design quality by enabling iterative optimization early
in the process [A107].

Challenges in Integrating Memristors

While memristors enable promising new computing paradigms, their integration into modern
computer systems introduces several challenges. On the device and circuit levels, fabrication
and circuit design issues must be addressed [A28, A48, A59, A70, A109]. At the system
level, memristor behavior must be modeled in an abstract yet faithful manner to evaluate
reliability and performance within larger architectures. A major difficulty arises from the
continuous, history-dependent behavior of memristive devices, compounded by variability in
their resistance states.

Memristors fundamentally differ from traditional digital components, as their operation is
governed by continuous, analog resistance changes rather than discrete switching events. This
intrinsic behavior complicates their integration into established digital design flows, which
assume deterministic binary switching, standard-cell-based synthesis, and mature CAD tool
support. For memristors, these assumptions no longer hold: their analog nature blurs the
boundary between digital and analog design, suitable device libraries and primitives remain
largely unavailable, and verification must account for stochastic switching and device-level
variability. Consequently, extensions to existing design flows, supported by advanced virtual
prototyping platforms, are required to enable realistic and efficient design exploration [A25].

The main characteristics of memristors that complicate their integration are:

• Analog Behavior : Instead of binary switching, memristors exhibit gradual resistance
variations, complicating the representation of their interfaces to conventional digital
components [A110].

• Variability: Due to material imperfections, process variations, and stochastic switching,
memristors often show significant variability and random switching behavior [A28].
Phenomena such as drift, aging, and retention loss further complicate modeling, as
these effects evolve dynamically over time and depend on both conductance state and
programming history [A27].

• Unresolved Mechanisms: The fundamental physical processes underlying resistance
switching of many types of memristors remain only partially understood, complicat-
ing efforts to provide clear descriptions and accurate models [A26, A28, A29, A111].
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Variability in Memristors

Understanding variability is crucial for assessing the reliability and predictability of any
memory technology [A112]. However, in the case of memristive devices, variability plays a
fundamentally different role than in conventional memories [A61]. Many existing works on
memory modeling and system-level reliability rely on assumptions and mitigation strategies
derived from well-established technologies such as SRAM, DRAM, and Flash [A113–A117].
These approaches map device-level properties to system-level behavior under the premise that
the sources of variation are well understood and statistically stable. In contrast, memristors
represent a paradigm shift in both device physics and operational mechanisms. The origins
of variability in memristors (such as filamentary dynamics, stochastic ion migration, and
material inhomogeneity) differ fundamentally from the variations in traditional memories. As
a result, classical system-level approaches cannot be directly applied, and new frameworks
are required to capture and manage memristor-specific variability.

To highlight this distinction, this section first reviews the typical sources and characteristics
of variability in conventional memory technologies, before contrasting them with the unique
variability mechanisms observed in memristors.

SRAM Variability In SRAM, variability primarily originates from microscopic differences
in the transistors that make up each cell. One major factor is the random placement of
dopant atoms in the channel region of the transistors. Since only a few atoms are present at
nanometer scales, even slight differences in their number or location can shift the threshold
voltage at which a transistor switches on. If the two transistors forming the storage latch of
an SRAM cell have mismatched thresholds, the cell becomes less stable and more prone to
errors when reading or writing. Another important contributor is the random trapping and
release of charge carriers at defects in the transistor’s gate oxide. This process, often called
random telegraph noise, causes the effective threshold voltage of a transistor to fluctuate over
time. Such temporal variability further reduces the stability margin of the SRAM cell. The
combined effect of these mechanisms is a reduction in the static noise margin, a measure of
how robustly the cell maintains its state against disturbances. Lower margins translate into
a higher probability of read and write failures, especially as devices are scaled down in size
[A118–A121].

DRAM Variability In DRAM, the dominant source of variability is the retention time
of the individual memory cells. Each cell stores information as charge on a tiny capacitor,
which gradually leaks away. Due to small manufacturing differences, some capacitors lose
their charge much faster than others. To avoid data loss, the refresh rate of the entire chip
must be set according to the weakest cells, even though most cells could retain their charge
for much longer. This mismatch not only reduces energy efficiency but also becomes more
critical as device dimensions shrink. Some cells even exhibit unpredictable retention behavior,
where their charge loss rate can suddenly change from one refresh cycle to the next. This
phenomenon, known as variable retention time, makes it difficult to guarantee reliability
through static refresh policies. To counteract such issues, modern DRAM devices rely on
error correction codes and adaptive refresh strategies [A122]. A second source of variability
arises in the sense amplifiers, which are responsible for detecting the minute voltage difference
that distinguishes a stored ’0’ from a ’1’. If the transistors inside the amplifier have slightly



24 2.3. Integration of Memristors into Computer Systems

different characteristics, they may misinterpret the stored value or require longer to resolve
it [A123].

Flash Variability In Flash memory, variability is mainly tied to how reliably each cell
can be programmed and how long it can retain its charge. A Flash cell stores information
by trapping electrons in a thin insulating layer. Over time and repeated use, tiny imper-
fections accumulate in this layer. As a result, different cells tolerate a different number of
program/erase cycles before they fail. This endurance variation means that some cells wear
out much earlier than others, complicating the task of distributing write operations evenly
across the memory. Modern 3D NAND Flash introduces additional process-induced variation
because memory cells are stacked in multiple layers. Subtle differences between layers can
cause some rows of cells to degrade faster or store charge less reliably than others. Finally,
charge leakage over time leads to variable retention behavior, causing some cells to lose their
stored information much sooner than expected. Together, these mechanisms make variability
in Flash a key challenge for both endurance and data retention [A124, A125]. Another sig-
nificant source of variability arises from the distribution of programmed charge levels. When
cells are programmed, the target threshold voltage is not always reached exactly, leading to a
spread in programmed states. As the device ages, this distribution broadens, and the states
of neighboring levels can begin to overlap, increasing the risk of read errors [A126].

Memristor Variability Compared to conventional memory technologies, memristive de-
vices such as RRAM, PCM, STT-MRAM, and FTJ exhibit substantially higher and more
complex variability. The key reason is that information in these devices is stored and pro-
cessed directly through their electrical conductance states. Any fluctuation in the underlying
switching processes therefore translates directly into uncertainty in the stored or computed
value. This is in sharp contrast to SRAM, DRAM, or Flash, where circuit-level design mar-
gins and decades of process refinement keep variability within manageable bounds and thus
largely invisible at the system level. For memristors, variability affects not only reliability
in digital storage but also directly limits the achievable precision in analog or multi-level
applications, where conductance must be programmed and read with high accuracy [A61,
A127].

Memristor variability arises from multiple sources and is, in this work, broadly categorized
as follows:

• Time-Invariant: This class encompasses sources of variability that are fixed after de-
vice fabrication and remain constant during operation. The most prominent example
is device-to-device variability, which arises from fabrication-induced differences between
nominally identical devices. Other forms include batch-to-batch and within-array vari-
ability, which are collectively referred to as spatial variability. These variations are
typically modeled as static distributions of device parameters that define the baseline
spread in device characteristics across a population.

• Time-Dependent: This class comprises sources of variability that evolve during de-
vice operation. Key examples include cycle-to-cycle variability, referring to stochastic
differences in device behavior between consecutive programming events, and tempo-
ral drift or retention loss, in which device properties change over time even without
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external stimuli. The underlying mechanisms are often inherently stochastic, such as
filamentary switching processes, and are critical considerations when modeling device
reliability and endurance.

• Environmentally induced variability acts as an orthogonal modifier to both cate-
gories. Factors such as temperature, applied voltage, and ambient conditions can either
exacerbate or mitigate both time-invariant and time-dependent variability.

The consequences of this pronounced variability are manifold, including reduced reliability in
digital storage, limited precision in multi-level memory and analog computing, and challenges
in fabricating uniform material stacks. Mitigation strategies are therefore essential for making
memristor-based computing viable. Figure 2.3.2 qualitatively illustrates the spread in the
current-voltage characteristics of a RRAM device, highlighting the impact of time-dependent
variability observed across multiple switching cycles.
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Figure 2.3.2: Qualitative example of cycle-to-cycle variability in memristor current-voltage curves.
Adapted from [A128].

2.4 Memristor Modeling Approaches
Accurate modeling of memristor behavior at the system level requires a careful balance be-
tween physical realism and computational efficiency. Despite significant progress in under-
standing memristive devices, existing modeling efforts have predominantly followed a bottom-
up approach, starting from physical principles and gradually abstracting toward higher levels
[A129]. While this strategy has provided valuable insight into switching mechanisms and
material properties, it has also revealed important limitations: the underlying physical pro-
cesses are still not fully understood (see Section 2.3), and therefore even physics-based models
require calibration against experimental data. Moreover, models developed from device-level
considerations often struggle to scale efficiently to system-level simulations, where thousands
or millions of devices interact dynamically. As a result, there remains a clear gap between
highly detailed but slow device-level models and fast but inaccurate empirical models. Bridg-
ing this gap requires a modeling approach that directly incorporates device measurements,
achieving high accuracy without excessive computational complexity - an aspect this section
will contextualize in relation to existing work.
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Figure 2.4.1 presents a qualitative comparison of execution speed, accuracy, and level of detail
for several notable models from the literature. These models can typically be described as
analytical, compact, or empirical. However, the boundaries between these categories are
fluid rather than strict, and many models occupy positions in between, combining features of
multiple types. Their realizations may use either continuous or discrete descriptions (compare
Figure 1.4.1). This comparison was primarily compiled from analyses of the models and their
respective publications, supplemented by relevant evaluations reported in previous studies
[A130–A134]. For reference, the figure also includes the development of physical prototypes,
categorized as Exact but slow, since fabricating actual devices can take several months.
Finally, an estimated optimal model for system-level evaluations is indicated and labeled
Goal. It represents a very fast model that maintains high accuracy and a sufficient level of
detail for system-level studies.
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Figure 2.4.1: Qualitative comparison of different memristor models from literature.

Analytical Models provide the most accurate and detailed description by modeling the
underlying physics, often down to the atomic level or the specific physical processes within the
device. When calibrated against real measurements, these models can accurately predict low-
level device characteristics and offer in-depth insights into phenomena such as ionic transport,
filament formation, and defect states [A153, A154]. They are particularly valuable in the
development and evaluation of new memristor devices. However, due to their computational
intensity and focus on a single device type, these models are less practical for large-scale
simulations and system-level integration.
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Compact Models strike a balance between computational speed, level of detail and ac-
curacy. By encapsulating key physical behavior in an efficient form, these models integrate
seamlessly into larger electrical simulation frameworks. Typically used at the circuit level,
they allow circuit designers to simulate moderate-sized memristive components by approxi-
mating the current-voltage characteristics of a memristor. The most notable physical compact
model, used in many circuit and even small system design works, is the Stanford-PKU model
[A147–A149]. It is widely adopted because of its accurate, experimentally validated, and,
for a physics-based model, relatively computationally efficient description that captures the
analog switching behavior with low parameter complexity. However, despite the balanced
approach compact physical models can still be too computationally intensive for system-level
simulations involving thousands of memristive devices. Furthermore, as they are often tai-
lored to specific devices and materials, and given the incomplete understanding of certain
memristor behavior, these models require calibration against measurement data to achieve
acceptable accuracy.

Empirical Models capture memristor behavior from a functional perspective, prioritizing
simulation speed and ease of use. Important examples are the TEAM [A135] and VTEAM
[A136] models, the Biolek and Joglekar non-linear ion-drift model [A141, A142] and the HP
linear ion drift (LID) model [A14]. While these models are well-suited for high-level simula-
tions, they often sacrifice physical realism and accuracy when representing the true behavior
of the device. For example, the linear ion drift model (one of the first models introduced
by researchers at HP Labs following the initial memristor fabrication) is exceptionally sim-
ple and fast to simulate. However, it only provides a rough approximation of the hysteresis
behavior and overlooks several effects present in real devices. Moreover, empirical models
frequently neglect the impact of both time-dependent and time-invariant variability, which
must then be accounted for separately to achieve realistic device behavior.

Empirical Discrete Models represent memristors using a predefined set of discrete re-
sistance or conductance states, typically determined by programming algorithms. Only these
discrete states are treated as relevant operating points, disregarding the analog transitions
between them. This approach significantly increases simulation speed and simplifies system-
level integration. Despite their promise for system-level simulations, such models have not
been researched very thoroughly. The most prominent usage of this modeling approach is
found in NeuroSim and its variants (such as DNN+NeuroSim)[A39], an application-specific
tool for simulating the inference of neural networks on memory crossbar arrays. In this tool,
a discrete memristor model (D+N) is integrated in a high-level simulation using predefined
resistance states to represent the data of the neural network. Additionally, a static distribu-
tion can be applied on top to account for variability. This is a solid basis. However, since
the variability effects are entirely theoretical, they do not adequately reflect real-world mem-
ristor behavior. It exemplifies how such approaches often sacrifice accuracy for speed. A
more advanced discrete modeling strategy, by contrast, could leverage variability data from
real measurements, preserving simulation speed while substantially improving accuracy at
the most relevant operating points.

In summary, current memristor modeling approaches reveal a persistent trade-off between de-
tail, speed, and accuracy. Analytical and compact models capture rich physical behavior but
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are too slow for large-scale or architectural simulations. Empirical and discrete models, while
efficient, lose essential device characteristics and rely on oversimplified or synthetic repre-
sentations of variability. Compounding this issue, even the most advanced physical models
must ultimately be fitted to measurement data to account for partially unknown operational
influences, creating a disconnect between device-level reality and the abstractions
used in system design. This motivates the development of a new, measurement-driven mod-
eling approach that reverses the conventional direction: rather than fitting models to match
data, it derives the model directly from real device measurements. Such a strategy preserves
the statistical and physical characteristics observed experimentally while maintaining com-
putational tractability. Consequently, it can provide a much stronger foundation for accurate
and scalable system-level evaluation and bridge the gap between detailed device behavior and
abstract system-level representations. Such a model will be introduced in Chapter 3.

2.5 System-Level Frameworks for Memristors

Various simulation frameworks for memristor-based system design have been developed. Ta-
ble 2.5.1 summarizes the most notable frameworks today. These tools are predominantly
targeted at memory arrays and, even more commonly, at in-memory matrix-multiplication
accelerators for neural network inference or training. The NeuroSim framework actually ex-
ists in multiple variants for both inference and training of neural networks. However, since
these share the same core principles, it is represented here as a single entry.

Table 2.5.1: Comparison of selected system-level memristor frameworks

Name Scope Memristor Model Variability Speed Integrability
NVSim [A40] Mem. array -1 None ++ Standalone
NVMain [A155] Mem. array -1 None ++ Standalone
MemTorch [A38] NN accel. Multiple2 Idealized, UD3 -4 Standalone
NeuroSim [A156] NN accel. Discrete Empirical Idealized, UD3 +++ Standalone
MNSIM [A157] NN accel. Discrete Empirical Idealized, UD3 ++ Standalone
RxNN [A158] NN accel. Discrete Empirical Idealized +++ Standalone
SySCIM [A37] NN system Yakopcic (SC-AMS)5 Idealized, UD3 ++ SystemC
ACCLAIM [A159] NN system -6(SC-AMS)5 Idealized ++7 SystemC
MHSim [A160] NN system Discrete Empirical Idealized, UD3 ++ ZSim
1 Only extra-functional properties modeled (energy, latency, area).
2 Model types: LID, VTEAM, Stanford-PKU, Data-driven, custom (via generic interface).
3 UD = user-defined: normal distribution with target conductance as mean and user-specified 𝜎.
4 Speed depends on selected model.
5 Continuous model implemented in SystemC-AMS.
6 Memristor model not disclosed.
7 Speed assumed based on similarity to SySCIM.

Across all frameworks, two principal memristor modeling strategies are observed. Some
tools adapt continuous device models, originally developed for device- or circuit-level studies,
for use at higher abstraction levels (as in MemTorch or SySCIM). Others employ discrete
empirical, lookup-table-based models, where only the target conductance state is stored,
resulting in much faster simulation (as in NeuroSim, MNSIM, RxNN, or MHSim).
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MemTorch distinguishes itself through a flexible and extensible model interface that en-
ables both the integration of existing device models and the implementation of custom ones.
Nevertheless, it provides little guidance on model selection or parameter fitting, which can
undermine the realism and comparability of simulation outcomes. Apart from NVSim and
NVMain, which are limited to array-level memory metrics, most tools nominally account
for device variability. In practice, however, this is typically restricted to simple, idealized
randomization: conductance states are varied according to a normal distribution centered on
their mean values, with a user-defined relative standard deviation 𝜎 (marked in the table as
idealized and user-defined (UD), respectively). Such variability models are rarely grounded in
physical mechanisms or operational conditions, and users are given no guidance in selecting
appropriate standard deviations. This underscores both the lack of standardized approaches
to modeling variability and the broader difficulty of capturing realistic device behavior in
system-level simulations.

In terms of speed, frameworks that use discrete empirical models achieve high simulation
throughput, making them suitable for large-scale workloads, while those employing con-
tinuous models (e.g., implemented in SystemC-AMS, like in SySCIM and ACCLAIM) incur
greater computational overhead. Most frameworks (NVSim, NVMain, MemTorch, NeuroSim,
MNSIM, RxNN) operate as standalone tools, producing results that must be manually trans-
ferred into broader system-level design environments. Only SySCIM and ACCLAIM offer
native integration with digital simulation through SystemC, though this comes at the cost
of slower, more complex mixed-signal co-simulation, since their memristor models are imple-
mented in SystemC-AMS.

MHSim, which couples NeuroSim with the CPU simulator ZSim [A161], is notable for sup-
porting system-level co-simulation of memristor accelerators and CPUs. However, the tight
coupling to ZSim makes the integration of custom system components, such as DSPs or digital
accelerators, difficult.

In summary, despite recent progress, there remains a lack of standardized, physically val-
idated memristor and variability models for system-level simulation, and most frameworks
offer limited compatibility with general-purpose full-system design flows. This highlights the
ongoing need for unified, extensible, and realistic frameworks to enable rigorous evaluation
of memristor-based computing architectures.
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Chapter 3

A Memristor Model targeted at the
System Level

Accurately modeling memristor behavior at the system level requires striking a careful bal-
ance between physical realism and computational efficiency. As discussed in Section 2.4, due
to the complex switching mechanisms, material dependencies, and external influences affect-
ing memristive devices, fully physics-based models are often too detailed and computationally
expensive for large-scale system simulations, and they still need to be fitted to device mea-
surements for high-accuracy results. Furthermore, the absence of standardized programming
protocols and the inherent trade-offs among access time, stability, energy consumption, and
endurance further complicate direct abstraction from device-level behavior. These challenges
are compounded by significant variability and the influence of operating conditions such as
temperature and applied voltage schemes. Consequently, a system-level model must selec-
tively capture the most critical factors influencing memristor performance while abstracting
away low-level physical details.

To address these challenges, the Discrete Statistical Model (DStM) was conceived, refined,
and extended throughout this work at hand. Its key aim is to bridge the gap from device-level
characterization to system-level simulation by providing a model that is both accurate and
computationally efficient, with just the right level of abstraction for integration into virtual
prototyping environments such as SystemC-based toolflows. The following chapter introduces
the conceptual foundations and formal description of the DStM.

3.1 Factors Influencing Device Behavior

The behavior of memristive devices is governed by a complex interplay of physical, technolog-
ical, and operational factors. Understanding these influences is essential for the development
of accurate and reliable system-level models. Based on an extensive literature study con-
ducted by the author of the thesis at hand, the most important factors affecting device
behavior were identified, analyzed, and systematically categorized. Figure 3.1.1 illustrates
the resulting classification developed by the author, which summarizes the key domains influ-
encing memristive behavior. These include device physics and operating principles, materials



32 3.1. Factors Influencing Device Behavior

and composition, device structure and scaling, fabrication techniques, peripheral circuitry
and system integration, as well as external operating conditions. In the following, each of
these categories is discussed in more detail, with particular emphasis on those factors that
are most relevant for abstraction at the system level.
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Figure 3.1.1: Overview of key factors that determine memristive device behavior.

Device Physics and Operating Principles The switching behavior of memristive de-
vices is governed by physical mechanisms such as atomic rearrangement, ion migration, spin
dynamics, and polarization switching (compare Section 2.2). These processes not only define
core properties like switching speed, endurance, retention, and programming thresholds, but
are also inherently stochastic. This leads to device-to-device and cycle-to-cycle variability
[A61]. Factors such as switching polarity, voltage amplitude, and pulse duration needed to
control the behavior of the devices influence the typical device response and its variability
[A63, A162]. For system-level modeling, these principles must be abstracted to capture the
dependence of device state and reliability on input conditions, while reflecting the intrinsic
variability imposed by the underlying physics.

Materials and Composition While the underlying switching principle, such as modula-
tion of oxygen vacancies in RRAM, defines the general operation of a memory device, the
specific choice of materials, their composition, and their arrangement within the device stack
have a profound impact on actual device behavior and variability. For a given switching mech-
anism, a wide range of materials can be employed (e.g., TiO2, HfO2, and ZnO in RRAM),
each introducing distinct electrical characteristics, switching thresholds, and variability pro-
files. Additionally, variations in thickness, stoichiometry, doping, and layer sequencing can
further modulate device performance and the degree of stochasticity observed. For example,
HfO2-based RRAM typically shows narrower switching distributions than TiO2 devices due
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to more stable filament formation. Electrode selection and interface engineering (e.g., buffer
layers, interfacial defect control) play equally crucial roles, affecting not only endurance and
retention but also the consistency of switching events. As a result, even devices based on
the same physical principle can exhibit widely differing operational and reliability charac-
teristics due to their material choices. For system-level modeling, it is essential to abstract
these material-dependent effects to account for their influence on programming behavior,
endurance, and variability. [A29, A163, A164]

Device Structure and Scaling The geometrical design and physical dimensions of mem-
ristive devices critically shape their electrical behavior, scalability, and reliability. Parameters
such as active layer thickness, electrode area, and aspect ratio directly influence switching
voltage, programming energy, and speed. For instance, in RRAM, the oxide thickness and de-
vice cross-section strongly affect filament dynamics, contributing to variability and endurance
limits. In PCM, the size of the phase-change region determines programming current and
the stability of resistance states. As devices are scaled to nanometer dimensions, variability
is further amplified due to enhanced stochastic effects and, in some cases, the emergence
of quantum phenomena. Ultra-small structures also complicate manufacturability, often im-
pacting yield and long-term stability. For system-level modeling, it is essential to abstract
these structural dependencies, as they directly affect switching variability, endurance, and
the access characteristics of large-scale memory arrays. [A165, A166]

Fabrication Techniques How memristive devices are fabricated has a major impact on
their performance, reliability, and variability. A key step in fabricating memristive devices is
deposition, the process of forming thin material layers onto a substrate to build up the device
stack. Common deposition techniques include sputtering (physically ’blasting’ material onto
a surface), atomic layer deposition (which builds films one atomic layer at a time for high
uniformity), and chemical vapor deposition (where chemical reactions form layers from gases).
The choice of technique determines how smooth, pure, and consistent the device layers are,
which directly impacts device performance and reliability. For example, in RRAM, the way
the oxide layer is deposited sets how evenly oxygen vacancies are distributed, which in turn
affects how reliably the device can switch states. In phase-change memory, the thickness
and composition of the switching material must be tightly controlled to ensure the device
can reliably change between phases. After deposition, thermal treatments like annealing
(heating the material under controlled conditions) are often used to improve the arrangement
of atoms, reduce defects, and make interfaces more stable. Differences in how devices are
fabricated, between manufacturers or even across batches, can result in significant differences
in switching voltages, endurance, and long-term data retention. In some cases, fabrication
defects can result in device faults, producing non-functional cells that are unable to switch or
retain information as intended. For system-level modeling, it is important to account for both
the variability and the possibility of non-functional cells introduced by fabrication processes,
as these factors affect the consistency and reliability of large memory arrays. [A167, A168]

Operating Conditions Beyond the materials and structure, memristive device behavior
is strongly influenced by external conditions. Temperature affects how easily ions or atoms
move within the device, shifting switching thresholds and data retention, but high temper-
atures can also speed up wear and long-term degradation [A169, A170]. Humidity and air
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exposure can lead to chemical changes, material degradation, or unstable interfaces, espe-
cially in oxide-based devices or with reactive electrodes, raising variability and risk of failure
over time [A171]. Radiation, such as encountered in space, may introduce defects or change
material composition, sometimes causing permanent device malfunction [A172]. Mechanical
stress, from packaging or operational vibration, can alter defect migration paths and affect
both performance and device lifetime [A173]. Each of these factors introduces additional
variability, that must be considered for applications in harsh or long-lifetime environments.
For system-level modeling, they represent important sources of operational uncertainty and
possible accelerated aging, depending on how and where the devices are used.

Peripheral Circuitry and System Integration Memristive devices are typically em-
bedded within circuits and/or large arrays, often paired with access transistors (as in 1T1R
configurations) to enable individual cell selection and mitigate unwanted current paths. How-
ever, the properties of access transistors themselves can introduce additional variability and
influence device operation, with effects that may be sensitive to environmental conditions like
temperature. Programming and readout circuitry further impact device behavior. Digital-
to-analog converters (DACs) used for programming can limit the precision of conductance
tuning, while analog-to-digital converters (ADCs) used for reading can introduce quantization
error, noise, and offset errors, all contributing to variability in observed device states. Noise
in the programming pulses or in the peripheral circuits can result in imprecise switching, de-
grading both retention and endurance. As array sizes increase, IR drop (voltage drop across
resistive interconnects) becomes significant, causing the actual voltage at each device to differ
from the intended value. This leads to non-uniform programming, read errors, and increased
variability across the array. Additionally, leakage currents and unintended conduction paths
(’sneak paths’) can distort device operation, further complicating reliable programming and
sensing, especially in passive crossbar architectures. The specific programming algorithm,
such as pulse sequence, duration, and verify-write schemes, can also affect device variability
and retention characteristics. For system-level modeling, it is important to account for these
influences as they can amplify or mask intrinsic device variability, ultimately affecting the
performance and reliability of the full system. [A28, A162, A174, A175]

3.2 The DStM Model Concept
To put the DStM presented in this work into perspective, it is first important to understand
the general mathematical description of a memristor. According to [A17] a general voltage
controlled memristor can be described by two equations:

𝑖(𝑡) = 𝐺(𝑥, 𝑡) · 𝑣(𝑡) (3.1)

Equation 3.1 describes the current-voltage relationship for a memristor with the state depen-
dent Ohm’s law. Where 𝑣(𝑡) is the applied voltage, 𝑖(𝑡) is the current through the memristor,
𝐺(𝑥, 𝑡) is the conductance of the memristor (memductance), which depends on the internal
state variable or vector of state variables 𝑥 and the time 𝑡.

𝑑𝑥

𝑑𝑡
= 𝑓(𝑥, 𝑣(𝑡), 𝑡) (3.2)
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Equation 3.2 describes the evolution of the internal state of the memristor. Here 𝑥 is the
internal state variable (or vector of state variables) that represents, for example, the position
of a boundary, ionic concentration, or filament length, while 𝑓(𝑥, 𝑣(𝑡), 𝑡) is a function
describing how the state evolves in response to the applied voltage and time.

The Discrete Statistical Model

As outlined in Section 3.1, developing a high-performance simulation model for memristors at
the system level, while simultaneously accounting for the many factors that influence device
behavior, is a significant challenge. Incorporating multiple influencing factors can make the
state evolution function 𝑓(𝑥, 𝑣(𝑡), 𝑡) increasingly complex and computationally demanding
(see for example [A176]).

To address this issue, the Discrete Statistical Model (DStM) was developed by the author
of this thesis. The DStM reduces overall complexity by representing and modeling discrete
operating points of specific memristor devices, rather than attempting to capture all possi-
ble influences in a continuous and highly detailed fashion. This approach enables efficient
simulation while still incorporating the key factors that impact device behavior.

The DStM can be viewed as a bridge between the device level, where stochastic conductance
variations are directly observed, and the system level, where each memristor cell must be
represented by a compact and computationally tractable state model. Each device state is
therefore represented by a discrete index 𝑥, and its electrical behavior is statistically char-
acterized through the probability distribution 𝒟𝑥, which is derived from experimental data
under well-defined operating conditions.

In accordance with the general memristor equations, the DStM can be formulated as follows:

𝑥(𝑡+ 1) = 𝑥target (3.3)
𝐺(𝑥, 𝑡) ∼ 𝒟𝑥 (3.4)

Here, 𝑥(𝑡) is the index of the current conductance state at time 𝑡, and 𝑥target is the index of the
targeted state set by a write operation. 𝐺(𝑥, 𝑡) represents the measured device conductance
at state 𝑥, and the probabilistic term 𝐺(𝑥, 𝑡) ∼ 𝒟𝑥 replaces detailed physical modeling
with an empirically observed statistical description. In the DStM the conductance 𝐺(𝑥, 𝑡)
is sampled from the probability distribution 𝒟𝑥, which captures the statistical variability
observed in measurements for state 𝑥. Because of the discrete operating points, only the
discrete indices (integer) 𝑥 for each simulated memristor cell needs to be stored, instead of
an analog state variable such as 𝐺(𝑥(𝑡), 𝑡). During a write operation, the internal state of a
device (𝑥) is updated to the targeted conductance state (𝑥 → 𝑥𝑡𝑟𝑎𝑔𝑒𝑡). When a read operation
is simulated, the output conductance is obtained by sampling from the distribution associated
with the current state, 𝒟𝑥.

Importantly, this description is not limited to a particular device type or fabrication method-
ology: by replacing the state-dependent distributions 𝒟𝑥 with those obtained from different
devices, technologies, or even from theoretical models, the DStM framework can be general-
ized to a wide range of memristor models. This flexibility makes the DStM applicable beyond
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the specific devices studied in this thesis and enables adaptation to future technologies as
new data or models become available.

Overview of the DStM Flow

The DStM is an empirical model, with the central idea that it can be defined entirely by
measurements: all operational and fabrication influences, including peripheral circuitry and
operating conditions, are implicitly captured by statistically analyzing real device data. For
each combination of device type and operating condition, a unique set of measurements defines
the statistical distributions, that form the basis of the model. The following subsection details
how the empirical device data that define 𝒟𝑥 in Eq. (3.3) are obtained and integrated into
the DStM.
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Figure 3.2.1: Overview of the workflow of the DStM.

Figure 3.2.1 illustrates the conceptual workflow of the DStM. Here, memristor devices are
integrated into the model by defining a configuration specifying the device type and relevant
operating conditions. Based on this configuration, measurements are performed on multiple
devices, each programmed and read out multiple times to a range of conductance states.
This process ensures statistically reliable data for each state and enables the characterization
of both time-dependent and time-invariant variability effects. The choice of measurement
strategy directly determines which sources of variability are captured in the model. To
comprehensively represent both time-dependent and time-invariant variability, measurements
should be performed across multiple devices, states, and repeated over time. If only specific
effects are of interest, such as time-dependent variability, the measurement protocol can be
adapted, for example, by repeatedly cycling the same devices to exclude device-to-device
variations.
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The collected measurement data is then characterized by fitting normal distributions to the
conductance values observed in each target states (𝒟𝑥 = 𝒩𝑥(𝜇𝑥, 𝜎𝑥)). Normal distributions
were chosen because they provided the best fit for the majority of the observed data of
measurements from IHP RRAM devices (compare [A32, A177]). However, it is assumed
that the same holds true for other memristor types, since conductance variations typically
result from the sum of many small, independent factors and as described by the central limit
theorem: the sum of many independent random variables tends toward a normal distribution
[A178]. For some specific target states, alternative distributions might offer a slightly more
accurate fit. However, in general, normal distributions are a suitable choice, especially when
aiming to avoid the overhead and complexity of modeling multiple different distributions
within a single simulation framework.

The parameters of the fitted distributions are stored in parameter files, each corresponding
to a specific device and set of operating conditions. During simulation, the user selects the
relevant configuration, and the model loads the corresponding parameters for the statistical
distributions 𝒟𝑥. Each simulated memristor cell is assigned a state index 𝑥, which is updated
on write operations. When a read operation occurs, the conductance value is sampled from
the distribution associated with the current state and returned as the output of the cell.

In summary, the workflow shown in Fig. 3.2.1 provides the practical link between the formal
DStM definition in Eq. (3.3) and its use in system-level simulations, by defining all statistical
parameters 𝒟𝑥 and the corresponding operating conditions directly from measured device
data.
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Figure 3.2.2: Examples of measured conductance values and fitted normal distributions for multiple
target states in IHP 250nm CMOS-integrated RRAM devices.

As an illustrative example, Figure 3.2.2 presents measurement data from IHP RRAM devices
integrated in 250nm CMOS technology [A179]. The histograms show the distribution of
conductance values obtained for several programmed target states across multiple devices and
programming cycles. Each distribution corresponds to a specific targeted conductance state.
Shown are four different operation modes: 0h and 24h after programming, at a temperature
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of 25 ∘C and 125 ∘C. The overlaid curves represent the fitted normal distributions for each
state, as employed in the DStM.

This measurement-based approach allows the DStM to faithfully reflect real-world device vari-
ability and operational characteristics, while remaining computationally efficient for system-
level simulation.

Modeling Assumptions and Limitations

The Discrete Statistical Model (DStM) developed in this work is based on a set of practical
and physically motivated assumptions that determine its scope, applicability, and efficiency
for system-level simulation. The key modeling assumptions are as follows:

1. Discrete Operation Mode

The DStM focuses explicitly on the discrete operation of memristors, where only a set of pre-
defined conductance states (operation points) are considered. This approach is well suited for
the simulation of applications such as non-volatile memory (NVM), multi-level storage, in-
memory computing, memristor-based logic, and physical unclonable functions (PUFs), where
information is encoded in distinct, well-separated resistance levels. Purely analog applica-
tions, where continuous switching dynamics are of central interest, are not targeted by this
model. Even for analog circuits, the DStM can be used if only extreme states (e.g., maxi-
mum or minimum conductance) are relevant to the analysis. Continuous switching behavior
(including device forming and gradual transitions) is not modeled explicitly. The internal
state of each simulated cell is represented solely by the index of its current conductance
state. Dynamic transitions between states are abstracted away. The model updates the state
index on write events and samples the output value from the corresponding distribution on
read events. The DStM assumes typical cell architectures such as 1T1R (one transistor, one
memristor) or similar configurations that avoid sneak paths and enable individual cell access.
The effects of leakage, wiring, interconnects, and selection device characteristics are consid-
ered only insofar as they influence the measured device behavior. More complex array-level
effects are outside the direct scope of the model but can be incorporated via additional circuit
models if required. This discretization greatly simplifies simulation and aligns with digital
or quantized-use cases. However, it also limits the applicability of the model for continu-
ous or analog memristive behavior, where gradual conductance evolution or pulse-dependent
dynamics play a central role.

2. Captured Effects

All relevant effects, including programming algorithms, peripheral circuitry (e.g., access
transistors, current-limiting schemes, ADCs), and both time-dependent (cycle-to-cycle,
temporal drift) and time-invariant (device-to-device, spatial) variability, are implicitly
incorporated by extracting the underlying statistics from empirical measurements taken
under defined operating conditions. Set/Reset protocols, pulse timing strategies, compliance
current/voltage constraints, readout circuit details, and other circuit-level influences are
included to the extent that they affect the measured conductance states and their variability,
though typically their contribution is much smaller than the intrinsic variability of the
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memristor itself. Environmental variability (e.g., due to temperature or supply voltage)
is also included as dictated by the measurement data. All observed variability, including
that introduced during programming, is reflected in the distributions from which values
are sampled. However, effects not represented in the measurement process, such as rare
switching anomalies, long-term degradation, or array-level electrical coupling, remain outside
the model’s scope. Since all these effects are implicitly represented through the measurement
data, the accuracy of the model depends critically on the completeness and quality of the
underlying measurements. Any measurement errors, insufficient sampling, or incomplete
coverage of operating conditions directly translate into modeling inaccuracies. Moreover, the
parameterization of the DStM is explicitly coupled to the operating conditions under which
the data were obtained. Each combination of device type, biasing scheme, and environmental
conditions results in a distinct parameter set. While this coupling limits the validity of
the model to the measured conditions, it also provides a clear and physically meaningful
connection between simulation parameters and real devices: an advantage over traditional
system-level models that rely on abstract fitting parameters without experimental grounding.

These assumptions ensure that the DStM provides a fast, empirically grounded, and
broadly applicable abstraction of memristor devices for system-level studies, provided that
suitable measurement data is available. Extra-Functional properties such as energy and
latency are not part of the memristor model itself, but can be considered in a system-level
framework. Same as the variability, these depend strongly on operating conditions, pro-
gramming algorithms, and peripheral circuitry. Overall, these modeling assumptions and
their corresponding limitations define the scope of validity for the DStM: it is optimized for
system-level studies that require statistical realism and computational efficiency, but not
detailed physical modeling of continuous switching or low-level parasitics.

3.3 Implementation

For system-level evaluations, memristor models must efficiently handle large device arrays
and accurately capture device-level variability while maintaining computational performance.
However, many existing implementations trade off realism for speed or lack seamless integra-
tion with system-level simulation frameworks. To address these limitations, the DStM was
implemented in C++ as a high-performance, portable, and flexible solution for system-level
simulation of memristor devices. The implementation aims to enable efficient simulation of
large-scale memristor arrays, support both parallel and individual device operations, and
ensure straightforward integration with virtual prototyping environments such as SystemC.
The codebase is modular and extensible, allowing new device effects to be incorporated or
the model to be adapted for specific research requirements. In addition to the C++ software-
based simulator, a VHDL implementation of the DStM was developed for FPGA-based hard-
ware emulation, which enables real-time hardware-in-the-loop testing (see Section 5.4). The
following section focuses on the structure and design of the C++ implementation.

The DStM models memristor behavior by representing the state of each device as an index
corresponding to one of several predefined conductance levels. This discretized representa-
tion reflects the physical characteristics of real memristor devices, which typically exhibit a
limited number of stable conductance states determined by their material and circuit design.
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To optimize simulation speed and minimize memory overhead, the set of available conduc-
tance states and their corresponding target values are defined at compile time. This approach
eliminates the need for dynamic memory allocation during simulation and ensures determin-
istic behavior across large-scale device arrays. At the same time, flexibility is maintained by
allowing only a subset of these predefined states to be used in specific simulations, enabling
the model to adapt to different experimental or application scenarios.

Class Structure and Core Functionality

The C++ implementation of the DStM follows a modular class structure designed to balance
extensibility, clarity, and computational efficiency. The implementation is built around three
core classes:

• memristors: the main template class representing a collection of memristor devices,
responsible for managing internal states and supporting read/write operations.

• effect: an abstract base class (interface) that defines the protocol for implementing
behavioral effects (e.g., general variability, stuck devices, or specific variability sources).

• variability: a concrete implementation of effect that applies state-dependent variability
as defined by the DStM. This class loads statistical distributions for each conductance
state from measurement-based parameter files.

This modular design separates the responsibilities of state management and effect application,
which provides several key advantages. By decoupling these components, the model can
represent both ideal and non-ideal device behavior within the same framework. Specifically:

• Simulations without active effects correspond to ideal, variability-free operation, which
serves as a useful baseline for comparison.

• Multiple effects can be combined and layered dynamically during simulation to study
interactions between different variability sources.

• Effects can be enabled or disabled at runtime, enabling experiments such as simulating
conductance drift by switching parameter sets after programming.

• Different sources of variability (e.g., time-dependent, device-to-device, stuck-at faults)
can be implemented and evaluated independently or in combination.

• Write (programming) operations are computationally efficient, as only the internal state
index is updated. Variability effects manifest only during read operations, where con-
ductance values are generated on demand. This event-driven approach closely reflects
physical device behavior, where time-dependent and time-invariant effects become ap-
parent only upon measurement.

memristors Class

Efficiently simulating large collections of memristor devices poses two key challenges: man-
aging thousands of device states without excessive memory overhead, and supporting flexible
configurations ranging from single devices to full crossbar arrays. The memristors class ad-
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dresses these challenges by providing a scalable container for device states and an interface
for applying behavioral effects during simulation.

1 template <size_t HEIGHT, size_t WIDTH>
2 class memristors {
3 private:
4 std::array<uint8_t, WIDTH*HEIGHT> cell_states{};
5 std::vector<std::unique_ptr <effect::effect>> memristor_effects;
6 public:
7 memristors();
8 ~memristors();
9

10 void addEffect(std::unique_ptr <effect::effect> e);
11 void clearEffects();
12 void printActiveEffects();
13

14 constexpr size_t getSize();
15 static constexpr size_t getNumStates();
16

17 void write(size_t addr, std::span<const uint8_t> states);
18 void read(size_t addr, std::span<double> data) const;
19 };

Listing 3.1: Definition of the memristors class in the C++ implementation of the DStM.

The memristors class is a template, with HEIGHT and WIDTH as parameters. It can
simulate an 𝑛 × 𝑚 array of devices, enabling efficient vectorized (parallel) access. But it
can also simulate a collection of individual devices. Device states are stored as 8bit integer
indices in a flat array, representing the device’s targeted conductance state. This approach
supports high-performance simulations of both large arrays and independent devices. The
class provides methods to add or remove effects at runtime and to print active effects for
evaluations or debugging. The write method efficiently updates one or more internal states
at specified addresses. The read method, if effects are active, delegates to the effect(s) to
generate conductance values. If no effects are active, the indices are directly mapped to their
nominal target conductance values, representing idealized operation.

effect Base Class

Accurately reproducing non-ideal device behavior requires the ability to represent a wide
range of physical effects, such as device variability, faults, or drift, without altering the core
simulation logic. The effect class addresses this challenge by providing an abstract interface
for defining and applying such effects to memristor devices. It establishes a uniform protocol
that allows new physical phenomena to be introduced as independent software modules while
maintaining compatibility with the existing framework.
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1 namespace effect
2 {
3 class effect
4 {
5 protected:
6 virtual void print(std::ostream& o) const = 0;
7 public:
8 virtual ~effect() = default;
9 virtual void on_read(

10 std::span<double >& read_data ,
11 std::vector<uint8_t >& read_states
12 ) = 0;
13 friend std::ostream& operator << (std::ostream& o, const effect& e){
14 e.print(o);
15 return o;
16 }
17 };
18 }

Listing 3.2: Definition of the abstract effect base class.

Derived classes implement the effect interface to model specific phenomena such as device
variability or faults. The DStM specifies a generic variability effect derived from measure-
ments, which includes all measurable variability sources (time dependent and time invariant).
However, specific measurements can be conducted to isolate only specific sources of variabil-
ity (e.g. only measuring the same device multiple times to isolate cycle-to-cycle variability).
This effect can then be implemented in a different derived class. Derived classes can be reg-
istered as active effects inside the memristors class. The print method and « operator are
provided for evaluation and debugging, printing specific information about the implemented
effect. The on_read method is called by the memristors class during read operations. It
receives the cell state indices of the devices to be read and fills the result container with the
corresponding conductance values (applying the effect). For derived classes, implementing
time dependent variability, the concrete implementation of the on_read method can generate
a different value for each device for each function call. For derived classes, implementing time
invariant variability, the concrete implementation of the on_read method can for example
generate the same offset value for the same device every time the function is called, if only
device-to-device variability is modeled.

variability Class

Accurately modeling memristor behavior requires capturing the statistical variability ob-
served in physical measurements. Such variability arises both across devices (device-to-device
differences) and over time (cycle-to-cycle or temporal fluctuations). The variability class pro-
vides a concrete implementation of the abstract effect interface to model these phenomena
within the DStM. It realizes the general variability source defined by the model, encompassing
both time-dependent and time-invariant components derived from experimental data.
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1 namespace effect
2 {
3 class variability final : public effect
4 {
5 private:
6 std::array<chance, cfg_memristor_num_states > _variabilityGenerators;
7 bool _generatorsInitialized = false;
8 std::string _jsonFilePath;
9 void initGenerators();

10 protected:
11 void print(std::ostream& o) const override;
12 public:
13 explicit variability(const std::string& jsonFilePath);
14 ~variability() noexcept override = default;
15 void on_read(
16 std::span<double >& read_data ,
17 std::vector<uint8_t >& read_states
18 );
19 };
20 }

Listing 3.3: Definition of the derived variability class.

The variability class models statistical variations in device conductance by sampling from
per-state normal distributions defined in measurement-based parameter files (stored in JSON
format). During construction, the initGenerators method loads and initializes the distribu-
tion parameters, creating one random generator for each discrete conductance state. The
on_read method generates output conductance values by sampling from the appropriate
normal distribution for each state. The underlying random number generation uses the 32-
bit Mersenne Twister pseudorandom number generator (PRNG), transformed to a normal
distribution using a so-called random variate generation algorithm inside the chance class.
Here, the implementation of the random variate generation algorithm is actually depending
on the C++ standard library implementation e.g. [A180].

Summary

Together, these classes form a modular and extensible framework that balances physical
accuracy with computational efficiency. The memristors class provides a scalable foundation
for representing large device arrays, while the effect interface defines a clear abstraction layer
for incorporating additional behavioral phenomena without modifying the core simulation
logic. Concrete implementations such as the variability class demonstrate how measurement-
based effects can be seamlessly integrated into the model, enabling realistic and configurable
system-level evaluations. This architecture ensures that new effects or device characteristics
can be added with minimal code changes, supporting ongoing research into emerging device
behaviors and system-level interactions.

3.4 Evaluation
This section evaluates the performance of the DStM in comparison to existing memristor
models from the literature. The evaluation focuses on two main criteria: the accuracy of
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the simulated device behavior with respect to measured data, and the computational effi-
ciency (simulation speed) achieved by the implementation. Where appropriate, representa-
tive benchmarks and reference models are used to highlight the strengths and limitations of
the DStM in typical system-level simulation scenarios.

Accuracy

Assessing and comparing the accuracy of different memristor models is inherently challenging,
due to the lack of standardized benchmarks and the device-specific nature of most modeling
approaches. The majority of published models are developed and parametrized for specific
memristor types (such as OxRAM, PCM, or STT-MRAM) and must be individually fitted to
measured data from actual devices in order to reflect their true behavior. As a result, direct
comparisons between models are only meaningful when all are calibrated against identical
measurement datasets.

Additionally, since memristor behavior is strongly influenced by intrinsic device variability
and stochastic switching mechanisms, accuracy assessments should be based on statistical
analysis across multiple devices and programming cycles, rather than on single-device mea-
surements. For these reasons, the evaluation in this section emphasizes a comparison to
measured data, highlighting how well the DStM can reproduce the observed statistical dis-
tributions of conductance states in practical devices.

While a Stanford-PKU-based model fitted to IHP 250nm devices exists [A181], its param-
eters correspond to devices with a different structure and only partially specified operating
conditions (such as programming strategy, temperature, or time after programming). More-
over, the Stanford-PKU model accounts for only selected sources of variability based on
physical assumptions [A182], whereas the DStM uses statistical distributions derived directly
from measurements, thereby capturing the full effective variability. Given these differences in
methodology and modeling scope, the accuracy of both models cannot be directly compared.
For this reason, the evaluation focuses on (a) direct reproduction of measured distributions,
and (b) comparison to representative empirical models (such as the approaches used in Neu-
roSim, MemTorch or SySCIM), which are commonly used for system-level simulation.

The accuracy of both the idealized variability modeling (as used in, for example, Neu-
roSim [A156] or SySCIM [A37]) as well as the DStM approach depends on how well the
assumed statistical distributions reflect the actual device behavior under specific operating
conditions. Because device characteristics can vary considerably with those conditions, model
accuracy is inherently use-case specific. To illustrate the differences between the modeling
approaches, a representative example is presented in the following. It should be emphasized,
however, that the goal of this comparison is not to claim superior accuracy for this particular
dataset, but to demonstrate how the proposed DStM framework systematically captures real-
istic device statistics across use cases where an idealized model cannot be reliably calibrated.

Figure 3.4.1 presents histograms of measured conductance values for IHP 250nm RRAM
devices programmed to four target conductance states (50µS, 100µS, 150µS, and 200µS)
using the IGVVA algorithm (for details about this programming algorithm see [A183]). All
measurements were performed at 85 ∘C and 24h after programming. In addition to the his-
tograms, the figure shows probability density functions (PDFs) for both the DStM approach,
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Figure 3.4.1: Comparison of measured and modeled conductance distributions for four conductance
states in IHP 250nm RRAM devices.

where a normal distribution is fitted individually to each state, and for the idealized variabil-
ity model, where each distribution is centered at the target value and assigned a user-defined
relative standard deviation.

In the DStM approach, the normal distributions closely match the measured data for each
state, capturing effects such as retention-induced shifts in the mean and the generally lower
variability observed for higher conductance states. In contrast, the idealized approach as-
sumes identical relative variability for all states and ignores systematic deviations from the
target values. In this example, the devices actually exhibit decreasing relative and absolute
variability for higher conductance states, which the idealized model fails to capture. Fur-
thermore, the idealized model requires the user to manually specify the relative standard
deviation, yet provides no guidance on how to select a physically meaningful value under real
operating conditions.

To ensure a fair and informative comparison, the relative standard deviation (the sole pa-
rameter of the idealized model) was tuned to achieve the best possible agreement with the
measured data, by minimizing the average distance between the modeled and measured dis-
tributions. This distance can be quantified using the Wasserstein metric (also known as the
Earth Mover’s Distance), which measures the average shift required to transform one dis-
tribution into another [A184] and is expressed in the same units as the values (in this case,
µS). The Wasserstein metric was chosen over alternatives such as the Kolmogorov-Smirnov
statistic because it reflects the overall distributional difference and provides a more physically
meaningful, interpretable measure for engineering applications. Lower values in this metric
indicate better agreement with the reference data. In this case, the optimal value for the
user-defined relative standard deviation was found to be 0.083. This optimization leads to
an upper bound on the accuracy that such idealized models can achieve when perfectly cal-
ibrated. In practical scenarios, however, users typically lack the required experimental data
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for such tuning and must instead rely on heuristic or literature-based parameter choices. The
DStM approach, in contrast, determines all parameters directly from measurement data and
thus achieves this level of agreement by construction, without requiring manual calibration.
Consequently, while the numerical comparison highlights the achievable accuracy difference
in this specific example, the broader point is methodological: DStM provides a systematic
framework that generalizes to arbitrary devices and operating conditions, whereas idealized
approaches inherently depend on ad-hoc user inputs, and are severely limited by the a priori
assumptions.
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Figure 3.4.2: Comparison of measured and modeled cumulative distributions for IHP 250nm RRAM
devices.

For this analysis, empirical cumulative distribution functions (CDFs) were generated for each
conductance state by repeatedly sampling from both the measured dataset and the modeled
distributions (100000 samples). Figure 3.4.2 presents these CDFs and further illustrates
the differences between the DStM and idealized modeling approaches. Both the measured
and DStM CDFs exhibit gradual transitions and extended tails, capturing the full range
of device variability. On the other hand the idealized CDFs rise more abruptly, reflecting
an underestimation of the likelihood of outlier values. This effect is especially pronounced
in the lower and upper tails of the distributions. Here the cumulative probability of the
idealized model rapidly approaches 0 or 1. Quantitatively, the DStM model achieves a mean
Wasserstein distance to the CDF of the measurements, that is about six times lower than
that of the idealized model (1.6µS vs. 9.7µS, respectively). This corresponds to an 84%
improvement in accuracy for these devices and operating conditions. Such differences can
have significant implications for the robustness of multi-level applications, where accurate
modeling of rare events and state overlap is critical.

To evaluate the impact of statistical modeling accuracy on classification performance, con-
fusion matrices were constructed for the four RRAM conductance states. These matrices
represent the probability of correctly or incorrectly assigning a state to a read device value,
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Figure 3.4.3: Confusion matrices for the classification of four RRAM conductance states: (a) sam-
pled from measurement data, (b) predicted using the DStM model, and (c) predicted using an idealized
variability model.

and thus directly reflect the likelihood of state transitions or classification errors in practical
applications.

The matrices were generated by sampling 2,000 conductance values from (a) the measured
data, (b) the DStM model, and (c) the idealized model. Each sampled value was assigned to a
predicted state based on thresholds set at the midpoints between the four target conductance
values, mirroring the typical readout strategy in actual circuits.

As shown in Figure 3.4.3, the measured data (a) and DStM model (b) both capture the fact
that most misclassifications occur in the lowest conductance states, where device variability is
highest. In contrast, the idealized model (c) strongly underestimates the probability of state
overlap and misclassification for these states, while overestimating errors for the highest
conductance state. This demonstrates that the idealized approach, by imposing a uniform
relative variability, does not faithfully reproduce the actual error characteristics of the device.
The DStM approach, in contrast, offers a more accurate reflection of state-dependent behavior
and provides a more reliable foundation for system-level simulation.

Simulation Speed

Efficient simulation speed is a crucial requirement for the practical application of memristor
models in large-scale system-level studies. In this section, the computational performance
of the proposed DStM is evaluated and benchmarked against several established memristor
models that are commonly used in the literature and in system-level simulation frameworks.

Selection of Reference Models

Comparing simulation speed across memristor models is challenging due to differences in
intended use and integration within various frameworks. Therefore, the focus here was on
reference models based on their relevance for system-level studies and their implementation
in widely-used simulation toolflow. The following models and tools were considered:

• MemTorch: Provides a collection of key literature models implemented in Python,
including the Joglekar model [A141], the HP/Linear Ion Drift (LID) model [A14], the



48 3.4. Evaluation

Stanford-PKU model [A147–A149], the VTEAM model [A136] and the Data-Driven
model [A151, A152]. These models are representative examples and their MemTorch im-
plementations support direct benchmarking outside the MemTorch framework. There-
fore, these implementations where selected for comparison here.

• NeuroSim: Contains an application-specific model tightly integrated with the infer-
ence engine, making isolated benchmarking of the memristor model infeasible.

• JART-VCM Model: This model is a compact model for RRAM VCM devices, fitted
to real measurements. Is code is openly available. And while it is originally implemented
in MATLAB it was included here as an example for a more device specific model and
ported to C++ for fair comparison.

• Linear Ion Drift Model: While a version of this model is already included in this
comparison, its implementation from the MemTorch framework is in Python. Because
of its low complexity it is expected that this model will result in a high simulation
speed. Therefore, to isolate the effect of implementation language, the LID was also
ported to C++ and benchmarked alongside the DStM model.

It should be noted that all models are benchmarked as is in isolation to provide a baseline for
simulation speed. In a full system-level simulation, additional computational overhead from
the simulation of peripheral circuitry and system components will further increase the total
simulation time.

It should also be noted, that none of the compared models natively support device variability
effects. Therefore, for a fair evaluation, we benchmark the DStM model both with variability
effects enabled and disabled.

Measurement Methodology

For DStM, JART-VCM (C++), and LinearIonDrift (C++), the Google Benchmark library
was used [A185], which provides reliable micro-benchmarking with automatic iteration, av-
eraging and precise tracking of simulated accesses. For MemTorch models, custom measure-
ment code was implemented based on Python’s time.perf_counter(), averaging over multiple
thousand runs. All models are implemented as single-core applications, so no parallelization
artifacts are expected. For the write benchmark, the measured time corresponds to simulat-
ing the process of setting or programming the memristor devices into a specific conductance
state. For the read benchmark, the devices are first set to a defined conductance state, after
which the time required to read out the internal state (or to simulate the application of a
voltage pulse and return the resulting current) is measured. This approach ensures a con-
sistent and comparable evaluation across models, while accounting for differences in the way
each model implements state-setting and readout procedures.

Benchmark Metric and Platform

Simulation speed is measured as the number of device operations (reads and writes) performed
per second, averaged over multiple iterations. All benchmarks were conducted on a desktop
PC equipped with an AMD Ryzen 5 3600 CPU (6 cores, 12 threads; L1 cache: 32 kB data
+ 32 kB instruction per core, L2 cache: 512 kB per core, L3 cache: 32MB shared), running
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Ubuntu 24.10. To minimize external influences, the CPU governor was fixed to performance
mode, all turbo and boost features were disabled, and no user tasks were running in the
background.

It should be noted that the absolute simulation speed depends on the test system (especially
CPU architecture and cache sizes), but the relative performance across models is representa-
tive for typical research workflows.

Simulation Speed of the DStM Model

The raw simulation performance of the proposed DStM model was evaluated by measuring
the number of simulated access operations per second as a function of the number of simulated
devices. Three scenarios were considered: pure read access, pure write access, and combined
access (one write followed by one read). Each scenario was benchmarked with and without
the variability effects enabled in the DStM, in order to quantify the computational overhead
introduced by the stochastic variability modeling. Results are presented in Figure 3.4.4,
which shows the simulation throughput versus the number of simulated devices, with separate
subplots for the two configurations (variability disabled and enabled). The curves show the
average speed for write, read, and a combined one-write-one-read operations.
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Figure 3.4.4: Comparison of per-operation simulation speed for the DStM memristor model. Left:
Baseline implementation simulating ideal target conductances (no effects active). Right: Full imple-
mentation including realistic device variability (variability effect active).

Write operations demonstrate extremely high performance in all configurations, ranging from
7.1 · 108 accesses per second for a single simulated device up to 5.4 · 1010 accesses per second
for 214 devices. This performance remains unchanged by the activation of variability, as the
variability effect in the DStM is only applied during read operations.

In contrast, read operations are significantly slower, particularly when variability is enabled.
Without variability, read speeds range from 7.9 · 108 to 2.4 · 109 accesses per second (from a
single device up to 23 devices). Enabling variability reduces throughput to 2.3 ·107 to 4.8 ·107
accesses per second (from a single device up to 26 devices), corresponding to a reduction to
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approximately 2% of the original speed and highlighting the computational cost of simulating
realistic variability.

For the combined access benchmark (one write plus one read per device), the read operation
is the dominant factor. The results closely follow those of the read-only scenario, as the
write operation contributes negligible overhead compared to the computational demands of
the read operation, particularly when variability is enabled.

For both read and combined access scenarios, throughput initially increases with the number
of simultaneously simulated devices (due to more efficient vectorized access operations), but
plateaus after approximately 26 devices, indicating an optimal amount of simulated devices
for this setup. Nevertheless, simulation of a single device remains highly efficient in all tested
scenarios.

Comparison of Simulation Speed with Reference Models

To contextualize the simulation speed of the DStM model, the throughput of write and
read access simulations was benchmarked against all selected reference models. Figures 3.4.5
and 3.4.6 present the results for write and read accesses per second, respectively, as a function
of the number of simulated devices.
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Figure 3.4.5: Write access simulation speed of all evaluated memristor models as a function of the
number of simulated devices.

It is important to note that the implementation details of each reference model influence the
simulation procedure and, consequently, the measured speed. The MemTorch models provide
a direct interface to set the internal state of a device to a target conductance, which allows
for rapid state initialization and effectively abstracts away the details of the programming
process. As a result, the simulation of write operations is highly simplified, and only the
readout process is modeled in more detail.
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Figure 3.4.6: Read access simulation speed of all evaluated memristor models as a function of the
number of simulated devices.

In contrast, the JART-VCM model does not support direct state-setting. Instead, the device
state must be programmed by explicitly simulating the effect of voltage pulses, requiring the
numerical solution of physical equations over many time steps. This leads to significantly
slower write simulation times, as the computational overhead for each programming event is
much higher compared to models with direct state manipulation.

These distinctions are critical for interpreting the benchmark results, as they explain the
observed differences in simulation speed between the various models and highlight the trade-
off between simulation fidelity and computational efficiency.

Additionally, it can be seen, that for most reference models, the simulation speed is largely
independent of the number of simultaneously simulated devices, with only a minor increase
in throughput observed from single-device simulation up to 24 devices. Beyond this point,
performance remains almost constant for both write and read accesses.

Write Access

The DStM model demonstrates the highest write access simulation speed among all evaluated
models. As previously discussed, the write access speed of the DStM model remains consistent
regardless of whether device variability is considered or not. Across the tested device counts,
DStM achieves between 4 times (7.13 · 108 vs. 1.78 · 108 accesses per second for a single
device) and up to 300 times higher throughput (5.37 · 1010 vs. 1.77 · 108 accesses per second
for 214 devices) compared to the second-fastest model, which is the Linear Ion Drift (LID)
model implemented in C++. When compared to the fastest model available from MemTorch
(Joglekar model), the DStM is up to four orders of magnitude faster. The JART-VCM
model implemented in C++ exhibits the lowest write speed, as its write operation explicitly
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simulates the physical programming process in fine time steps, involving complex equations
and computationally intensive mathematical functions.

Read Access

For read access, the DStM model without variability enabled achieves the highest simulation
speed, with up to 3.4 times faster access simulations (2.41 · 109 vs. 7.13 · 108 accesses per
second) compared to the second-fastest model (JART-VCM). The high read speed of the
JART-VCM model can be attributed to its approach of updating device parameters during
the write operation, leaving the read operation to compute a simple equation based on stored
internal parameters. Enabling variability in the DStM model reduces its speed to a level
comparable to the LID model in C++, with both operating at approximately 2% of the
speed of the DStM without variability (corresponding to the DStM without variability being
about 39 times faster). Nevertheless, even with variability enabled, the DStM remains roughly
two orders of magnitude faster than the fastest MemTorch model for read accesses (4.85 · 107
vs. 5.00 · 105 accesses per second for the Biolek model).

It should be noted that the JART-VCM model was only evaluated up to 216 devices for
both read and write operations, due to prohibitive simulation times caused by its slow write
operation. Moreover, since for the read access simulations of all models a preceding write
simulation phase was used to set the internal state to a defined value, the read benchmarking
was affected by this problem as well.

These results shown lead to two key conclusions:

• The DStM model is generally among the fastest memristor models evaluated for both
read and write access simulation. Even with variability enabled, which other models
do not include.

• The evaluated models differ substantially in simulation speed for read and write oper-
ations, primarily depending on when and how internal parameters are updated within
the simulation workflow.

Therefore, a further analysis of combined access patterns is conducted in the following.

Simulation Speed for Combined Accesses

A dedicated benchmark was conducted to evaluate the simulation speed for combined access
patterns, consisting of one write followed by one read operation per device, across all selected
models. Speed measurements were performed for both single-device simulation and for an
array of 1024 devices (210), which is representative of practical in-memory computing arrays
(e.g., 32 × 32 crossbars). Results are shown in Figures 3.4.7 (single device) and 3.4.8 (1024
devices), with horizontal bar charts displaying simulated accesses per second.

For single-device simulation, the DStM model without variability achieves the highest
throughput, simulating 4.60 · 108 combined accesses per second, outperforming the second-
fastest model (Linear Ion Drift in C++, 3.38 · 107 accesses per second) by more than one
order of magnitude. The DStM with variability enabled achieves 2.39 · 107 accesses per sec-
ond, closely matching the performance of the LID model in C++. Among the MemTorch
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Figure 3.4.7: Simulation speed of a combined access for a single-device simulation.

models, Biolek is the fastest with 3.42 · 105 accesses per second. This is almost two orders of
magnitude slower than the DStM with variability. Other MemTorch models perform at sim-
ilar levels, with the Stanford-PKU model being the slowest in this group. The JART-VCM
model in C++ is the slowest overall, achieving only 1.85 · 104 combined accesses per second.

For the simulation of 1024 devices, the DStM model without variability remains the fastest,
reaching 1.82·109 combined accesses per second. With variability enabled, the DStM achieves
4.85 · 107 accesses per second (about 2.7% slower), but still remains the second-fastest model
overall. In this scenario the DStM can benefit from the parallelization of access simulations.
The LID model in C++ closely matches the DStM with variability, with an average difference
of simulated accesses below 1%. The rest of the ranking mirrors the single-device case:
Biolek is the fastest of the MemTorch models but still two orders of magnitude slower than
the DStM with variability enabled. The Stanford-PKU model (MemTorch) and JART-VCM
(C++) remain the slowest.

These results demonstrate that, for both realistic simulation cases, the DStM model offers
optimal simulation speed. Furthermore, combined with the evaluation of the read access
simulation it can be seen, that even in use cases with a predominance of read accesses, the
DStM remains among the three fastest models. Notably, it archives this while being the only
one to simulate realistic device variability, which adds additional cost.

3.5 Discussion of the DStM

In summary, the DStM model presented in this chapter offers a practical and highly efficient
solution for realistic memristor variability modeling at the system level. It achieves up to
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Figure 3.4.8: Simulation speed of a combined access for a simulation of 1024 devices.

84% higher accuracy compared to established system-level approaches, while enabling
simulation speeds up to two orders of magnitude faster than the fastest prior models
that do not even model variability. The DStM is technology-agnostic, requires no a priori
knowledge, and can be easily adapted to new measurement data, making it highly flexible
for a range of devices and applications.

The simulation performance is high for single device simulations as well as large-scale array
scenarios and across a variety of read-write ratios. This positions the DStM as an ideal choice
for system-level studies. However, model fidelity is inherently limited by the quality of the
underlying measurement data. The applicability of the model is restricted to discrete operat-
ing points and continuous device behavior is not represented. For later stages of a computer
system development, such as circuit design and prototyping, more physically detailed mod-
els may be necessary. Finally, the DStM is focused on modeling device behavior and does
not capture extra-functional properties such as energy, latency, or area. These aspects are
addressed in the subsequent chapter through integration into a system simulation framework.
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Chapter 4

Memristor-Based System
Simulation Framework

Designing and evaluating computer architectures that leverage memristor-based devices
presents significant challenges, especially when it comes to accurately capturing their com-
plex behavior and integrating them with conventional system components. As memristor
technologies mature and enable a wider range of applications, from hybrid memory and stor-
age to in-memory computing accelerators, the need for flexible, system-level modeling and
simulation frameworks becomes increasingly urgent.

System-level virtual prototyping is a well-established approach for exploring design spaces,
validating concepts, and quantifying extra-functional properties such as energy consumption
and latency prior to fabrication [A102]. Among the various tools available, SystemC stands
out as a widely adopted system-level modeling language and simulation environment, offer-
ing high flexibility through its C++ foundation and enabling seamless integration of both
hardware and software components [A186].

DStM

Variability Interface

Variability Parameters MeSSi
Platform

SystemC

Figure 4.0.1: Overview of the SystemC-based MeSSi platform including the DStM.

While several simulation environments have been proposed for specific memristor-based appli-
cations, they are often limited in scope, supporting only fixed architectures or a narrow set of
components (see Section 2.5). In contrast, this thesis introduces the Memristor System Sim-
ulation (MeSSi) platform: a generic, extensible virtual prototyping framework implemented
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in SystemC. MeSSi is designed to facilitate the modeling and analysis of memristor-based
subsystems, whether used as memory, in-memory computing units, or for other roles within
larger digital system contexts. A schematic overview of MeSSi is depicted in Figure 4.0.1.
The framework serves not only as a tool for simulation but also as a methodological testbed
to evaluate how device-level memristor nonidealities propagate to system-level performance
metrics.

In the following sections, the architecture and implementation of MeSSi are described in
detail. Special attention is given to its modular structure, the integration of the DStM
memristor model and peripheral components, and the ability of the platform to estimate
key system-level properties such as energy consumption and latency. Its design is validated
through case studies that assess scalability, modeling accuracy, and energy-latency estimation
capabilities, which will be presented in the subsequent chapter.

4.1 Background: SystemC for Virtual Prototyping

System-level simulation has become an indispensable tool for the design, exploration, and
validation of modern computing systems, particularly as hardware and software complexity
increases. A virtual prototype in this context is a software-based representation of a hardware
system or subsystem, enabling fast functional simulation, early software development, and
the analysis of extra-functional properties such as energy and timing. Whereas digital twins
aim for real-time synchronization with physical systems, virtual prototypes emphasize design
exploration and predictive evaluation prior to implementation.

SystemC is a widely adopted modeling language and simulation environment standardized by
IEEE [A187], designed to support hardware/software co-design at multiple abstraction lev-
els. Implemented as a C++ library, SystemC enables the seamless integration of high-level
functional models, cycle-accurate modules, and transaction-level communication. This flexi-
bility makes it particularly well suited for constructing virtual prototyping platforms that can
combine detailed hardware models, behavioral descriptions, and the direct incorporation of
algorithmic C++ code. This modeling paradigm supports a top-down exploration methodol-
ogy, where abstract prototypes can be incrementally refined as device or architectural details
become available.

A key feature of SystemC is its support for extra-functional property modeling. Metrics
such as energy, power, and latency can be annotated and tracked in parallel with simulated
activities [A102, A186]. This capability is critical for evaluating novel memory and compute
architectures, where the impact of device- and system-level choices on energy efficiency and
performance must be evaluated early in the design process.

In the context of memristor-based architectures, the modular abstraction hierarchy of Sys-
temC enables the consistent integration of device-level models, such as DStM, with architec-
tural simulators. This makes it an ideal foundation for evaluating how device nonidealities
affect system-level behavior.
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4.2 Architecture of the MeSSi Platform

MeSSi provides a flexible, modular, and extensible environment for the system-level simula-
tion of memristor-based subsystems within realistic system contexts. The platform natively
supports both conventional memory operation and analog in-memory computing, allowing
researchers to evaluate a broad spectrum of computing paradigms. In addition, other op-
erational modes such as in-memory logic or physical unclonable function (PUF) generation
can be easily integrated as required. This architectural flexibility is crucial for investigating
how device-level characteristics propagate through different abstraction layers, and for rapidly
testing alternative integration strategies without reimplementing core simulation components.

At its core, MeSSi integrates the DStM model to simulate memristor behavior. Therefore, the
platform is highly extensible, allowing the simulation of various types of memristors and op-
erating conditions. The platform can further incorporate peripheral circuits and system-level
components such as CPUs and accelerators. This modularity enables systematic exploration
of diverse architectures and application scenarios within a unified simulation framework. The
architecture follows a hierarchical structure, distinguishing between device, circuit, and sys-
tem abstraction layers. This separation supports top-down system exploration and bottom-up
model validation. By encapsulating device models and interfaces in standardized modules,
MeSSi enables reproducible comparisons across different memristor technologies and archi-
tectures.

Design Principles and Goals

The design of MeSSi follows principles intended not only to ensure software extensibility but
also to support a systematic research methodology for exploring the architectural implications
of memristive technologies. The key goals guiding this design are:

• Flexibility: To accommodate the diversity of memristor devices and circuit topolo-
gies, MeSSi allows researchers to interchange models and configurations dynamically,
facilitating comparative studies across architectures and operating conditions.

• Modularity: By clearly separating components, MeSSi supports incremental devel-
opment and independent validation of device, circuit, and system layers. This is a
prerequisite for reproducible, multi-level design-space exploration.

• System-Level Integration: Through standardized transaction-level modeling (TLM)
interfaces, MeSSi can be embedded into larger virtual prototypes together with other
system components, enabling cross-layer studies that link device behavior to system
performance metrics such as latency and energy.

Together, these principles establish MeSSi as a research platform that bridges device-level
modeling and system-level evaluation within a coherent, reproducible simulation methodol-
ogy.

Platform Overview

Figure 4.2.1 provides a block diagram of the MeSSi platform, illustrating the main modules
and their interconnections within the SystemC simulation environment.
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Figure 4.2.1: Block diagram of the MeSSi virtual prototyping platform.

To support systematic exploration of memristor-based architectures across multiple abstrac-
tion layers, MeSSi follows a hierarchical modular organization. This structure aligns with the
principle of separation of concerns, allowing independent evaluation of device, circuit, and
subsystem behavior while maintaining a coherent system-level integration. MeSSi’s architec-
ture is organized into three principal modules:

• In-Memory Module: This module provides the core abstraction for device-level ex-
ploration, enabling consistent comparison of different memristor technologies and pe-
ripheral circuit configurations under unified simulation conditions. It forms the foun-
dation of MeSSi and is implemented as a base class that encapsulates the memristor
array together with models of peripheral components (such as ADCs, DACs, and de-
vice controllers). It defines a unified abstraction through getter methods for extra-
functional properties and virtual read/write functions, ensuring interface consistency
across application domains. Derived classes implement the concrete behavior for specific
application domains introduced in Section 2.2. At the current stage, MeSSi provides
implementations for discrete storage elements and analog in-memory computing, while
the categories of memristor-based logic and physical unclonable functions remain open



4.2. Architecture of the MeSSi Platform 59

for future extensions. The design is highly parametrizable and extensible, supporting
integration of different memristor types via the DStM model introduced in Chapter 3,
as well as customized peripheral/control logic and simulation of extra-functional prop-
erties for those components.

• Near-Memory Module (Optional): The near-memory layer supports architectural-
level studies of hybrid analog-digital computing concepts, allowing analysis of trade-offs
between computation locality and data movement. This module enables the simulation
of additional digital accelerators or support logic (such as error correction or activation
functions) located close to the memristor array. It is intended to model near-memory
computing concepts, where digital processing is placed adjacent to the memory core for
efficiency. Here also extra-functional properties can be included.

• Memristor Subsystem (Top-Level) Module: At the subsystem level, MeSSi en-
ables full-system co-simulation and cross-layer analysis, linking device characteristics
to system performance metrics such as latency and energy. Multiple in-memory (and
optionally near-memory) modules can be grouped into a core, and several cores can
be combined in a top-level subsystem. The top module provides a TLM interface for
communication with the rest of the system simulation, such as CPUs, bus systems, or
other accelerators. It also hosts controllers responsible for inter-module coordination
and system-level data handling.

Internal and External Communication

• Internal Communication: In the current mainline implementation of MeSSi, com-
munication between modules is realized directly with TLM-2.0 interfaces. This design
choice simplifies latency modeling and aligns naturally with transaction-level system
simulations, which is central to the case studies presented in this thesis. The choice
of TLM-2.0 for intra-platform communication also reflects a methodological focus on
timing-aware yet computationally efficient simulation, ensuring that system-level stud-
ies remain scalable while preserving latency accuracy.

An alternative variant of MeSSi also exists, in which internal communication is im-
plemented using standard SystemC ports and channels. This design is motivated by
the possibility of co-simulating with hardware description language (HDL) components,
thereby enabling integration of RTL accelerators with memristor models. Although not
utilized in the case studies, this functionality highlights the architectural flexibility and
forward compatibility of MeSSi.

• External Communication: At the subsystem boundaries, MeSSi consistently em-
ploys a loosely-timed TLM-2.0 interface, supporting high-level transaction-based inter-
actions with other simulated components. This abstraction facilitates efficient system-
level simulation while preserving sufficient detail for accurate architectural exploration.

Customizability and Extensibility

MeSSi is intentionally designed for extensibility. This extensibility is central to MeSSi’s
role as a research platform, enabling reproducible exploration of new device models and
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integration strategies without restructuring the simulation backbone. Depending on the use
case, peripheral modules (e.g., custom ADC types) can be added or modified, and specialized
controllers for other operation modes such as in-memory logic or physical unclonable function
(PUF) generation can be implemented. A dedicated Mapper Module enables user-defined
mappings between data values and conductance states, supporting both simple and reliability-
aware coding schemes.

4.3 Implementation
The MeSSi platform is implemented as a set of modular SystemC components, each designed
to capture the architectural structure and functional behavior of memristor-based subsys-
tems. This modular design enables both reuse and customization, supporting a wide range
of application scenarios and facilitating future extensions. The implementation of MeSSi
emphasizes reproducibility and controlled abstraction. Each module is implemented as an
independently testable SystemC component, reflecting a hierarchical modeling methodology
where behavioral, architectural, and device-level phenomena can be varied systematically.
This structure enables consistent experimental conditions when comparing alternative device
models or system configurations.

InMemoryModule Base Class

At the heart of the platform is the InMemoryModule base class, which provides a generic,
reusable template for modeling memristor arrays together with their peripheral circuitry. It
establishes a methodological bridge between device-level behavior and system-level evalua-
tion. By encapsulating memristor arrays and peripheral circuitry behind a uniform TLM
interface, it enables cross-comparison of different memristor models and control strategies
within architectural contexts. The class is parametrized by bus width, address width, and
memory size, allowing easy adaptation to different system configurations. The array dimen-
sions are derived from the specified bus width, memory size, and operational mode.

In the mainline implementation, the InMemoryModule exposes a TLM-2.0 interface for
read and write transactions. This design enables accurate modeling of memory latency, seam-
less integration into system-level simulations, and efficient communication with other TLM
components such as CPUs, buses, and accelerators. Each TLM transaction triggers the corre-
sponding internal behavior: device programming, data mapping, and access counting, while
abstracting the low-level device physics through the DStM model. Extra-functional prop-
erties such as access latency, read/write energy, and static power are parametrized through
configuration files and are accumulated during simulation. This parameter-driven configu-
ration allows systematic exploration of technology parameters and ensures reproducibility
of simulation experiments, as all key assumptions are externalized and version-controlled.
Getter methods allow reporting of these values at the end of the simulation.

In addition to this TLM-based implementation, an alternative variant of the InMem-
oryModule exists that uses explicit SystemC ports (clock, reset, address, data lines, and
handshake signals). This variant is motivated by the possibility of co-simulating MeSSi with
RTL accelerators written in VHDL or Verilog, providing cycle-accurate signal-level interfaces.
Although not employed in the case studies presented in this thesis, it remains a potential ex-
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tension path for future research. The coexistence of both TLM-2.0 and signal-level variants
underlines the methodological flexibility of the platform: high-speed, loosely-timed simu-
lations for system-level exploration, and cycle-accurate co-simulation for validation against
RTL implementations.

The simplified code structure of the base class is illustrated below, showing its parametriza-
tion, encapsulation of peripheral models, bookkeeping of extra-functional properties, and
the abstract read/write methods that are specialized by derived classes:

1 template <size_t bus_width , size_t addr_width , size_t mem_size >
2 struct InMemoryModule : public sc_core::sc_module
3 {
4 private:
5 ...
6 // Simulation components
7 std::unique_ptr <memristors <_array_height , _array_width >> mem_array_;
8 adc adc_;
9 dac dac_;

10

11 // Access counter
12 size_t read_count_ = 0u;
13 size_t write_count_ = 0u;
14

15 // Extra-Functional property parameters loaded from parameter file
16 double cfg_read_energy_per_op_;
17 double cfg_write_energy_per_op_;
18 double cfg_static_power_;
19 sc_core::sc_time cfg_read_latency_;
20 sc_core::sc_time cfg_write_latency_;
21

22 // TLM transport
23 void b_transport(tlm_generic_payload& trans, sc_time& delay) {
24 ...
25 public:
26 // TLM target socket
27 tlm_utils::simple_target_socket <InMemoryModule > target_socket;
28 ...
29 // Virtual methods to be implemented by derived classes
30 virtual void read(std::uint64_t addr, std::uint8_t* dst, size_t len) = 0;
31 virtual void write(std::uint64_t addr, const std::uint8_t* src, size_t len

) = 0;
32 ...
33

34 // Extra-Functional properties
35 getStaticEnergy(sc_core::sc_time runTime) const;
36 getWriteEnergy() const;
37 getReadEnergy() const;
38 getReadLatency() const;
39 getWriteLatency() const;
40 ...
41 }

Listing 4.1: Definition of the abstract InMemoryModule base class.
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Peripheral Component Models

Peripheral components such as ADCs (analog-to-digital converters), DACs (digital-to-analog
converters), and device controllers are modeled as independent modules within the InMem-
oryModule. These peripheral models are fully parametrizable, enabling researchers to study
the impact of different resolutions, quantization schemes, or circuit architectures on system
behavior. Controllers can be adapted or replaced depending on the application, whether
conventional memory access, analog computation, or custom logic is required.

The Mapper Module

To enable flexible mapping between digital data values and physical device states, MeSSi
introduces a dedicated Mapper module. This component allows the user to specify custom
mappings (e.g., for Gray coding, reliability-aware, or application-specific encoding) by defin-
ing a permutation between data values and conductance states. The Mapper class can be
included during read and write operations, thus enhancing reliability or supporting specialized
coding strategies without modifying the overall simulation architecture. Methodologically,
the Mapper acts as a controlled abstraction layer that isolates the effects of data encod-
ing from those of device physics, enabling systematic comparison of coding schemes under
identical hardware and workload conditions.

Table 4.3.1 shows an exemplary mapping of two-bit input values to device conductance states.
In this example, the most common bit pattern (00), which frequently appears in quantized
neural network weights, is assigned to the highest conductance state (𝑥 = 3). Since the highest
conductance state is often the most stable in many RRAM devices, this mapping minimizes
the overall error probability by aligning frequent input patterns with the most reliable device
states. Such mappings can be systematically varied within MeSSi to study trade-offs between
reliability, coding complexity, and performance, providing a methodological basis for cross-
technology evaluation.

Table 4.3.1: Example mapping from 2-bit input to conductance state index 𝑥.

Input bits State index 𝑥

00 3
01 0
10 1
11 2

Application-Specific Derived Classes

Derived classes specialize the InMemoryModule base class for the different application do-
mains introduced in Section 2.2. Each derived class implements the concrete behavior of the
TLM interface including the read and write methods, and the tracking of the extra-functional
properties, thereby mapping the abstract in-memory module to a particular use case. At the
current stage of MeSSi, two application domains are supported: discrete storage elements and
in-memory computing. The domains of memristor-based logic and physical unclonable func-
tions remain open for future extensions and can be realized by deriving additional modules
from the same base class. Methodologically, this inheritance structure formalizes a modular
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experimentation framework, ensuring that each application domain can be isolated, extended,
and benchmarked under consistent simulation and measurement conditions.

Discrete Storage Operation Module This module models conventional memory read
and write functionality, device selection, and the mapping between digital data and memristor
conductance states. In the simulated array, the width corresponds to the number of devices
per row (which can be accessed in parallel to satisfy a bus request), while its height represents
the number of rows. All devices are assumed to be organized in a 1T1R configuration, where
each memristor is paired with an access transistor. This reflects typical physical implemen-
tations, suppresses sneak-path currents and enables selective access through wordline (WL)
control.
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Figure 4.3.1: The principle of discrete storage element operation implemented in MeSSi.

Figure 4.3.1 illustrates the principle of operation as captured in the MeSSi platform. Solid
lines denote explicitly simulated components and signal paths, while dashed lines indicate
elements represented only at an abstract level. In particular, column ADCs are modeled in
detail, since they define the quantization of the readout current and thereby strongly impact
functionality. By contrast, peripheral elements such as wordline and bitline (BL) drivers,
sourceline biasing, and programming pulse generation are abstracted: device selection is
handled directly in the array model, and conductance states are updated by assigning target
conductance indices rather than simulating detailed switching waveforms. Additional circuit
blocks often present in hardware, such as decoders, sense amplifiers or transimpedance am-
plifiers (TIAs) preceding the ADCs, and higher-level mode-control logic, are not part of the
explicit simulation. However, their impact on latency and energy is included parametrically
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through the DStM model and the extra-functional properties models. This selective abstrac-
tion constitutes a methodological trade-off: it preserves architectural fidelity where it most
affects functionality (e.g., quantization), while reducing complexity in peripheral circuitry
that primarily influences performance metrics.

In practice, column ADCs may be dedicated per bitline or shared (e.g., time-multiplexed)
across multiple columns to trade off read parallelism against area and energy efficiency. For
binary operation, sense amplifiers might replace full ADCs. Both configurations are supported
within the abstraction of MeSSi, allowing controlled experiments on the trade-off between
read-parallelism and peripheral overhead. For clarity, the example in Fig. 4.3.1 assumes one
ADC per column.

The readout behavior of a selected device at position (𝑟, 𝑐) is captured by the DStM model
as:

𝑖𝑟,𝑐(𝑡) = 𝐺𝑟,𝑐(𝑥(𝑡), 𝑡) · 𝑣𝑟𝑒𝑎𝑑 (4.1)

𝑥𝑟,𝑐(𝑡) =

⌊︂
𝑖𝑟,𝑐(𝑡)− 𝑖min

Δ

⌉︂
, Δ =

𝑖max − 𝑖min
𝑄levels

(4.2)

where 𝑖𝑟,𝑐(𝑡) is the read current of the device, 𝑥𝑟,𝑐(𝑡) the corresponding quantization index, and
Δ the quantization step size determined by the ADC resolution. The number of quantization
levels 𝑄levels is set according to the number of distinct states that must be distinguished:
for discrete storage, this matches the number of targeted device conductance states, whereas
in in-memory computing scenarios it is typically larger, since accumulated currents from
multiple devices must be digitized with higher precision. This compact formulation links the
continuous device behavior to the discrete digital values observed at the memory interface,
thereby bridging physical operation and system-level abstraction. From a methodological
perspective, this formalization provides a reproducible translation between analog device
physics and digital system metrics, which is central to the validation of mixed-domain models
in MeSSi.

Analog In-Memory Computing Module This module models matrix vector multipli-
cation (MVM) in a memristor-based crossbar array. Each column performs one multiply
accumulate (MAC) operation in parallel. Input voltages 𝑣𝑟 are applied to the rows and are
weighted by the device conductances 𝐺𝑟,𝑐 according to Ohm’s Law. The resulting currents
are summed along the sourcelines in accordance with Kirchhoff’s Law, producing a column
current 𝐼𝑐. In this way, the conductance matrix acts as the weight matrix, the applied voltages
act as the input vector, and the accumulated column currents provide the analog dot prod-
ucts. The array dimensions then define the computational structure: the number of columns
corresponds to the number of MAC operations carried out in parallel, while the number of
rows corresponds to the number of multiplicative terms contributing to each MAC. From a
methodological standpoint, this formulation provides a controlled and scalable representation
of analog computation within the framework, enabling quantitative comparison of array-level
behavior under different device, circuit, and numerical precision assumptions.

As in the discrete-storage operation module, all devices are assumed to be organized in a
1T1R configuration, which suppresses unwanted sneak-path currents and allows selective
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activation of columns through their wordlines. Passive arrays are not modeled by default,
since their additional sneak paths would require explicit treatment.
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Figure 4.3.2: The principle of in-memory matrix-vector multiplication using analog MAC operations
implemented in MeSSi.

Figure 4.3.2 follows the same convention as the discrete storage module, where solid lines
denote explicitly simulated paths and blocks, while dashed lines indicate abstracted periphery.
Column-wise accumulation and column ADCs are modeled explicitly, as they set the effective
numerical precision of the MVM. Peripheral circuits such as wordline and bitline drivers,
current-to-voltage converters (e.g., TIAs), decoders, and mode-control logic are abstracted,
with their latency and energy contributions incorporated parametrically through the DStM
and extra-functional models. ADCs may be dedicated per column or time-multiplexed across
multiple columns, providing an experimental control knob for exploring trade-offs between
parallelism, area, and energy efficiency. The abstraction also supports differential (two-
column) encoding for signed weights, implemented via either analog or digital subtraction.

The DStM-based compute step for an input vector 𝑣𝑟(𝑡) applied to the rows and a conductance
matrix 𝐺𝑟,𝑐(·) is

𝑖𝑟,𝑐(𝑡) = 𝐺𝑟,𝑐

(︀
𝑥(𝑡), 𝑡

)︀
· 𝑣𝑟(𝑡) (4.3)

𝐼𝑐(𝑡) =
∑︁
𝑟

𝑖𝑟,𝑐(𝑡) (4.4)

𝑘𝑐(𝑡) =

⌊︂
𝐼𝑐(𝑡)− 𝐼min

Δ

⌉︂
, Δ =

𝐼max − 𝐼min
𝑄levels

(4.5)

Here, 𝑖𝑟,𝑐(𝑡) is the current through the memristor device at row 𝑟 and column 𝑐. 𝐼𝑐(𝑡) is
the accumulated column current corresponding to the result of one MAC operation, and
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𝑘𝑐(𝑡) is its quantized digital output. Since many device currents are summed per column,
the required ADC resolution 𝑄levels is typically higher than in discrete storage mode. This
compact formulation connects the continuous device behavior with the discrete digital values
at the memory interface. Methodologically, this formulation defines a reproducible map-
ping between analog computation and digital observables, enabling systematic evaluation of
accuracy-energy trade-offs and the effects of device nonidealities on algorithmic performance.

4.4 Modeling Extra-Functional Properties
Beyond functional correctness, evaluating the energy and latency characteristics of novel
memory and compute subsystems is essential for system-level design and architectural ex-
ploration. MeSSi is designed to support the systematic estimation of these extra-functional
properties in a modular and configurable way, enabling detailed analysis and fair comparison
of diverse architectures. Methodologically, this framework operationalizes extra-functional
evaluation as a parametrized layer orthogonal to functional modeling, allowing systematic
variation of technology, architecture, and workload parameters under consistent experimen-
tal conditions.

Energy Estimation

Energy consumption within MeSSi is estimated using an activity-based methodology, which
separates static and dynamic energy components. This abstraction aligns with established
system-level modeling practice, enabling scalable estimation without requiring detailed elec-
trical simulation at every timestep. For each simulation, pre-characterized energy param-
eters, such as energy per read (or MAC) or write operation and static power values, are
loaded from parameter files at startup. These parameters can originate from physical mea-
surements, SPICE simulations of circuit implementations, or analytical tools such as NVSim
[A40], depending on the desired balance between accuracy and abstraction.

During simulation, dynamic activity statistics (e.g., number of read and write events) are
recorded by each module. At the end of the simulation, total dynamic and static energy
consumption is calculated as:

𝐸𝑑𝑦𝑛 = 𝑁𝑟𝑒𝑎𝑑 · 𝐸𝑟𝑒𝑎𝑑 +𝑁𝑤𝑟𝑖𝑡𝑒 · 𝐸𝑤𝑟𝑖𝑡𝑒 (4.6)
𝐸𝑠𝑡𝑎𝑡𝑖𝑐 = 𝑃𝑠𝑡𝑎𝑡𝑖𝑐 · 𝑇𝑎𝑐𝑡𝑖𝑣𝑒 (4.7)

Where 𝑁𝑟𝑒𝑎𝑑 and 𝑁𝑤𝑟𝑖𝑡𝑒 denote the number of read and write operations, 𝐸𝑟𝑒𝑎𝑑 and 𝐸𝑤𝑟𝑖𝑡𝑒 the
respective energy per access, 𝑃𝑠𝑡𝑎𝑡𝑖𝑐 the static power, and 𝑇𝑎𝑐𝑡𝑖𝑣𝑒 the total active simulation
time of the module. This formulation ensures that all energy results are reproducible and
comparable across simulation runs, as they depend solely on recorded activity metrics and
externally defined parameters rather than hidden simulator states.

The level of detail for energy estimation is configurable:

• For rapid design space exploration, a coarse-grained mode can track and accumulate
only the total dynamic and static energy on sub-system level.

• For fine-grained analysis, energy can be grouped by access type and array, depending
on simulation requirements and available characterization data.
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This configurability allows researchers to tailor the estimation fidelity to the purpose of the
study: from early architectural exploration to detailed calibration against physical measure-
ments.

Static energy is determined by multiplying the static power of each module by its active
runtime, which is tracked globally and provided to each module at simulation end. This
approach is robust even in loosely-timed TLM simulations, where local time advances may
not always reflect global simulation time due to temporal decoupling. This approach therefore
maintains methodological consistency even under different TLM timing modes, ensuring that
energy accounting remains independent of the simulation’s temporal abstraction level.

It should be noted that the internal energy required for memristor access can be expressed
as:

𝐸𝑚𝑒𝑚 =

∫︁ 𝑡acc

0
𝑣(𝜏)2 ·𝐺

(︀
𝑥(𝜏), 𝜏

)︀
𝑑𝜏 (4.8)

where 𝑣(𝜏) represents the voltage pulse train for either read or write access, 𝐺(𝑥(𝜏), 𝜏) is the
device conductance, and 𝑡acc is the duration of the voltage pulse train. While MeSSi could in
principle evaluate this integral directly, in practice the intrinsic memristor energy is typically
much smaller than the energy consumed by the peripheral circuitry. In the present work,
the energy per access parameter values already include both the intrinsic device energy and
the dominant peripheral circuit overheads. This choice reflects a methodological trade-off
between physical fidelity and model usability, ensuring that energy estimation remains both
interpretable and efficient at system scale.

Latency Estimation

In the main TLM-based implementation of MeSSi, latency is modeled at the transaction level.
Following the standard loosely-timed TLM style, transactions are implemented as blocking
transports. This means that, for each transaction, the b_transport method is invoked with a
payload containing the address, command, and data fields, as well as a delay parameter. The
delay parameter is used to accumulate the estimated latency of the corresponding operation.
After the target has processed the transaction, the initiator can advance the simulation
time by the final value of this delay. This approach provides a consistent, transaction-level
abstraction of latency, ensuring that timing effects can be modeled and varied systematically
across devices and architectures without requiring signal-level detail.

For each memory or compute transaction (read, write, or matrix-vector multiplication), the
latency contribution is computed and added to the delay parameter. The total delay depends
on several factors:

• the type of operation being simulated (read, write, or in-memory MVM)

• the number of devices affected by the operation (e.g., single rows for read transactions
or multiple columns for MVMs)

• the degree of parallelism in the architecture (e.g., the number of ADCs available in
parallel)

• the base latency of a single memristor access (read or write)
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By expressing these dependencies parametrically, MeSSi decouples latency modeling from
specific device implementations, allowing researchers to study architectural scaling effects
and technology sensitivity within a unified simulation framework.

The base latency parameters are read from an external configuration file at the beginning
of the simulation. This enables easy adaptation to new device technologies or programming
schemes without changes to the simulation code. This parameter-driven configuration em-
bodies a methodological principle of MeSSi: simulation experiments remain fully reproducible
and adaptable by altering configuration data rather than source code.

The calculation of the latency per transaction is handled within the respective operation
modules (e.g., discrete storage or analog in-memory computing). Within each operation
module, latency estimation follows an analytical formulation that scales with data size and
architectural resources. For example, the read latency in a discrete storage array can be
expressed as:

𝐿read =

⌈︂
𝐷read
𝐷row

⌉︂
·
⌈︂
𝑊array
𝑁ADC

⌉︂
· 𝐿cfg,read (4.9)

where
𝐷row = 𝑏cell ·𝑊array

Here, 𝐷read denotes the total amount of data to be read (in bits), 𝑏cell is the number of bits
stored per memristor cell, 𝑊array is the array width (number of columns), and 𝑁ADC is the
number of available ADCs. The term 𝐿cfg,read is the configured base latency for a single
memristor read access of 𝑏cell bits.

The first ceiling term,
⌈︁
𝐷read
𝐷row

⌉︁
, accounts for the number of row activations required to read

the requested data. The second term,
⌈︁
𝑊array
𝑁ADC

⌉︁
, captures the number of sequential column

read groups that arise due to limited ADC parallelism. Consequently, the overall read latency
increases when fewer ADCs are available and approaches the single-row access latency when
full column parallelism (𝑁ADC ≥ 𝑊array) is achieved. This formulation provides a scalable an-
alytical estimate that reflects both data volume and architectural parallelism within the array.

For the in-memory matrix-vector multiplication (MVM), the latency is estimated as:

𝐿MVM =

⌈︂
𝑊array
𝑁ADC

⌉︂
· 𝐿cfg,read (4.10)

where 𝑊array is the number of columns in the array and 𝑁ADC is the number of available
ADCs. In the MVM module, the term 𝐿cfg,read represents the effective latency of one full
MAC operation for a single ADC time slot (i.e., one column-group read). It includes the
application of the input vector as voltage pulses across all rows, the transient and current
accumulation along the selected columns, and the conversion of the resulting column currents
into the digital domain by the ADCs.
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The factor
⌈︁
𝑊array
𝑁ADC

⌉︁
captures the required number of sequential column groups due to limited

ADC parallelism. When 𝑁ADC ≥ 𝑊array, the MVM completes in a single time slot. This for-
mulation abstracts device-level timing details into a consistent operation-level latency metric,
enabling fair comparison of analog and digital execution paths within the platform.

For the alternative implementation that exposes signal-level SystemC ports, latency is realized
with wait() calls and cycle counters inside SystemC processes (e.g., per access: wait(𝐿read)
or wait(𝐿write)). Calling wait() suspends the process for the specified simulated time,
thereby advancing the time inside the SystemC kernel. This mechanism enables cycle-
accurate simulation and allows for HDL co-simulation, but was not employed in the case
studies presented here. Both variants share the same parameter sources, but they differ in
how latency is applied: the TLM-based implementation accumulates delays in the delay pa-
rameter of the transaction, whereas the signal-level implementation advances time explicitly.
Together, the two timing models provide complementary methodological perspectives: the
TLM-based approach supports high-speed architectural exploration, while the signal-level
model enables validation against cycle-accurate reference implementations.

Notes on Area and Other Metrics

While energy and latency estimation are supported natively within MeSSi, area modeling is
not currently implemented due to its strong dependence on the underlying technology and
peripheral circuitry. However, area parameters could be incorporated in future work using
the same annotation and accumulation techniques used for energy and latency. This planned
extension would complete the methodological triad of key system metrics allowing unified
trade-off analysis within the same simulation environment.

4.5 Summary of the MeSSi Platform
In this chapter, the MeSSi virtual prototyping platform for memristor-based systems was
presented. In contrast to many existing system-level frameworks, which are often tailored
to specific application domains or fixed architectural templates (see Section 2.5), MeSSi is
designed as a generic, extensible, and modular environment that supports a wide range of
operational modes, device technologies, and architectural configurations. Its architecture
enables the simulation of both conventional memory operation and analog in-memory com-
puting, while also enabling the straightforward integration of alternative operation modes,
custom controllers, and new peripheral models. Methodologically, this design realizes a uni-
fied experimental framework in which architectural and device-level effects can be explored
independently or jointly under consistent simulation assumptions.

A distinguishing strength of MeSSi lies in its ability to abstract the modeling of memristor
devices and their peripheral circuitry in a way that remains interoperable with other simu-
lated system components, from CPUs to accelerators. This interoperability is central to the
methodological goal of bridging device-level modeling with system-level performance analysis.
The platform supports realistic device modeling through multi-level storage capability, vari-
ability derived from measured data, and flexible exchange of device types and operating con-
ditions for thorough design space exploration. Its modular structure ensures that components
can be replaced, extended, or scaled, from single devices to complex multi-array subsystems,
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without affecting the overall integration. This modularity provides a methodological guar-
antee that changes at one abstraction level (e.g., device or circuit) can be isolated, and their
impact can be quantified at higher architectural levels. Furthermore, MeSSi integrates con-
figurable data-to-conductance mapping strategies and built-in estimation of extra-functional
properties, such as latency and energy, thus supporting comprehensive, reproducible system-
level evaluation of both functional and performance aspects.

Collectively, these features, summarized in Table 4.5.1, establish MeSSi as a versatile and
extensible platform for research on memristor-based architectures. The following chapter
demonstrates its capabilities across diverse case studies.

Table 4.5.1: Key features of the MeSSi platform.

Feature Description
💾 Multi-Level Storage Models multiple conductance states per device,

including peripheral circuitry, enabling realistic
multi-bit-per-cell evaluations.

🎯 Variability Captures both time-invariant and time-
dependent variability, allowing selective
assessment of variability sources based on
measurement data.

🔄 Devices & Operating Conditions Supports rapid substitution of device models and
operating conditions for broad design-space ex-
ploration.

🧩 Modularity Comprises clearly separated, interchangeable
modules with configurable parameters for
architecture-specific adaptation.

📈 Scalability Scales seamlessly from single devices to large ar-
rays and multi-array subsystems.

🔌 Interoperability Integrates with other simulated components via
standardized SystemC/TLM interfaces.

🗺️ Mapping Strategies Provides flexible, easily swappable data-to-
conductance mapping schemes.

⚡ Extra-Functional Properties Estimates latency and energy consumption for in-
dividual components and the overall subsystem.

🔀 Co-Simulation Enables joint simulation with C++ algorithmic
or HDL-based models for mixed-abstraction sys-
tem studies.



71

Chapter 5

Case Studies using the Virtual
Prototyping Framework

To illustrate the practical applicability of the MeSSi framework, this chapter presents five case
studies, each corresponding to published work by the author of the thesis at hand. The case
studies span a broad spectrum of application domains, ranging from memristor-based analog
in-memory computing to processor architectures incorporating non-volatile memristor-based
memory, and address diverse research questions such as energy efficiency, computational
accuracy, and resilience to environmental stress.

The central purpose of these case studies is not only to highlight the potential of memris-
tive devices in different contexts, but more importantly to demonstrate how the proposed
modeling and simulation framework enables systematic exploration of these questions.

The DStM and the MeSSi framework were developed iteratively over the duration of these
works. While earlier studies relied on focused, problem-specific virtual prototypes of individ-
ual components, each contributed critical insights and building blocks that were later unified
into the versatile MeSSi platform in its final form. Thus, the case studies can be understood
as milestones along the trajectory from isolated models to an integrated, reusable framework.

For each case study, the problem context, research objective, and the role of memristor mod-
eling are outlined. Special attention is given to the aspects of memristor behavior that were
explicitly modeled and proved critical for addressing the respective research question. Each
section concludes with a summary table that highlights the relevant modeled features, such
as variability, multi-level operation, operating condition effects, extra-functional property
estimation, enabling a quick comparison across all use cases.



72 5.1. Ultra-Low-Power ECG Classification Architecture for Wearable Devices

5.1 Ultra-Low-Power ECG Classification Architecture for
Wearable Devices

Motivation and Problem Statement

Continuous monitoring of cardiac activity in daily life enables the early detection of cardiac
anomalies, which can support timely diagnosis and intervention. Wearable devices equipped
with appropriate sensing and processing capabilities can identify transient or intermittent
conditions that might otherwise remain undetected during sporadic clinical examinations.
The ability to process physiological signals directly on-device also reduces reliance on wireless
transmission, thereby preserving privacy and reducing energy consumption.

However, continuous monitoring of cardiac rhythm in wearable devices is constrained by strin-
gent power budgets to enable long battery lifetimes. Atrial fibrillation (AFib), a common
arrhythmia characterized by irregular atrial activation and ventricular response, is typically
detected in electrocardiogram (ECG) time series through analysis of rhythm and waveform
morphology [A188]. Neural networks (NNs) are particularly well suited for this classification
task, as they can learn complex, non-linear relationships in the ECG signal that may be diffi-
cult to capture with handcrafted features or simple statistical methods [A189]. When trained
on sufficiently large and diverse datasets, they have the potential to achieve high diagnostic
accuracy and generalize well to varying patient populations and recording conditions.

In embedded, low-duty-cycle scenarios, ECG acquisition is typically performed at compar-
atively low sampling rates, as the fundamental frequency content of the cardiac signal is
limited by physiological constraints [A190]. Heart rates remain well below a few hundred
hertz, and according to the sampling theorem, a rate in the order of a few hundred sam-
ples per second is sufficient to capture the relevant waveform morphology with high fidelity
[A191]. In such systems, evaluation only needs to be triggered intermittently when a complete
analysis window is available. Under these conditions, static and leakage power can dominate
if processing elements remain active continuously, and data movement to and from external
memory may exceed the energy cost of the computations themselves. Control and buffering
overheads further increase the total energy per classification window.

The problem addressed in this case study can therefore be formulated as follows: Given an
ECG time-series classification task for AFib detection in a wearable device using a neural
network, how can the overall embedded system be organized so that the total energy per
classification window is minimized without compromising classification accuracy?

A promising direction to address this challenges lies in a digital dataflow driven computer ar-
chitecture that integrates on-chip, non-volatile memristive storage for NN parameters. Such
an approach offers the potential to eliminate costly external memory accesses, introduce
aggressive duty cycling enabled by the state retention of memristors, and align discrete con-
ductance states with quantized NN parameters, thereby reducing both array size and energy
needed for read-out. The subsequent subsections detail how these principles were applied
with the help of the modeling approaches introduced in this thesis.

This use case was first presented in [B4], which describes the framework used to design an
energy-efficient AI accelerator architecture that earned first prize in the German Federal
Ministry of Education and Research (BMBF) Energy-efficient AI Systems innovation contest
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in 2021 [A192]. The proposed architecture and design methodology targeted ultra-low-power
ECG classification in wearable devices. The main architecture concept was later generalized
in [C1] to a broader application domain. At the time of the initial work, many of the
capabilities later integrated into the MeSSi framework were not yet present. However, key
elements were already established: multi-level storage simulation using concrete IHP RRAM
devices, scalability exploration via an abstract model of inference with RRAM-based weight
storage, and the extraction of extra-functional properties from a concrete analog memory
block implementation [B3]. These early evaluations provided the parameter values for latency
and energy estimation that subsequently formed the basis of the extra-functional property
models in MeSSi.

Application and Data Characteristics

The ECG signal is a low-frequency biomedical waveform whose fundamental frequency com-
ponents correspond to the heart rate and its harmonics. Even in pathological conditions,
heart rates remain well below a few hundred hertz. According to the sampling theorem, ac-
curate reconstruction and feature preservation are possible with sampling rates in the order
of a few hundred samples per second. In the present application, a sampling rate of 512Hz
was selected based on established clinical practice [A191], representing the lowest rate that
avoids distortion of diagnostically relevant waveform components. Using the lowest feasible
sampling frequency reduces the amount of acquired data and lowers the energy consumed in
both acquisition and downstream processing.

To perform classification, a sufficient temporal context of the ECG signal must be available to
capture rhythm irregularities and waveform features indicative of atrial fibrillation. Isolated
samples do not provide enough information for a reliable decision. Consequently, data is
buffered into fixed-length segments (analysis windows), each containing the required duration
of signal for classification. This approach enables inference to be executed intermittently, only
after a complete window has been acquired, thereby reducing the active time of the processing
core.
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Figure 5.1.1: Sampling and processing scheme of the continuous ECG signal. Adapted from [B4].

The resulting sampling and processing scheme is illustrated in Figure 5.1.1. Data acquisition
proceeds continuously at the selected sampling rate (with a sampling time of 𝑇𝑠𝑎𝑚𝑝), while
classification is triggered periodically upon the completion of an analysis window. During
window acquisition, incoming samples are written into a buffer. Once a window is filled, its
content is read and processed in a short burst (with a processing duration of 𝑇𝑝𝑟𝑜𝑐), while
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the buffer alternates to capture the next segment. This double-buffering arrangement ensures
continuous data capture without gaps, while limiting high-frequency activity in the processing
core to discrete, infrequent intervals aligned with the classification schedule.

Processing Architecture and Dataflow

The classification workload is implemented as a 1D convolutional neural network (1D-CNN),
which processes the ECG signal in the time domain. Convolutional layers are well suited for
this task, as they can extract temporal features such as waveform morphology and rhythm
patterns that are relevant for atrial fibrillation detection. The specific network topology was
determined through a neural architecture search (NAS), which optimized the number of lay-
ers, filter sizes, and stride configurations for high classification accuracy under strict energy
constraints. All weights were constrained to ternary states (−1, 0, +1), which matches the
amount of states, stored in a single RRAM device. The resulting NN architecture com-
prises multiple convolutional layers followed by fully connected layers, with a low amount of
parameters to enable efficient on-chip storage.
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Figure 5.1.2: Hierarchical structure of the digital accelerator core for convolutional layer inference.
Adapted from [B4].

A dedicated digital accelerator was designed to execute the convolutional layers with min-
imal energy and latency overhead. The compute fabric employs a systolic dataflow that is
highly specialized to the fixed NN topology. As illustrated in Figure 5.1.2, three hierarchical
processing modules are used:

• Shift-based filter processing units (SC Filters): Each unit implements a convolu-
tion filter kernel, including potential strides in the kernel movement. The design shifts
input data through processing elements (PEs) with local weights, enabling efficient
reuse of inputs without additional buffering.
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• Multi-channel filter modules (MC Filters): Each module processes multiple input
channels by instantiating and combining several SC Filters. The partial sums from each
SC Filter are accumulated within the MC Filter to produce a single output channel.

• Neural network layer modules: Multiple MC Filters are instantiated in parallel to
produce all output feature channels of a layer.

In the implemented systolic dataflow, input data is passed directly from one processing el-
ement to the next across all modules, thereby minimizing data movement and avoiding re-
peated memory accesses. This dataflow is depicted as bubbles, where each bubble corresponds
to one value. Within a layer, data from the input channels flows sequentially through the MC
Filters, except the first two MC Filters, which receive the data simultaneously. This arrange-
ment produces the first two output channels in the same clock cycle, while each subsequent
output channel is generated with a delay of one cycle. The scheduling inherently accounts for
the internal accumulation delay in the MC Filters, eliminating the need for additional con-
trol logic or intermediate buffering. The resulting fixed and predictable timing reduces both
design complexity and the energy overhead associated with programmable control paths.

This convolutional accelerator possesses a weight-stationary dataflow, in which neural
network parameters remain resident in local storage within each PE throughout computa-
tion [A193]. Only input feature data and intermediate results are propagated between PEs.
This strategy minimizes memory traffic for parameter access, a major contributor to energy
consumption in compact networks with high weight reuse. By co-locating parameters with
arithmetic units, large-scale buffer structures and complex control logic are avoided, reducing
both static and dynamic power.

The accelerator is tightly coupled with embedded non-volatile RRAM blocks that store the
NN parameters. Parameters are loaded in parallel into latch banks upon wake-up, reduc-
ing effective access latency to a single cycle. The combination of the specialized systolic
dataflow, weight-stationary parameter placement, and parallel RRAM read-out significantly
shortens the active processing time, enabling aggressive duty cycling of the Processing Core
and substantial energy savings.

System Design

The designed system employs a dual power-domain architecture to minimize energy con-
sumption in low-duty-cycle operation. This concept is illustrated generically in Figure 5.1.3.
A small always-on domain handles continuous sensor acquisition, initial pre-processing, and
buffering of the input data. The main processing domain, containing the non-volatile neural
network accelerator (NV processing), remains completely powered down during idle phases
and is only activated when a complete analysis window is available. This duty-cycling strat-
egy eliminates static power consumption in the high-performance processing blocks for the
majority of the operating time.

The specific system implementation for the ultra-low-power ECG classification use case is
shown in Figure 5.1.4. The always-on Data Control Core integrates the pre-processing
pipeline, a double-buffered SRAM for temporary storage of analysis windows, and an RRAM
manager for interfacing with the non-volatile parameter storage. The Processing Core
contains the RRAM blocks and the digital accelerator for the CNN implementing the fixed
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Figure 5.1.3: Comparison of different power-domain designs for low-duty-cycle signal classification
in embedded systems. a) Block diagram of an architecture with a single power-domain. b) Block
diagram of the dual power-domain architecture employed for this case study. Adapted from [C1].

systolic dataflow. Power gating between the two domains is implemented with dedicated
switches, allowing the Processing Core to be fully isolated during idle periods. The double-
buffering in the Data Control Core enables overlap between acquisition and processing, en-
suring continuous operation without data loss.

Embedded RRAM Memory Blocks

The neural network parameters are stored in embedded resistive random-access memory
(RRAM) blocks integrated directly within the Processing Core. Each block follows a 1T1R
cell organization in the IHP SG13S 130nm process [A194], contains an array of 32 cells per
word line and supports multi-level storage for ternary parameter encoding. The peripheral
circuitry comprises a voltage pulse generation unit for programming, precise reference gener-
ation for sensing, and a multi-way analog sense amplifier array. This enables parallel read-out
of all parameters associated with a given processing element, allowing complete parameter
loading into latch banks. This parallelism significantly reduces effective memory access la-
tency and contributes to the short active time of the Processing Core. The design of the
RRAM blocks, including the analog sense circuitry and the programming path, is described
in detail in [B3], which also provides the basis for the extra-functional property parameters
(latency, energy per operation) used in the present system-level evaluation.

The integration of these RRAM blocks with the fixed systolic accelerator enables a fully
weight-stationary execution model. Once parameters are loaded after wake-up, all convolu-
tion and fully connected operations are executed without further accesses to the non-volatile
memory. This minimizes data movement, reduces dynamic energy, and eliminates the need
for large on-chip buffers or complex memory hierarchies.

Results

The proposed architecture for ultra-low-power ECG classification was evaluated using post-
layout simulations of the complete system.
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Figure 5.1.4: System-level block diagram of the ECG classification computer architecture. Adapted
from [B4].

The classification accuracy was evaluated using a system-level testbench of the complete
architecture, operating with recorded ECG data as input to the NN. The same quantized
network parameters used in hardware were applied, ensuring that the measured performance
reflects the implemented design. Sensitivity, defined as the proportion of correctly identified
atrial fibrillation episodes among all actual AFib cases, reached 97%. Specificity, defined
as the proportion of correctly identified normal sinus rhythm segments among all non-AFib
cases, was 86%. These values meet the predefined thresholds of ≥95% sensitivity and ≥85%
specificity for the target application and show that a clinically relevant level is achieved.

Energy and power consumption were analyzed for the complete system, including the
Processing Core, Data Control Core, RRAM blocks with analog front-ends, and associated
control logic. For a classification window length of 12.65 s, the following results were obtained:

Table 5.1.1: Energy consumption per classification window with and without power-down. Adapted
from [B4].

Component Energy [mJ] Reduction [%]Always-On Power-Down
Processing Core 220.50 0.55 99.8
RRAM blocks (analog) 1.24 0.055 95.6
Data Control Core 11.75 11.75 –
Total System 233.49 12.36 94.7

These results correspond to an average power of approximately 0.98mW over the 12.65 s
classification cycle when power-down is enabled. The substantial reduction in total energy
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is achieved by exploiting the non-volatility of the on-chip RRAM: after each wake-up, all
network parameters are restored in parallel from the local memory blocks into integrated
latches with negligible dynamic energy and latency overhead.

The breakdown in Table 5.1.1 illustrates that the Processing Core is the dominant contributor
to energy savings under power-down, while the Data Control Core remains the primary static
load in idle periods. The analog RRAM front-end also benefits from power gating, as the
read and sense circuits can be fully shut down when latched data is available to the digital
PEs.

From an architectural perspective, the combination of weight-stationary dataflow and em-
bedded non-volatile memory addresses all three of the primary energy bottlenecks identified
during this case study:

1. Static power during idle periods is minimized through complete power-down of
the Processing Core.

2. Parameter reload energy is reduced to <0.5% of the total cycle energy by parallel
RRAM read-out into latches.

3. Control/buffering overhead is removed by fixed dataflow specialization to the target
NN topology.

The results confirm that device-aware modeling of extra-functional properties, together with
co-design of dataflow and memory organization, enables order-of-magnitude improvements in
total system energy for low-duty-cycle biomedical signal classification in wearables.

Role of the Virtual Prototyping Platform

The case study implemented key principles later formalized in the MeSSi framework, partic-
ularly for simulating memristor-based digital accelerators with locally integrated non-volatile
memory. Neural network inference with ternary weights stored in RRAM devices was mod-
elled using an abstract, Python-based simulation environment. This allowed bit-accurate
evaluation of the digital intermediate results and supported the neural architecture search
in selecting a network configuration with an optimal trade-off between accuracy and energy.
The abstraction enabled the efficient simulation of hundreds of thousands of inference oper-
ations, providing a rapid hardware-software co-design loop without the overhead of detailed
device-level simulation.

Variability was not explicitly included in the main simulation. However, a subsequent evalu-
ation [B2] applied deterministic operating margins on top of the abstract model to account
for known device-level variations and cycle-to-cycle fluctuations observed in measurements
of the fabricated RRAM blocks. This study demonstrated that, when ensuring sufficient
sensing margin and selecting appropriate comparator reference voltages and pulse ampli-
tudes, the probability of bit errors caused by incorrect state classification in the presented
RRAM memory was negligible. Although no variability-aware data-to-conductance mapping
strategies were explored at the time, since all states being assumed equally stable, this evalu-
ation directly inspired the later development of the DStM for precise system-level variability
modeling.
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A key contribution of this case study to the later MeSSi framework was the extraction of
extra-functional property parameters from a concrete hardware implementation. Read and
write access latencies, per-operation energy, and static power in different operating modes
were derived directly from the circuit-level design and SPICE simulations of the RRAM
memory block presented in [B3]. This block comprised 1T1R RRAM cells in the IHP SG13S
130nm process, together with peripheral circuitry for multi-level programming, read-out,
and reference generation. The SPICE-level evaluation included transient simulations of the
sensing and programming phases and post-layout parasitic extraction to capture realistic
signal propagation delays and power dissipation. The resulting parameter set covered the
analog block power consumption in both active and idle states, the energy of the digital
latch banks, and the overhead of control logic. Table 5.1.2 summarizes the features of the
simulation platform relevant for this case study.

These parameters enabled the creation of an architectural energy model that was used to
explore the impact of duty cycling in a dual power-domain system. Static and dynamic
energy contributions were quantified for different idle interval lengths, allowing the optimal
power-down duration to be identified. The results confirmed that the energy required to
reload all parameters from RRAM after each wake-up was negligible compared to the savings
from powering down the Processing Core between classifications. The methodologies for
extracting and integrating these extra-functional property parameters were later incorporated
into the MeSSi framework as part of its comprehensive extra-functional property evaluation
capabilities.

Table 5.1.2: Relevant MeSSi features for this case study.

Feature Focus in this case study
💾 Multi-Level Storage Mapping of quantized ternary NN weights

to three-level RRAM states.
🎯 Variability Deterministic read/write margins only. No

stochastic modeling.
🔄 Devices & Operating Conditions IHP SG13S 130nm 1T1R RRAM configura-

tion.
🧩 Modularity -
📈 Scalability Abstract Python-based model enabling

large-scale inference simulation.
🔌 Interoperability -
🗺️ Mapping Strategies -
⚡ Extra-Functional Properties Read/write latency, per-access energy, and

static power derived from SPICE-level char-
acterization.

🔀 Co-Simulation -
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5.2 Analog In-Memory Computation of Neural Networks

Motivation and Problem Statement

Analog in-memory computing with RRAM crossbar arrays offers the potential to overcome
key bottlenecks of digital accelerators for deep neural networks (DNNs) [A195]. By perform-
ing vector-matrix multiplications directly within the memory array, such architectures can
reduce data movement, increase effective memory bandwidth, and exploit massive inherent
parallelism, thereby achieving high energy efficiency and computational density.

However, the properties of real RRAM devices deviate from the behavior of an ideal, noise-free
memristor. For inference applications, each device must reliably represent multiple discrete
conductance states to store quantized neural network weights (multi-level operation mode).
Achieving this requires low variability, high state retention, and accurate programming to the
target conductance. In practice, several non-idealities degrade inference accuracy compared
to software baselines. Of particular concern is the conductance drift that occurs immediately
after programming, even when iterative program-and-verify algorithms are used. Drift alters
the stored weight values over time, introducing additional errors during inference.

At the time of this study, available computation-in-memory simulators (such as Mem-
Torch [A38] or NeuroSim [A156]) offered only rudimentary drift modeling, often neglecting
device- and array-level parameters that strongly influence drift resilience. These include the
choice of programming algorithm, the specific target conductance states, and the mapping
from neural network weights to device conductances. Without the ability to model these
factors accurately, it is difficult to explore architectural and algorithmic design choices that
mitigate drift-induced accuracy loss.

The objective of this case study, first published in [B6], was to develop a modeling and simu-
lation approach that exposes these parameters explicitly at the system level. This enables the
quantitative evaluation of drift effects and supports the co-design of programming algorithms,
mapping schemes, and network quantization strategies to maximize inference accuracy under
realistic device constraints. Early forms of what later became the MeSSi framework were
therefore developed and applied in this study.

Application and System Context

In analog in-memory computing, the achievable inference accuracy depends not only on the
intrinsic device variability but also on the precision and stability of the programming process
used to store neural network weights. For multi-level operation, where each RRAM device
represents one of several discrete conductance states, the program-and-verify algorithm de-
termines both the placement of the conductance distributions and their susceptibility to drift
over time. Environmental and operating conditions, particularly temperature, can further
influence drift rates, read-out stability, and sensing margins, making their consideration es-
sential for realistic evaluation.

A widely used baseline for multi-level programming is the incremental step pulse with verify
algorithm (ISPVA), in which the top electrode voltage 𝑉TE is gradually increased in discrete
steps until the desired current threshold is reached. While effective for coarse state placement,
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ISPVA exhibits abrupt conductance changes near the switching threshold, making it less
suitable for fine conductance tuning across multiple low-resistance levels.

Programming Approach To improve placement precision, the Incremental Gate Voltage
with Verify Algorithm (IGVVA) was introduced [A183]. IGVVA differs from ISPVA in that
the programming pulses increment the transistor gate voltage 𝑉G while keeping 𝑉TE fixed
above the set threshold, enabling more linear and gradual control of the cell current and thus
the conductance. This tighter correlation between 𝑉G and the programmed current leads
to smoother conductance evolution and higher placement accuracy. In the present study,
all measurement data used for parameter extraction originated from devices programmed
using IGVVA under controlled temperature conditions to ensure consistency and to capture
temperature-dependent behavior relevant to system operation.

Two operational variants of IGVVA exist [A196]:

• IGVVA Set: The device is programmed from the high-resistance state upwards to
the desired low-resistance state by gradually increasing 𝑉G in 10mV steps from 0.5V
to 1.7V at a fixed 𝑉TE of 1.2V, using 1µs pulses with 100ns rise/fall times. This
approach can achieve up to eight evenly spaced conductance levels between 50µS and
225µS, but levels in the lower half of the range are more susceptible to drift in the
minutes following programming.

• IGVVA Mixed: Designed to mitigate drift in the lower conductance levels, this
approach starts from a high-conductance state and reaches lower target levels via a
controlled reset operation. Reset is performed using IGVVA-style 𝑉G stepping (from
1.5V to 2.9V) at 𝑉TE = 1.2V. This ’mixed’ use of set and reset operations results
in smoother approach to the target conductance and can reduce drift for the lower
conductance states, although it may increase variability for higher levels.

Mapping Approach In the simulated architecture, synaptic weights are represented using
a differential mapping scheme, where each weight corresponds to the conductance difference
between two RRAM devices. Since multiple conductance assignments can produce the same
target difference, several mapping strategies are possible. For instance, a target difference of
+50 µS can be realized by pairing a 200µS device with a 150µS device, a 150µS device with
a 100µS device, or alternatively, a 100µS device with a 50µS device.

Figure 5.2.1 compares the resulting conductance distributions for three mapping approaches,
each achieving a differential state of +50 µS. The distributions were obtained at 25 ∘C under
the Set programming method, immediately after programming. It can be observed that the
combination of +200 µS and −150µS produces the narrowest distribution. In contrast, the
combination of +150 µS and −100µS results in a considerably wider spread, while the combi-
nation of +100 µS and −50µS yields not only an even broader spread but also a pronounced
shift in the mean.

To systematically explore such alternatives, two differential mapping schemes were developed
in this work. The High-Conductance-Reference Mapping (HCRM) prioritizes assignments
that maximize the use of high conductance values for one device in the pair, whereas the Low-
Conductance-Reference Mapping (LCRM) favors low conductance values as the reference. If
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Figure 5.2.1: Conductance distributions of three mapping approaches used to obtain a differential
state of +50 µS.

high-conductance states exhibit greater stability, HCRM produces more stable differential
states; conversely, if low-conductance states are more stable, LCRM is advantageous. Con-
sequently, the choice of mapping scheme directly impacts the robustness of synaptic weight
representations against conductance drift.

Modeling and Simulation Approach

In this case study, the modeling approach that would later be formalized as the DStM was
introduced, although not yet under that name. The framework was developed to evaluate
the inference accuracy of analog in-memory DNN accelerators under realistic device behavior,
with particular emphasis on conductance drift after programming. The core principles of the
DStM: discrete representation of device conductance states, statistical parameterization from
measurements, and explicit time-dependence to capture post-programming drift, were already
established. In combination with the modelled system components, this approach enabled
a system-level representation that explicitly linked the programming algorithm, operating
temperature, targeted conductance states, and post-programming conductance evolution.
This capability provided a quantitative basis for assessing the impact of device-level behavior
on application-level performance and for guiding the design of more robust analog in-memory
DNN accelerators.

Device-level parameters were obtained from measurements of an IHP 250nm 1T1R RRAM ar-
ray programmed using the IGVVA algorithm under controlled environment conditions [A183].
For each programming variant, target state, temperature and time after programming the
conductance distributions were extracted, enabling the definition of probability density func-
tions for conductance values as a function of elapsed time after programming. These distri-
butions were then embedded into the system-level model, allowing the inference process to
be evaluated with realistic device behavior.

To integrate the device model into a system context, a set of flexible hardware component
models was implemented in C++. These included parametrized crossbar array models with
configurable size, data-to-conductance mapping, analog-to-digital and digital-to-analog con-
version. The design supported mapping arbitrary weight matrices to RRAM-based crossbar
structures, applying drift to the programmed conductances over time, and performing vector-
matrix multiplications using the drift-affected values. The same components could be reused



5.2. Analog In-Memory Computation of Neural Networks 83

for multiple neural network layers, enabling rapid evaluation of different architectures and
mapping strategies. In later work, these C++ models were encapsulated in SystemC wrap-
pers and incorporated into the MeSSi framework as building blocks for hybrid analog-digital
system simulation. Therefore, the simulation of the in-memory matrix-vector multiplication
matches the one of the MeSSi framework described in Section 4.3.
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Figure 5.2.2: Block diagram of the in-memory computing platform configuration used in this case
study. Adapted from [B6].

The specific simulator configuration used in this study is illustrated in Figure 5.2.2. The
upper part shows the Statistical RRAM parameters extracted from measurements, performed
for multiple programming algorithms (Set and Mixed variants of IGVVA), time points after
programming, and operating temperatures (25 ∘C and 85 ∘C). These datasets were generated
by an extraction script to fit statistical distributions describing the conductance states, which
were then passed to the simulator through a dedicated parameter interface. The lower part
of the figure depicts the System Simulation flow: neural network weights are quantized,
decomposed if necessary, and mapped to the crossbar array, while input data is preprocessed
and converted to voltage stimuli. The resulting conductances in the simulated RRAM array
produce output currents, which are digitized and recomposed for the subsequent layers.

The simulation flow was designed to perform complete neural network inference using the
drift-aware crossbar model. Quantized weights were mapped to conductance states according
to the target programming algorithm and state definition. The programmed conductance
distributions were then modified over simulated time to reflect drift, with the affected values
used in all subsequent MAC operations. This allowed the impact of drift on classification
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accuracy to be quantified directly at the application level, closing the loop between device
behavior, circuit modeling, and system performance.

This combination of device-derived statistical modeling and configurable system components
provided a flexible platform for exploring countermeasures to drift-induced accuracy loss.
Strategies such as adjusting target states, modifying mapping schemes, or adapting network
architectures could be tested rapidly, forming a foundation for later work on variability mod-
eling and design-space exploration within MeSSi.

Results

The drift-aware system simulation enabled a detailed evaluation of the impact of programming
algorithm, target state selection, and operating temperature on the inference accuracy of
analog in-memory DNN accelerators. In the used IHP 250nm RRAM devices, eight discrete
conductance states can be reliably programmed. Throughout this section, these states are
denoted as L1 (50µS), L2 (75µS), L3 (100µS), L4 (125µS), L5 (150µS), L6 (175µS), and L7
(200µS). The neural network under test was mapped to the simulated crossbar arrays using
various state configurations, and the accuracy was monitored over extended time intervals
after programming, reflecting realistic drift behavior derived from the measured devices.

Figure 5.2.3 shows the inference accuracy for four representative mapping strategies at 25 ∘C,
using the Set variant of the IGVVA algorithm and the measured conductance drift char-
acteristics. Each bar represents the accuracy at a given time after programming, from the
after-switching (AS) point to 168h, with the horizontal line indicating the reference accuracy
without drift. A clear trend emerges: mappings that rely on closely spaced low-conductance
states (e.g., L1-L4) exhibit rapid accuracy degradation due to their higher susceptibility to
drift, particularly within the first 24h. In contrast, mappings that maximize the conductance
spacing (e.g., L1, L3, L5, L7) show significantly improved robustness, maintaining accuracy
close to the reference over the entire observation period. This effect is consistent across
both LCRM and HCRM mappings, though HCRM generally performs better due to reduced
variation in the higher conductive states.

Using the most robust mapping strategy (L1, L3, L5, L7 with HCRM), the impact of both
programming algorithm variant and operating temperature was investigated, as shown in Fig-
ure 5.2.4. The results demonstrate that the Mixed variant of IGVVA, which uses controlled
Reset operations for certain levels, provides comparable or slightly better drift resilience com-
pared to the Set-only variant, particularly at elevated temperatures. Nevertheless, the influ-
ence of operating temperature is pronounced: at 85 ∘C, a gradual but measurable decrease in
accuracy is observed over time for both algorithms, whereas at 25 ∘C accuracy remains almost
constant. From a system design perspective, these results highlight the strong interdepen-
dence between device-level behavior and application-level performance in analog in-memory
computing.

Role of the Virtual Prototyping Platform

At the time of this case study, the MeSSi framework was not yet established in its final
form. Instead, a dedicated C++-based simulation environment was developed to support
hardware-software co-design of analog in-memory computing accelerators. This environment
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Figure 5.2.3: DNN inference accuracy for different mapping strategies. Adapted from [B6].

already contained several elements that would later become integral parts of MeSSi, includ-
ing the DStM modeling approach with an extensible device parameter interface, modular
hardware component models for matrix-vector multiplication, and a co-simulation interface
to algorithmic neural network models.

The simulator enabled bit-accurate inference co-simulation of RRAM-based crossbar arrays,
integrating measured device characteristics directly into the system model. Device param-
eters, including state distributions, drift behavior, and temperature dependence, were ex-
tracted from a fabricated IHP 4 kbit RRAM array programmed with the IGVVA algorithm,
and later reused in other case studies. For the first time, a variability-aware system-level
model was realized that linked programming algorithm, operating temperature, targeted
conductance states, and post-programming conductance evolution. This allowed systematic
exploration of environmental and algorithmic design corners, such as Set vs. Mixed program-
ming, 25 ∘C vs. 85 ∘C, and different post-programming retention times.

The platform also implemented variability-aware data mapping, enabling evaluation of strate-
gies such as LCRM and HCRM under realistic device behavior, including both time-invariant
variability and time-dependent drift. This functionality made it possible to quantify the ro-
bustness of weight encoding schemes and to quickly identify configurations that maximize
inference accuracy over the intended system lifetime and therefore enabled the development
of the optimized mapping scheme HCRM and the validation of its improved performance.
Interoperability with digital control and preprocessing components further allowed the analog
arrays to be placed in a realistic system context, capturing both computational accuracy and
broader system-level effects.
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Figure 5.2.4: DNN inference accuracy over time for the most robust mapping strategy under different
programming algorithm variants and operating temperatures. Adapted from [B6].

The methodological foundations developed in this case study, such as parametrized device
modeling, drift-aware system simulation, mapping strategy evaluation, and environmental
design corner analysis, formed a direct precursor to MeSSi. In MeSSi, these concepts were
formalized and generalized, incorporating the full DStM model, extended variability parame-
terization, and SystemC-based interoperability with other simulated subsystems. Table 5.2.1
summarizes the platform features relevant to this case study.
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Table 5.2.1: Relevant MeSSi features for this case study.

Feature Focus in this case study
💾 Multi-Level Storage Analog computation with up to eight dis-

crete conductance states.
🎯 Variability Variability-aware modeling of device-to-

device variations and time-dependent drift
across operating temperatures.

🔄 Devices & Operating Conditions IHP 250nm 4-kbit RRAM array. Design-
corner exploration of programming algo-
rithm, temperature, and post-programming
time.

🧩 Modularity Modular, parametrizable system component
models.

📈 Scalability Array-level simulation integrated into a full
analog in-memory DNN accelerator model.

🔌 Interoperability -
🗺️ Mapping Strategies Evaluation of LCRM and HCRM strategies

to identify the most robust configuration.
⚡ Extra-Functional Properties -
🔀 Co-Simulation HW-SW co-simulation of NN workloads and

RRAM-based crossbar arrays.
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5.3 Radiation-Resilient Memory Subsystem

Motivation and Problem Statement

Satellites operate in a harsh and highly dynamic radiation environment, where extreme ther-
mal variations and high-energy particles, especially during solar particle events (SPEs), can
cause transient and permanent faults in electronic systems. While fault-tolerant processing
platforms for space have seen significant advances, the memory subsystem has received com-
paratively little attention. Most existing designs rely on SRAM or DRAM [A197], which
are inherently more vulnerable to radiation and require static protection measures such as
error correction codes or redundancy applied continuously, leading to unnecessary power and
performance penalties during nominal conditions.

RRAM offers intrinsic advantages for space use: it is non-volatile, highly energy- and area-
efficient, and inherently more resilient to radiation due to ion-based data storage [A172].
However, multi-level RRAM devices exhibit variability in conductance states, and radiation-
induced shifts can lead to bit errors, especially when storing multiple bits per cell. Moreover,
most protection approaches for RRAM are static, keeping hardening active at all times rather
than adapting to the actual space environment.

The central challenge addressed in this case study, which was first published in [C2] and [B7],
is therefore the design, modeling, and evaluation of a radiation-aware, dynamically recon-
figurable RRAM-based memory subsystem for a satellite SoC platform. The system should
adapt its protection level based on real-time and predicted radiation conditions, balancing
fault tolerance, power efficiency, and performance. This requires linking device-level radia-
tion effects to system-level error rates and, ultimately, to the correct execution of application
workloads, something that existing models and evaluation frameworks have not enabled be-
fore.

TETRISC Architecture and RRAM Extension

The baseline for this case study is the TETRISC (TETra Core System based on RISC-V) plat-
form, a RISC-V-based quad-core SoC designed for adaptive reliability in harsh environments
such as space [A198]. It builds on the PULPissimo platform, an open-source microcontroller
SoC developed by the PULP project [A199], and integrates four RI5CY cores, a set of on-
chip monitor for single-event upsets (SEUs), aging, and temperature, as well as the HiRel
Controller for dynamic fault-tolerance management. SEUs are transient faults in digital
circuits caused by high-energy particles, which can lead to bit flips in memory cells or logic
registers. The HiRel Controller enables switching between high-performance, low-power, and
fault-tolerant modes at runtime based on real-time environmental conditions.

Figure 5.3.1 shows a block diagram of the platform, with the changes introduced in this
case study highlighted in green. Four CPU cores are used and can be switched between
three operation modes. In the power-saving mode, only a single core is active to execute
tasks. This consumes the least power but is also the most susceptible to radiation-induced
errors. In the high-performance mode, all cores are active simultaneously, allowing for faster
processing of multiple applications in parallel. However, this comes at the cost of higher
power consumption while maintaining the same susceptibility to radiation-induced errors as
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in normal operation. In the fault-tolerant mode, all four CPU cores execute the same task.
Their results are then compared, and a Quad-Modular Redundancy (QMR) voter determines
the correct output before it is written to memory. Switching between the operation modes
depends on predictions of solar events by the SEU monitor. This component detects bit errors
introduced in a small SRAM block and uses them to predict the space radiation environment
[A200]. A similar approach is evaluated for the memory banks in this case study.

The CPU cores are connected to four memory banks via a tightly coupled memory intercon-
nect. In the original design, each bank consists of 40 kB SRAM. For this work, they were
replaced with non-volatile RRAM-based memory banks to exploit their inherent radiation
tolerance, non-volatility, and potential for higher storage density. These banks can also be
switched between normal and fault-tolerant modes. This change required modifications to
the memory access infrastructure, including the addition of a programmable majority voter
to support redundant storage across multiple banks and majority voting during reads.

The right half of Figure 5.3.1 details the HiRel Controller, which coordinates adaptive fault-
tolerance measures for both CPU cores and memory banks. It contains programmable ma-
jority voters for each domain (CPU and memory), input and output multiplexing logic, and
control logic for synchronization, interrupt generation, and clock gating. In the extended
design, it also manages an RRAM Power Control unit, allowing unused memory banks to be
power-gated to reduce energy consumption without data loss. This enables dynamic reconfig-
uration of the memory subsystem, for example, powering on additional banks for redundancy
during predicted radiation events or powering them down during nominal conditions.
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Figure 5.3.1: TETRISC SoC architecture with the RRAM-based memory bank extension and HiRel
Controller structure. Adapted from [B7].

Research Questions and Approach

This case study set out to investigate how a radiation-resilient multi-level RRAM subsystem
could be integrated into the TETRISC satellite SoC platform, and how such a subsystem
could adapt dynamically to varying radiation conditions. Four overarching research questions
were defined:
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1. Memory subsystem architecture: How should the memory subsystem be structured
to allow switching between high-performance, low-power, and fault-tolerant operation
without compromising interface compatibility?

2. Protection strategy trade-offs: Which error-mitigation schemes (such as triple- or
quad-modular redundancy (TMR/QMR), extended bit-to-state mapping, or single-bit-
per-cell operation) provide the best balance between reliability, storage density, and
power consumption under different radiation scenarios?

3. Adaptive operation: How can real-time radiation monitoring and prediction be lever-
aged to adjust the protection level dynamically, enabling energy-efficient operation dur-
ing nominal conditions while maintaining robustness during high-radiation events?

4. System-level impact: How do radiation-induced device-level errors propagate
through the memory subsystem to affect application-level behavior, and what con-
figurations minimize the impact on realistic satellite workloads?

To address these questions, the simulation platform, already introduced in the previous case
study, was extended with:

• An abstract radiation model parametrized from nominal-condition measurements of
IHP RRAM devices and published radiation data.

• Power and energy simulation for multi-level RRAM banks, accounting for static dissi-
pation, read/write energy, and mode-specific bank usage.

• An application-level fault injection environment based on a modified QEMU RISC-V
emulator, enabling controlled study of fault effects on diverse benchmark applications.

This setup enabled a multi-level evaluation: from radiation environment, through device
physics and memory architecture, to full application execution. This formed the basis for the
design of the proposed adaptive, radiation-resilient TETRISC+RRAM architecture.

Simulation Setup and Co-Simulation Strategy

To address the research questions outlined above, the evaluation of the TETRISC architecture
with RRAM-based memory extensions was performed using a co-simulation environment that
combines detailed memory-domain fault modeling with application-domain reliability analy-
sis. The memory subsystem was realized as a dedicated configuration of the MeSSi virtual
prototyping platform, enabling accurate modeling of access latencies, energy consumption,
and fault behavior under radiation. This builds directly on the modular architecture of
the MeSSi framework and the DStM-based device model, ensuring that the radiation-aware
RRAM modeling used here can be reused or extended in other application contexts.

As illustrated in Fig. 5.3.2, the simulation is divided into two domains. In the mem-
ory domain, the RRAM-based subsystem is modelled within MeSSi using DStM devices
parametrized with a radiation-specific configuration. These configurations consist of error
probability distributions for different radiation intensities, derived from nominal-condition
measurements of IHP devices combined with published data for similar technologies under
radiation. The parameters are stored as DStM parameter configuration files and loaded at
simulation start, enabling seamless integration into the overall evaluation flow. From this
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Figure 5.3.2: Overview of the co-simulation approach, combining memory-domain fault modeling
with application-domain reliability analysis. Adapted from [B7].

simulation bit error rate (BER) profiles for each radiation condition can be exported during
operation of the RRAM-based memory banks.

In the application domain, the RISC-V CPU cores of the TETRISC platform and their
workloads are simulated using QEMU, which executes target application code on a functional
CPU model. The BER profiles from the memory-domain simulation are used to inject bit flips
and transient faults into memory transactions, directly affecting the running application. This
makes it possible to correlate device-level fault behavior with system-level reliability metrics
and to assess the effectiveness of different fault-tolerance strategies.

The specific simulation configuration for the RRAM subsystem of this study is shown in
Fig. 5.3.3. It consists of multiple in-memory RRAM banks, each with dedicated ADCs
for read-out and controlled by a parametrizable peripheral logic layer. This layer handles
operation sequencing and bus interfacing to the tightly coupled memory interconnect of the
TETRISC system. Radiation profiles for simulating single-event upsets and multi-bit errors
are injected as DStM configuration parameters. This modular setup allows rapid switching
between design corners, such as bits-per-cell configuration and radiation levels, and facilitates
HW/SW co-simulation where the timing and fault behavior of the memory directly influence
application execution in QEMU. The following section presents the results obtained from this
multi-domain simulation setup, structured to answer each of the research questions defined
earlier.

Results

The simulation results address the research questions defined for this case study, linking radi-
ation environment, device-level behavior, memory subsystem configuration, and application-
level reliability. Radiation intensities are expressed as R10, R20, R30, R40, and R50, rep-
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Figure 5.3.3: Detailed simulation flow of the radiated RRAM-based memory subsystem within the
MeSSi platform.

resenting progressively harsher space radiation conditions, from nominal low-radiation op-
eration (R10) to severe solar particle events (R50). In the DStM radiation model, these
conditions are emulated by shifting the mean conductance of each discrete RRAM state
towards higher values, with the shift magnitude increasing with radiation intensity. Higher-
conductance states are less affected, which is modelled as an exponentially decreasing shift for
the upper three states. The shift model was parametrized by fitting the exponential function

𝐺 = 𝑎 · 𝑏𝑛

to published radiation measurement data [A201–A203] and applying it to the unradiated IHP
device measurements. The resulting parameters are given in Table 5.3.1.

Device- and subsystem-level results. Six different memory subsystem configurations
were evaluated: the unprotected configuration, the TMR configuration, the QMR config-
uration, and their extended variants, each with 2bit of data stored per RRAM device, as
well as a configuration with only 1bit of data stored per RRAM device. In the unprotected
configuration, a single memory bank is used and data is stored without redundancy. In the
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Table 5.3.1: Parameters of the exponential radiation model 𝐺 = 𝑎 · 𝑏𝑛, where 𝑛 is the discrete
radiation intensity level index.

Conductance Level 𝑎 (µS) 𝑏

L1 43.20 1.022565
L2 92.47 1.010592
L3 141.70 1.002535
L4 202.30 1.000009

Radiation Intensity 𝑛

R10 1
R20 2
R30 3
R40 4
R50 5

TMR and QMR configurations, three or four RRAM memory banks are used, respectively,
to store the same data redundantly. A TMR or QMR majority voter then determines the
correct values before they are transferred to the processing cores. In the extended TMR and
QMR configurations, data is also stored redundantly across three or four banks. However, in
this case, the mapping between data bits and conductance states is varied for each bank.

Unprotected TMR QMR Extended TMR Extended QMR
0%

5%

10%

15%

20%

25%

30%

35%

Bi
t-E

rro
r-R

at
e

(B
ER

)

R10 R20 R30 R40 R50

Figure 5.3.4: Simulated Bit Error Rate (BER) for different protection schemes and radiation inten-
sity levels. Adapted from [B7].

Figure 5.3.4 summarizes the simulated BER values for different radiation levels. In the unpro-
tected configuration, BER remained negligible at low radiation levels (R10) but rose sharply
at moderate levels (≈27% at R30) and saturated at ≈37% for R50. Standard TMR and
QMR reduced BER to below 1% for radiation levels up to R20, but offered no improvement
at higher intensities due to correlated state misclassifications across banks. Extended TMR
and QMR, which remap bits to different RRAM state encodings in each bank, nearly elim-
inated BER up to R30 and reduced it by ≈33% to 50% for R40 and R50 compared to the
standard schemes, without introducing additional hardware overhead.

From a device configuration perspective, 1-bit-per-cell operation completely eliminated BER
for all simulated radiation levels, but doubled the dynamic power consumption. Pure 2-bit-
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per-cell operation provided higher density but reduced resilience. The optimal trade-off was
found in a hybrid configuration: using three banks in 2bit mode and one in 1bit mode,
combined with the extended TMR scheme, reduced the BER under high radiation to zero,
while limiting the average power overhead to 1.5× the unprotected baseline configuration.

When the memory subsystem is switched to normal operation mode, unused RRAM banks
can be fully power-gated, reducing their power draw to zero while still retaining all stored
data. When switched to fault-tolerant mode, the additional banks can be powered on, and
data can be stored in 1bit-per-device mode.

Application-level results. Application-level fault injection using the Embench benchmark
suite showed that BER improvements do not always yield proportional gains in correct-
ness. Compute-bound workloads with low memory activity (e.g., aha-mont64) maintained
high correctness rates even under elevated BER, whereas memory-intensive workloads (e.g.,
statemate, nettle-aes) suffered severe degradation, often dominated by crashes rather than
silent data corruption.

Failure mode analysis. At high BER, crashes were the dominant failure mode, easily
detectable but halting execution entirely. At moderate BER, incorrect results became more
frequent, posing a risk of undetected errors without explicit result validation. Timeouts were
rare but remain relevant for safety-critical scenarios.

Overall assessment. The findings indicate that a flexible memory subsystem, combining
extended TMR for general workloads with selective 1bit mode for critical code and data
during predicted high-radiation intervals, offers the best balance between performance, energy
efficiency, and resilience for space applications. Leveraging real-time radiation monitoring
(e.g., from the TETRISC SEU sensors) allows activating these high-protection modes only
during critical periods (∼2.5% of mission time), significantly reducing the long-term energy
cost of fault tolerance.

Role of the Virtual Prototyping Platform

For this case study, the Virtual Prototyping Platform was central to linking device-
level RRAM characteristics, radiation effects, and the full system-level behavior of the
TETRISC+RRAM architecture. The memory subsystem, implemented as a dedicated con-
figuration of the MeSSi platform, enabled hardware/software co-simulation of the SoC in
which statistical device variability and radiation sensitivity were described by distributions
extracted from IHP RRAM measurements and extended with radiation-induced shift models
derived from literature. This made it possible to capture not only intrinsic device variability,
but also the influence of environmental conditions such as radiation intensity, duration, and
occurrence probability.

By integrating these effects directly into the simulation flow, the platform supported explo-
ration of a wide design space under consistent conditions. Extra-Functional properties, such
as energy consumption, and error rates, could be evaluated alongside functional correctness,
enabling trade-off analysis across performance, energy efficiency, and reliability. Different
operation modes (high-performance, low-power, fault-tolerant) could be simulated without
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modifying the architecture model, and switching between design corners, such as alternative
programming algorithms, bits-per-cell configurations, or redundancy schemes, was straight-
forward. The framework also supported variability-aware data mapping, allowing bit-to-state
assignments to be optimized for state-specific radiation resilience, as in the extended TM-
R/QMR configurations evaluated here.

A transaction-level modeling interface connected the RRAM subsystem to the digital compo-
nents of the TETRISC SoC, enabling end-to-end evaluation of system behavior under fault
conditions. This allowed direct linking of bit error rates from the memory-domain simula-
tion to application-level fault injection experiments in a QEMU-based framework, correlating
physical effects at the device level with the success rates and failure modes of complete algo-
rithms.

The co-simulation workflow thus enabled true hardware-software co-design for a radiation-
resilient memristor-based system, combining device-level modeling, memory subsystem ar-
chitecture, and system-level execution within one unified platform. This marked the first
time that the key capabilities of MeSSi (parametrized device modeling, environmental fault
modeling, variability-aware mapping, and TLM-based subsystem integration) were present
together in a single use case. Table 5.2.1 summarizes the platform features relevant to this
case study.



96 5.3. Radiation-Resilient Memory Subsystem

Table 5.3.2: Relevant MeSSi features for this case study.

Feature Focus in this case study
💾 Multi-Level Storage Evaluation of 2-bit and 1-bit-per-cell con-

figurations, including adaptive switching be-
tween modes for radiation resilience.

🎯 Variability Modeling of state-specific sensitivity to
radiation-induced conductance shifts.

🔄 Devices & Operating Conditions IHP RRAM cells characterized under nom-
inal conditions. Radiation behavior extrap-
olated from similar devices across multiple
intensity levels.

🧩 Modularity Parametrizable architecture model with
interchangeable fault-mitigation strategies
(TMR, QMR, extended mapping, bit-per-
cell change).

📈 Scalability Simulation of multiple memristor-based
memory banks with 40 kB each.

🔌 Interoperability TLM-based interface between the SystemC
memory model and digital SoC simulation
for end-to-end fault analysis.

🗺️ Mapping Strategies State-permutation mappings for improved
majority-voting resilience.

⚡ Extra-Functional Properties Joint evaluation of BER, performance, and
power consumption under realistic radiation
event duty cycles.

🔀 Co-Simulation HW-SW co-simulation linking memory-
domain radiation modeling to QEMU-based
application-level fault injection.
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5.4 RISC-V CPU with Integrated RRAM

Motivation and Problem Statement

Designers of digital hardware are increasingly considering architectures that make use of mem-
ristive devices, for example in the form of RRAM-based flip-flops, register files, or caches.
A key challenge in this context arises before fabrication: system components must be vali-
dated against realistic device behavior to ensure correct operation and to assess the impact
of device-level variability on overall performance and reliability. Setting up such an evalu-
ation with real memristor devices is both expensive and time consuming, since it requires
a dedicated test infrastructure [A204]. In addition, exploring different operating conditions,
such as alternative programming algorithms, retention times after programming, or vary-
ing temperatures, further increases the effort [A170] and makes large design-space studies
impractical.

The MeSSi virtual prototyping framework provides a way forward by abstracting device-
level characteristics into stochastic models, enabling system-level simulation of memristive
subsystems. Yet, when these simulations are performed purely in software, they cannot be
directly connected to real digital hardware designs, which limits their usefulness for hardware
verification and pre-silicon validation.

The research question of this case study, first published in [B8], therefore is:

Can the MeSSi virtual prototyping framework, including its stochastic memristor models, be
transferred to FPGAs in order to accelerate system simulation and to act as a hardware-in-
the-loop (HIL) simulator?

By answering this question, the study explores whether an FPGA-based realization of MeSSi
can both (i) achieve higher than real time performance compared to device-level experiments,
and (ii) provide a practical bridge between virtual modeling and real hardware designs, en-
abling pre-silicon evaluation of digital systems that are intended to operate with memristive
memory elements.

FPGA-Based Realization of MeSSi

To address the research question, the modeling concepts of the MeSSi platform were trans-
ferred from a software-based SystemC environment to FPGA. The core idea was to preserve
the same device-level abstractions through confusion matrices, in particular the Discrete
Stochastic Memristor (DStM) model and the representation of discrete memory operations,
while at the same time exploiting the parallelism and digital interfaces of a real hardware
implementation.

The confusion matrix provides a compact way to describe the probabilistic behavior of mem-
ristive devices under read and write operations. Each entry in the matrix captures the
probability of transitioning from one conductance state to another, which results from a
combination of the underlying memristor device model (parameterized by measurement data)
and the behavior of the ADC. The flow for generating the transition table is visualized in
Figure 5.4.1. Raw data is characterized into statistical conductance distributions, mapped
according to the ADC configuration to derive confusion matrices, and finally transformed
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Figure 5.4.1: Modeling flow from device measurements to FPGA emulation.

into configuration-specific state transition tables for FPGA-based device emulation. In the
specific setup used for this case study, an ideal ADC was assumed with thresholds placed
midway between two neighboring conductance states. However, the approach is general: if a
different ADC characteristic is chosen, or if conductance distributions change due to alterna-
tive device measurements, programming algorithms, or operating conditions, the transition
table must be regenerated accordingly.

In the FPGA implementation, the confusion matrix is stored as a transition table that can be
accessed in constant time. Random sampling of transitions is realized using a linear-feedback
shift register (LFSR), which generates pseudo-random numbers to resolve the stochastic out-
comes of state changes. This approach allows the stochastic device dynamics to be reproduced
in hardware with minimal resource overhead. When incorporating the confusion matrix into
the design the bit width of the generated random value is taken into account to scale the
values of the transition table accordingly.

Two simulation blocks were developed: an RRAM-based flip-flop block for representing indi-
vidual storage elements and an RRAM-based memory block for modeling larger arrays. Both
blocks were integrated into the FPGA design as synthesizable modules, making them directly
accessible to other hardware components. In this way, digital circuits such as processors or
controllers can interact with the simulated memristor devices through standard interfaces, as
if they were connected to physical arrays.
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Table 5.4.1: Average properties of the implemented simulation blocks, based on multiple synthesis
runs and simulated number of devices.

Simulation Duration Resources per cell
IP 𝑓max Read Write FF LUT
RRAM FF 470MHz 2ns 2ns 2.1 4.9
RRAM Memory Block 200MHz 10ns 5ns 2.4 9.8

The basic principle of these blocks is illustrated in Fig. 5.4.2. The flip-flop block (Fig. 5.4.2a)
contains a memory element to store the target conductance state and a state transition unit,
which applies the probabilistic state changes defined by the transition tables. A pseudo-
random value generated by a LFSR determines the outcome of each read operation, ensuring
that the stochastic behavior (including time dependent effects) of the memristive device is
faithfully reproduced.

The memory block (Fig. 5.4.2b) extends this concept to an array of cells. Input and output
buffers provide the data interface, while a controller manages read and write operations and
status signaling. For each write access, the target conductance index of the addressed cell
is updated. For each read access, the correct entry in the transition table is selected and
sampled using random values generated by a LFSR. Since an LFSR produces pseudo-random
values with a fixed period, sharing the same sequence across multiple devices may result in
identical outcomes for cells that are in the same state. To reduce this correlation different
bit masks per device are used and additionally, multiple LFSRs can be employed within the
memory block, ensuring that devices with identical target states do not necessarily generate
the same output values. This structure allows larger memory subsystems, such as caches, to
be emulated with realistic device-level variability while remaining accessible through standard
memory control signals.
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Figure 5.4.2: Block diagrams of the implemented emulation blocks. Adapted from [B8].

The properties of the implemented simulation blocks synthesized for a Xilinx ARTIX-7 FPGA
are shown in Table 5.4.1. The supplied transition tables where generated from IHP 250nm
devices and four different target conductance states where used.
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This FPGA-based realization turns MeSSi into a hardware-in-the-loop simulator: the mem-
ristive behavior is not emulated by physical devices, but by a faithful, hardware-accelerated
model. This enables digital designs to be tested and validated under realistic memory condi-
tions before an actual tape-out with real memristors is performed.

Evaluation of a RISC-V CPU with RRAM-Based Components

The FPGA-based realization of MeSSi was evaluated in the context of a RISC-V processor
with memristive storage elements. Two subsystems were studied: an RRAM-based register
file and an RRAM-based cache memory.

An overview of the complete evaluation flow is shown in Figure 5.4.3. Application benchmarks
from the Embench benchmark suite were executed in a QEMU-based simulation of the RISC-
V architecture. During execution, representative register and cache access patterns were
recorded through tracing extensions. These traces were then applied to the FPGA-based
memristor emulation blocks, where each access was resolved according to transition tables
derived from device measurements and ADC mapping. For every access, the stochastic
outcome was determined in hardware, and error statistics were aggregated into bit error rates
(BER). In addition, the total simulation duration of all memory accesses per benchmark was
evaluated to quantify performance.
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Figure 5.4.3: Evaluation flow from QEMU-based execution traces to FPGA-based memristor emu-
lation and BER estimation.

Results

Reliability Evaluation

The BER was investigated for register files under different temperature conditions and bench-
mark workloads from the Embench suite. At 25 ∘C, the average BER across all registers was
below 1% for a 32-bit register, corresponding to fewer than one bit error per register on
average. Such errors can be corrected with lightweight error correction schemes, for exam-
ple simple Hamming codes. At elevated temperatures, error rates increased significantly.
At 125 ∘C, the maximum BER observed for the Nettle AES benchmark was about 20% in
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a single register. Under these conditions, more advanced codes such as Bose-Chaudhuri-
Hocquenghem-Codes (BCH) would be required to ensure reliable operation. The overall
comparison of the BER evaluated with the FPGA implementation and the SystemC-based
MeSSi implementation showed excellent agreement, with deviations below one percentage
point on average and never exceeding four percentage points.

Performance Evaluation

The FPGA simulation blocks were clocked at 150MHz and provided substantial acceleration
compared to both software simulation and real device access. Relative to real RRAM devices,
the FPGA-based approach achieved an average speedup of about 1200× for write accesses
and 7.5× for read accesses, thereby consistently outperforming the actual device latency
and enabling faster-than-real-time simulation. Compared to the SystemC implementation of
MeSSi, a speedup between 8× and 23× for writes and between 140× and 600× for reads
was observed, depending on the memristor array size and benchmark algorithm. These
results demonstrate that FPGA-based MeSSi not only reproduces the functional behavior
of memristive devices with high accuracy, but also enables efficient large-scale evaluation
campaigns that would otherwise be prohibitively slow.

Role of the Virtual Prototyping Platform
In this case study, the role of the MeSSi virtual prototyping platform is extended from a
purely software-based simulation framework to an FPGA-based hardware-in-the-loop simu-
lator. By transferring the discrete stochastic modeling concepts to FPGA hardware, MeSSi
provides the same variability-aware abstraction of memristor devices in a form that can in-
teract directly with digital system designs. This ensures methodological consistency between
software simulation and hardware-assisted prototyping.

The FPGA implementation allows MeSSi to serve as a surrogate for physical memristor
arrays. Instead of requiring costly and time-consuming device test setups, realistic device
behavior can be reproduced in hardware and connected to processor, accelerator designs,
or other digital components prior to fabrication. This enables pre-silicon validation under
realistic memory error conditions, bridging the gap between device-level characterization and
system-level architecture evaluation.

Furthermore, the FPGA-based realization enables simulation speeds beyond real time. This
makes it possible to rapidly explore the impact of operating conditions, device parameters,
and architectural choices, providing early feedback in the design process when design decisions
are most critical.

Overall, the virtual prototyping platform assumes the role of a unifying framework: it of-
fers flexible software-based exploration, while at the same time enabling efficient hardware-
assisted evaluation and hardware-in-the-loop validation. In this way, MeSSi significantly
broadens the range of design studies that can be conducted, from device modeling to full
system-level verification. Table 5.4.2 summarizes the platform features relevant to this case
study.
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Table 5.4.2: Relevant MeSSi features for this case study.

Feature Focus in this case study
💾 Multi-Level Storage Discrete multi-level memory operation rep-

resented by confusion matrices.
🎯 Variability Variability-aware model including ADC

quantization effects.
🔄 Devices & Operating Conditions IHP 250nm 4-kbit RRAM array. Evalua-

tion under varying temperatures and access
patterns.

🧩 Modularity FPGA-based emulation blocks for RRAM-
based flip-flops and memory arrays, directly
connectable to digital system designs.

📈 Scalability Hardware implementation achieving faster-
than-real-time operation, enabling large-
scale access-trace evaluation.

🔌 Interoperability Integration with digital hardware blocks im-
plemented on FPGA.

🗺️ Mapping Strategies -
⚡ Extra-Functional Properties Energy and latency estimation supported

through shared models with the SystemC
framework.

🔀 Co-Simulation Hardware-in-the-loop simulation with
FPGA-based memristor models interacting
with QEMU-based system execution.
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5.5 Parameter Study of a Memristive Analog Neuron Circuit

Motivation and Problem Statement

In the previous case studies, variability models were directly parameterized using measure-
ment data from IHP RRAM devices, which enabled accurate evaluation of device- and system-
level effects. In practice, however, detailed statistical characterization of a given memristor
technology may not always be available. This raises the question of how variability can be
estimated realistically without resorting to simplified assumptions such as Gaussian distri-
butions with a user-defined, fixed relative standard deviation across all conductance states,
such as applied in other system-level memristor frameworks (see Section 2.5 and Section 3.4).

To address this question, this case study investigates the application of the measurement-
driven modeling approach to an analog neuron circuit comprising memristive elements. The
circuit features discrete operating points that are defined by the high- and low-resistance
states of the memristors. This property renders it a suitable candidate for evaluating the
methodology beyond purely digital memory applications. To enable such an evaluation, the
DStM modeling approach developed within MeSSi was extended through the introduction
of the Variability Intensity Model (VIM). By relating variability directly to the nominal
conductance states rather than introducing it as a fixed global factor, VIM provides prelimi-
nary estimates of variability effects on circuit-level behavior while maintaining realistic state
dependence, even in the absence of comprehensive measurement data.

Methodology

The Hindmarsh-Rose neuron model provides a mathematical description of the spiking and
bursting behavior observed in biological neurons [A205]. Approximating this model by an
electrical circuit offers a means to build evaluation environments for neuromorphic concepts.
A realization with memristive devices is particularly attractive, as it reduces the number of
required active circuit elements and enables a comparatively simple implementation [A97].

Up to now, this circuit approximation has been analyzed under the assumption of idealized
component behavior. The research question addressed in this case study, which was first
published in [B11], is therefore whether the memristive approximation of the Hindmarsh-
Rose neuron model can be brought one step closer to practical implementation by evaluating
its operation at critical operating points under the influence of realistic memristor variability.

Simulation Approach The circuit was simulated using a wave-digital model [A206], which
ensures numerical stability and enables the efficient evaluation of nonlinear components. The
memristive devices follow established wave-digital RRAM models [A207], with the high-
resistance state simplified to a constant value in order to directly assess robustness against
variations in this parameter.

Variability Introduction To reflect the stochastic nature of real RRAM behavior, vari-
ability was introduced on top of the wave-digital device models. The main focus was on
the memristive parameters, in particular the conductance states, switching thresholds, and
switching speeds, which were altered independently at every simulation step to emulate both
time-dependent and time-invariant variations. In addition, absolute parameter offsets were
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applied to capture fabrication-related deviations. Additionally, tolerance analyses were also
performed for the passive circuit components in order to assess their relative influence on
the overall robustness of the neuron dynamics. To define realistic stochastic variations of the
memristor parameters, a dedicated model was required. This led to the development of the
Variability Intensity Model (VIM), described in the following.

Variability Intensity Model (VIM) Traditional system-level memristor models typically
represent device variability by assigning a fixed coefficient of variation (i.e., relative standard
deviation) to all conductance states (see discussion in Section 2.5). Each simulated state is
then modeled as a normal distribution with a mean equal to the target conductance and a
standard deviation given by this coefficient of variation multiplied by the mean.

However, experimental observations (see Section 3.4) indicate that this assumption does not
hold in practice: the variability of memristive devices depends strongly on the nominal con-
ductance, with lower conductance states exhibiting significantly larger fluctuations. The
DStM addresses this issue when sufficient measurement data is available by directly parame-
terizing statistical models from device characterization results. In cases where such detailed
data is unavailable, an alternative approach is required to estimate realistic variability be-
havior.

The Variability Intensity Model (VIM) was developed for this purpose by the author of the
thesis at hand. Instead of assuming a constant relative standard deviation, VIM establishes
an empirical correlation between the nominal conductance state and its standard deviation
for a given device type. This relationship, derived from analytical evaluation of measured
conductance values of IHP 250nm RRAM devices, enables extrapolation to unmeasured
conductance levels while preserving realistic state dependence. Consequently, VIM provides
a means to generate state-aware variability parameters for system-level simulations even in
the absence of comprehensive measurement data.

To implement this concept, VIM defines Gaussian distributions for each programmed con-
ductance state, where the standard deviation scales as a function of the nominal conductance
according to the extracted correlation. The scaling relation was derived from measurement
data obtained at different conductance levels and operating temperatures, and subsequently
extrapolated beyond the measured range. In this way, VIM captures the empirically ob-
served dependence of variability on conductance state, providing a more realistic alternative
to the use of fixed relative standard deviations. The generated variability parameter files are
processed by the DStM, which supplies time-varying conductance values to the wave-digital
simulation, ensuring that each memristor exhibits state-dependent stochastic behavior.

To facilitate practical use of the model, an abstract variability parameter 𝑉 𝑥 was introduced.
It represents the normalized standard deviation (i.e., the coefficient of variation) at a base-
line conductance of 10µS, thereby providing a compact descriptor for temperature-dependent
variability levels. Each variability level 𝑉 𝑥 defines a family of state-dependent standard devi-
ation curves, which scale according to the empirical correlation established by the VIM. This
formulation enables straightforward adjustment between realistic and worst-case operating
conditions. For example, 𝑉 80 corresponds to conditions that yield a relative variability of
80% at a conductance of 10µS.
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Figure 5.5.1: Coefficient of variation of RRAM conductance variability as a function of the target
conductance. Adapted from [B11].

Figure 5.5.1 illustrates both the experimental analysis and the resulting variability model.
The markers represent measured data points, showing the coefficient of variation (normalized
standard deviation) of conductance across different target states and temperatures. The
dashed curves indicate extrapolations of these measurements, while the solid lines correspond
to the variability levels (𝑉 10-𝑉 100) derived from the Variability Intensity Model. These
curves highlight the pronounced dependence of variability on conductance: lower conductance
states exhibit substantially larger fluctuations compared to higher states.

Overall Simulation Flow The complete simulation flow for evaluating the variability ro-
bustness of the memristive analog neuron circuit is summarized in Figure 5.5.2. In the first
step, state-dependent statistical distributions of the conductance variability are generated
using the VIM, parameterized by the selected variability level 𝑉 𝑥. These distributions are
converted into parameter files for the DStM model, which provides time-dependent conduc-
tance values for each memristor during runtime. The resulting parameter sets are supplied to
the wave-digital simulation of the Hindmarsh-Rose circuit, where they dynamically modulate
the memristive device models.

After the simulation, the circuit dynamics are analyzed in the time domain to evaluate
the neuronal behavior. The output signals are classified manually into three categories:
spiking behavior, bursting behavior, or non-functional operation (no oscillatory dynamics).
In addition to the variability tolerance simulations, deterministic tolerance analyses were
performed by symmetrically varying component parameters around their nominal values to
determine the parameter ranges that preserve the intended operating regime.
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Figure 5.5.2: Simulation flow for the variability tolerance evaluation of the memristive analog neuron
circuit.

Results

Two types of robustness analyses were performed: absolute parameter offsets and time-
varying variability during operation.

Absolute parameter offsets

In the static tolerance analysis, component values were shifted symmetrically around their
nominal points. The circuit was found to be largely insensitive to variations of the passive
components, whereas the memristive parameters dominated the overall robustness. Spiking
operation remained functional under conductance offsets of up to ±80% at low-conductance
states, while bursting operation tolerated only about ±40% on average. At higher conduc-
tance states, robustness decreased, and correct operation was limited to offsets within ±10%
to ±20%.

Variability during operation

When state-dependent conductance fluctuations generated by the VIM method were intro-
duced at every simulation step, the circuit continued to exhibit spiking and bursting dy-
namics within certain variability margins. Spiking was preserved under fluctuations of up to
approximately ±60% at low-conductance states, whereas bursting became unstable already
at around ±30%. At higher conductance levels, the admissible variability window narrowed
further, with functional operation restricted to ±10% to ±15%.

These results highlight that spiking dynamics are substantially more robust than bursting,
and that circuit tolerance strongly depends on the absolute conductance state. Moreover, they



5.5. Parameter Study of a Memristive Analog Neuron Circuit 107

demonstrate the importance of distinguishing between static parameter offsets and stochastic
variability during operation, as both affect circuit robustness in complementary ways. Im-
portantly, the observed higher tolerance at low conductance states and reduced tolerance at
high conductance states aligns with the behavior of IHP 250nm RRAM devices, in which
low-conductance states exhibit stronger variability while high-conductance states are more
stable.

Role of the Virtual Prototyping Platform

In contrast to the previous case studies, the complete MeSSi framework was not employed
in this evaluation. Instead, the DStM modeling approach established within MeSSi, played
a central role in developing the VIM for concrete RRAM devices. VIM leverages the DStM
concept of state-dependent parameterization to generate realistic variability predictions for
conductance states, thereby extending the scope of the modeling approach to scenarios where
only limited measurement data are available.

This case study demonstrates how the measurement-driven variability modeling approach
can be applied beyond memory and in-memory computing contexts to analog neuromorphic
circuits. By relating device variability to the programmed conductance state rather than
imposing a global statistical factor, VIM enabled a realistic representation of RRAM behavior
in the memristive Hindmarsh-Rose neuron circuit.

The results show that spiking and bursting dynamics of the circuit are strongly shaped by
memristive variability, with spiking proving more robust than bursting. Furthermore, the
analysis also sets the baseline for device- and circuit designers to find matching devices that
support the actual hardware implementation of the Hindmarsh-Rose model.

Overall, the study highlights that the proposed methodology can provide meaningful pre-
liminary estimates of system behavior in the presence of device variability, even for circuits
with complex nonlinear dynamics. This illustrates the generality of the modeling approach
and underlines its relevance for evaluating memristive systems at different abstraction levels.
Table 5.5.1 summarizes the platform features relevant to this case study.
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Table 5.5.1: Relevant MeSSi features for this case study.

Feature Focus in this case study
💾 Multi-Level Storage -
🎯 Variability Variability Intensity Model (VIM) for gen-

erating realistic, state-dependent variability
distributions based on IHP 250nm RRAM
data.

🔄 Devices & Operating Conditions Evaluation of analog circuit design at dis-
crete operating points.

🧩 Modularity -
📈 Scalability -
🔌 Interoperability -
🗺️ Mapping Strategies -
⚡ Extra-Functional Properties -
🔀 Co-Simulation -
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Chapter 6

Conclusion and Outlook

This thesis addressed the central challenge of realistically and efficiently evaluating memristor-
based computer architectures at the system level. While memristive technologies promise
dense non-volatile memories, radiation-resilient storage, and in-memory computing accelera-
tors, their adoption remains hindered by strong device variability, complex switching dynam-
ics, and limited modeling support beyond circuit-level simulation. Bridging the gap between
device-level behavior and architectural evaluation is therefore essential for technology-aware
design. This work contributes a methodology and framework that enable such integration,
emphasizing both accuracy and scalability.

6.1 Conclusion
The overarching aim of this thesis was to enable realistic and efficient system-level evaluation
of memristor-based architectures by bridging the gap between device-level characterization
and architectural exploration. Two main research goals were defined and pursued:

1. Goal 1: Develop and implement a computationally efficient, statistically accurate mem-
ristor model derived directly from empirical measurements, capturing device variability
under diverse environmental and programming conditions.

2. Goal 2: Create a flexible, modular evaluation framework, combining a SystemC-based
virtual prototyping platform with real-time FPGA IP blocks, that supports end-to-end
co-simulation of memristor-based systems, from device behavior to complete architec-
tures.

The following summarizes how these goals were addressed and what insights emerged from
the conducted research.

Key Contributions and Insights

The first major contribution is the development of a variability-aware memristor model
(DStM) that combines measurement-driven stochasticity with computational efficiency. By
explicitly modeling time-dependent and time-invariant variability, the model achieves accu-
racy improvements of up to 84% compared to state-of-the-art system-level approaches, while
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retaining a simulation speed two orders of magnitude faster. This directly addresses Goal 1
by demonstrating that realistic device variability can be incorporated into large-scale simu-
lations without prohibitive performance costs.

The second contribution is the design and implementation of the MeSSi virtual prototyp-
ing platform. Unlike monolithic simulators, MeSSi is structured as a modular, reusable
framework that encapsulates memristor arrays, peripheral circuits, and controllers within a
standardized SystemC interface. This design enabled flexible case studies across different ar-
chitectural levels, from device-level registers and caches to in-memory computing modules. In
doing so, it fulfills Goal 2 of this thesis by creating a flexible, modular evaluation framework
that links device modeling with complete digital architectures.

A third contribution lies in the evaluation of representative use cases. Through case studies
such as radiation-induced reliability degradation, RRAM-based cache and register file anal-
ysis, and memory subsystem energy-performance trade-offs, this thesis demonstrated that
variability-aware modeling fundamentally alters the conclusions drawn at the system level.
Protection strategies that appeared effective under idealized models were shown to fail when
realistic device distributions and correlations were considered, underscoring the necessity
of variability integration in design space exploration. Among these use cases, the thesis
presented a proof-of-concept for FPGA-based acceleration of memristor simulations. By of-
floading the stochastic state transition dynamics to hardware, simulation bottlenecks were
alleviated, and scalability for large workloads was demonstrated. This validates the efficiency
aspect of the proposed methodology and highlights its extensibility to larger system scales.

Taken together, these contributions illustrate how system-level evaluation of memristor-based
architectures can be made both realistic and efficient, providing new methodological founda-
tions for emerging device research.

Broader Contextualization

Beyond its immediate technical results, this work contributes to a broader scientific and
methodological context. In the field of neuromorphic and in-memory computing, where
non-volatile memories are envisioned as enablers of energy-efficient architectures, accurate
system-level assessment is a prerequisite for technology transfer. Conventional SPICE-level
simulations offer accuracy but lack scalability, whereas purely behavioral models capture
architectural trends but neglect physical limitations. The approach developed here estab-
lishes a middle ground: models grounded in measurement yet abstracted for architectural
exploration.

Methodologically, this thesis advances the idea of variability-aware virtual prototyping. While
demonstrated for memristors, the framework could be extended to other emerging device
classes characterized by strong stochasticity, such as spintronic or ferroelectric memories. In
this sense, the work points to an interdisciplinary methodology: integrating device physics,
statistical modeling, and system-level design within a single evaluation flow.

Limitations

The results presented here are subject to several limitations. The quality of the variability-
aware models depends on the availability and scope of measurement data. Rare failure modes,
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long-term degradation, and correlated effects are difficult to capture through measurements.
Certain continuous-time analog phenomena, such as pulse-shape dependence, sneak-path
currents, or thermal coupling, were abstracted in favor of scalability. Finally, the FPGA-
based acceleration was developed as a prototype and abstracted memory accesses broadly.
These limitations do not diminish the validity of the presented contributions but highlight
areas for refinement.

6.2 Outlook and Future Work
Building on these foundations, several directions for future research can be identified. In
terms of applications, the MeSSi platform opens opportunities beyond conventional mem-
ory studies or analog in-memory computing. Promising directions include the evaluation of
security primitives such as physically unclonable functions (PUFs), memristor-based logic,
or computing platforms with low duty cycles. Safety-critical use cases, for instance in hos-
pitals or military electronics, where information must persist even under sudden power loss,
constitute another relevant research area. Moreover, memristor-based content-addressable
memories represent a novel design space for efficient search and retrieval tasks.

With respect to the MeSSi platform itself, future work could include the incorporation
of additional memristor models with diverse physical properties, which would enable cross-
technology comparisons and strengthen the generality of the framework. Likewise, develop-
ing mixed-abstraction approaches that switch simulation granularity dynamically at runtime
would allow balancing accuracy and performance according to experimental needs. Coupling
MeSSi with hardware-in-the-loop setups or integrating it into widely used frameworks such
as gem5 or NVMain would further broaden its applicability, while FPGA-based acceleration
could be scaled towards full-system simulations to address performance bottlenecks.

Finally, in a broader context, variability-aware virtual prototyping can be generalized as a
methodological paradigm for emerging technologies in which stochastic effects play a decisive
role, extending the impact of this work beyond memristors.

Closing Statement

In conclusion, this thesis has developed and validated a methodology that bridges device-
level stochasticity and system-level evaluation of memristive architectures. By uniting
measurement-driven modeling, modular virtual prototyping, and hardware evaluation, it lays
the foundation for a technology-aware design flow that is both accurate and efficient. While
challenges remain, the trajectory set by this work points toward a future where variability
is not an obstacle to memristor adoption, but a design parameter to be quantified, under-
stood, and ultimately exploited. In this sense, the thesis has made concrete contributions to
the efficient evaluation of memristor-based computer architectures and to bridging the gap
between devices and systems.
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Appendix A

Statement on Writing Assistance

Given that English is not my first language, AI-based language tools, including grammar
and writing assistants as well as Large Language Models, were used to improve the clarity,
readability, and overall quality of the English formulation throughout the manuscript. All
content, ideas, analyses, and conclusions presented in this thesis are entirely my own (unless
explicitly stated otherwise). Specifically, the tools DeepL TranslatorA1, DeepL WriteA2,
and ChatGPTA3, in their respective online versions available between October 2024 and Oc-
tober 2025, were utilized.

A1 https://www.deepl.com/en/translator
A2 https://www.deepl.com/en/write
A3 https://chatgpt.com/
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