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Abstract

Printed electronics is a novel technology to fabricate electronic devices based
on additive manufacturing. Comparing to traditional photolithography-based
silicon technologies, printed electronics is not intended to surpass silicon-based
electronics in terms of computational power or integration density in very-
large-scale integrated circuit. Instead, it aims to complement silicon electron-
ics in edge scenarios, such as smart packaging in fast-moving consumer goods
or smart bandages in advanced medical applications. In these domains, the
requirement on computational intensity and complexity are typically moder-
ate, however, there is a critical demand on mechanical flexibility, non-toxicity,
bio-degradability, high customizability, and ultra-low fabrication cost. These
features can hardly be matched by silicon-based electronics due to the sub-
tractive manufacturing process. In contrast, printed electronics can provide
these unique features because of its additive manufacturing nature and abun-
dant functional materials, and thus, becomes a prominent facilitator of those
next-generation electronics.

In the realm of printed devices, printed analog neuromorphic circuits has
drawn increasing interest. These circuits not only inherit the benefits of printed
electronics but also leverage the advancement of neuromorphic computing.
Neuromorphic computing refers to brain-inspired computing paradigms, that
has been proven to have powerful and bespoke computational functionalities
through a series of elemental operations, namely weighted-sums and nonlinear
activations. Therefore, printed analog neuromorphic circuits only consist of
the interconnection of a series of streamlined circuit primitives, making their
design and optimization highly accessible. Additionally, the analog approach
allows processing signals directly in the analog domain, evading complicated
devices for analog-digital conversion and thus facilitating the compactness and
lightweight of the circuits. All these unique features enable printed analog



neuromorphic circuits with a broad and promising outlook.

However, existing studies on printed analog neuromorphic circuits stay pri-
marily in the conceptual stage. They have outlined the principle of printed
circuits to emulate neuromorphic computing, yet several practical factors have
not been included. This dissertation explores a series of practical issues for
printed analog neuromorphic circuits: (i) Regarding the modeling and train-
ing framework, this work summarizes two effective modeling approaches that
allow precise modeling of electronic systems, namely physics-informed mod-
eling and approximation-based modeling. For training, an existing machine
learning-based training approach is improved through heuristics to include
non-differentiable physical and technical constraints into the training process.
Moreover, an evolutionary training approach is proposed to enable the opti-
mization of the circuit architecture alongside its parameters. (ii) For improv-
ing the circuit reliability, the impact of device aging is examined and a tar-
geted aging-aware training strategy is proposed to improve the circuit robust-
ness against aging. Similarly, this thesis models and analyzes the collaborative
influence of three primary factors affecting circuit reliability. Furthermore,
circuit architecture search is employed to enable even higher circuit robust-
ness against variations. Lastly, the impact of catastrophic faults in the printed
neuromorphic circuit is also studied. (iii) In terms of practicality, by lever-
aging the advantage of additive manufacturing of printed electronics, a split
manufacturing method is proposed to significantly reduce the fabrication costs
of the printed neuromorphic circuits. Moreover, the power consumption of
the printed neuromorphic circuits is enhanced through the proposed power-
aware training, enabling the Pareto-optimal circuit performance within a pre-
scribed power budget. Besides, improvement in circuit compactness is sug-
gested through an area-aware training, which reduces the footprint of printed
neuromorphic circuits and thus expands their application in area-scarce scenar-
ios. (iv) Finally, the computing paradigm of existing printed neuromorphic
circuits is extended by introducing circuit components with time dependencies
such as printed capacitors. With these components, novel computing func-
tionalities such as recurrent or spiking neural network can be implemented by
printed electronics, adapting printed neuromorphic circuits to scenarios where



temporal data processing are envisioned.

In sum, this dissertation conducts a comprehensive investigation of printed
analog neuromorphic circuits. It significantly accelerates the transition of these
technologies from laboratory-based study to real-world deployments and there-
fore facilitates the electronification and intellecturalization within edge com-
puting scenarios in the context of the Internet of Things.






Zusammenfassung

Gedruckte Elektronik erweist sich als eine innovative Technologie zur Her-
stellung elektronischer Gerate, die auf den Prinzipien der additiven Fertigung
basiert. Im Gegensatz zu den traditionellen, auf Photolithographie basierenden
Siliziumtechnologien, zielt die gedruckte Elektronik nicht darauf ab, die siliz-
iumbasierte Elektronik in Bezug auf Rechenleistung oder Integrationsdichte in
sehr grof3en integrierten Schaltkreisen zu tibertreffen. Stattdessen ist es ihr Ziel,
die Siliziumelektronik in speziellen Anwendungsféllen zu ergénzen, wie etwa
bei Smartverpackung in schnelllebige Konsumgiter oder bei Smartverbénden
in fortschrittliche medizinische Anwendungen. In diesen Bereichen sind die
Anforderungen an die Rechenintensitat und Komplexitat typischerweise mod-
erat, jedoch besteht eine kritische Nachfrage nach mechanischer Flexibilitat,
Nicht-Toxizitat, biologischer Abbaubarkeit, hoher Anpassungsféhigkeit und
extrem niedrigen Herstellungskosten. Diese Merkmale kénnen von der siliz-
iumbasierten Elektronik aufgrund des subtraktiven Fertigungsprozesses kaum
erreicht werden. Im Gegensatz dazu wird die gedruckte Elektronik zu einem
herausragenden Forderer dieser ndchsten Generation von Elektronik, begiin-
stigt durch ihre additive Fertigungsnatur und die Verfugbarkeit zahlreicher funk-
tionaler Materialien.

Im Bereich der gedruckten Gerdte hat die gedruckte analoge neuromorphe
Schaltung zunehmend Interesse geweckt. Diese Schaltungen erben nicht nur
die Vorteile der gedruckten Elektronik, sondern nutzen auch den Fortschritt
des neuromorphen Computings. Neuromorphes Computing bezieht sich auf
ein vom Gebhirn inspiriertes Rechenparadigma, das durch eine Reihe von el-
ementaren Operationen, namlich gewichtete Summen und nichtlineare Ak-
tivierungen, leistungsfahige und maRgeschneiderte Rechenfunktionen bewiesen
hat. Daher bestehen gedruckte analoge neuromorphe Schaltungen nur aus der
Verbindung mehreren einfachen Schaltkreisprimitiven, was ihr Design und ihre
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Optimierung hochgradig zugénglich macht. Zusétzlich ermdéglicht der analoge
Ansatz die direkte Verarbeitung von Signalen im analogen Bereich, vermeidet
komplizierte Geréte fiir die Analog-Digital-Umwandlung und férdert somit die
Kompaktheit und Leichtigkeit der Schaltungen. All diese einzigartigen Merk-
male verleihen gedruckten analogen neuromorphen Schaltungen einen breiten
und vielversprechenden Ausblick.

Jedoch befinden sich bestehende Studien zu gedruckten analogen neuro-
morphen Schaltungen hauptsachlich in der konzeptionellen Phase. Diese Stu-
dien haben das Prinzip der gedruckten Schaltungen zur Nachahmung des neu-
romorphen Computings umrissen, doch wurden mehrere praktische Faktoren
nicht einbezogen. Diese Dissertation erforscht eine Reihe praktischer Prob-
leme fiir gedruckte analoge neuromorphe Schaltungen: (i) In Hinsicht auf
Modellierungs- und Trainingsrahmens fasst diese Arbeit zwei effektive Mod-
ellierungsansétze zusammen, die eine prazise Modellierung elektronischer Sys-
teme ermdglichen, ndmlich physikbasierte Modellierung und approximations-
basierte Modellierung. Fir Training wird ein bestehender, auf maschinellem
Lernen basierender Trainingsansatz durch Heuristiken verbessert, um nicht-
differenzierbare physische und technische Einschrankungen in den Trainings-
prozess einzubeziehen. Zudem wird ein evolutiondrer Ansatz vorgeschlagen,
der die Optimierung der Schaltungsarchitektur neben ihren Parametern erlaubt.
(ii) Zur Verbesserung der Zuverlassigkeit der Schaltung wird die Auswirkung
der Alterung von Bauteilen untersucht und eine gezielte altersbewusste Train-
ingsstrategie vorgeschlagen, um die Robustheit der Schaltung gegen Alterung
zu erhdhen. Auerdem modelliert und analysiert diese Dissertation den gemein-
samen Einfluss von drei Hauptfaktoren, die die Zuverlassigkeit der Schaltung
beeinflussen. Dariber hinaus wird eine Schaltungsarchitektursuche eingesetzt,
um eine noch héhere Schaltungsrobustheit gegentber Variationen anzubieten.
SchlieBlich wird auch die Auswirkung katastrophaler Fehler in der gedruck-
ten neuromorphen Schaltung untersucht. (iii) In Bezug auf die Praktika-
bilitat wird durch Nutzung des Vorteils der additiven Fertigung gedruckter
Elektronik eine geteilte Fertigungsmethode vorgeschlagen, um die Herstel-
lungskosten der gedruckten neuromorphen Schaltungen erheblich zu senken.
Zudem wird der Energieverbrauch der gedruckten neuromorphen Schaltun-
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gen durch das vorgeschlagene energiebewusste Training optimiert, was eine
Pareto-optimale Schaltungsleistung innerhalb eines vorgeschriebenen Energie-
Budgets ermdglicht. Darliber hinaus wird eine Verbesserung der Schaltungs-
kompaktheit durch ein flachenbewusstes Training vorgeschlagen, welches die
GroRe der gedruckten neuromorphen Schaltungen verringert und somit ihre
Anwendung in flichenknappen Szenarien erweitert. (iv) Zuletzt fokusiert diese
Arbeit auf das Rechenparadigma bestehender gedruckter neuromorpher Schal-
tungen. Durch die elektronische Komponenten mit Zeitabhdngigkeiten, wie
trainierbare Kondensatoren, kénnen gedruckte Elektronik neuartige Rechen-
funktionalitaten wie rekurrente neuronale Netzwerke und Spiking neuronale
Netzwerke implementieren, wodurch gedruckte analoge neuromorphe Schal-
tungen an Szenarien angepasst werden, in denen die Verarbeitung zeitliche
Daten vorgesehen ist.

Zusammenfassend flhrt diese Dissertation eine umfassende Untersuchung
gedruckter analoger neuromorpher Schaltungen durch. Sie beschleunigt erhe-
blich den Ubergang dieser Technologien von laborbasierten Studien zu realen
Anwendungen und erleichtert somit die Elektronifizierung und Intellektual-
isierung in Edge-Computing-Szenarien im Kontext des Internets der Dinge.
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1 Introduction

As the Internet of Things (loT) [11] continues evolving, the progression of
informatization and electroni cation becomes ubiquitous in daily life, includ-
ing the most edge scenarios. For instance, smart packaging [1] and smatrt la-
bels [3] enable life-long quality monitoring of fast-moving consumer goods
like meat [15] and dairy products [16]. In medical cares, smart bandages [12]
and smart clothes [13] provide unobtrusive and continuous health monitoring.
Additionally, smart household items, such as smart cups [2] and tableware [17],
fosters the adoption of regular and healthy lifestyle habits. Within these emerg-
ing edge products, there is only a moderate acceptance for the expense of ex-
tra electronics, necessitating an extremely low-cost device production. Since
these edge devices frequently serve as personal belongings, a highly exible
manufacturing process is required to support bespoke fabrication of personal-
ized electronics. Also, some of the devices need to be featured with softness,
stretchability, porosity, non-toxicity, and bio-compatibility for safety and com-
fort reasons. Moreover, given that some of them are envisioned to be dispos-
able, bio-degradability is expected for environmental sustainability.

In this regard, traditional lithography-based silicon integrated circuits [6]
face challenges in addressing these requirements. Either the high costs asso-
ciated with their manufacturing infrastructure, or the complexity of their sub-
tractive manufacturing processes, or the limitations imposed by their mate-
rial choices, render silicon-based technology less ideal for the production of
those emerging edge electronics. As an alternative, printed electronics (PE) [5]
emerges as one of the most promising enabler of those next-generation elec-
tronics. Characterized by the additive manufacturing approach, PE produces
circuits by depositing functional inks directly onto the substrates. Thus, PE
allows for signi cant low fabrication costs compared to silicon-based subtrac-
tive technologies. In addition, PE supports a wide range of functional material



choices, including those, that are exible [4], stretchable [10], porous [8], bio-
compatible [7] and bio-degradable [9]. All these unique advantages render
PE a pivotal role in the development of the next-generation electronic devices.
To equip printed devices with necessary computational functionalities, printed
analog neuromorphic circuits (pNCs) emerge as a focal area of interest [14]. By
connecting multiple simple-structured circuit primitives, i.e., resistor crossbars
and inverter-based nonlinear circuits, pNCs are adept at emulating the neuro-
morphic computing paradigms, particularly, multilayer perceptrons (MLPSs).
This streamlined yet effective circuit schema not only enables high compu-
tational capabilities but also facilitates the design and optimization processes
associated with these circuits.

Unfortunately, additive manufacturing also introduces several drawbacks
to PE. Firstly, the high printing variation may perturb printed components
from their designed values and thus reduce the circuit reliability. Moreover,
PE has large feature sizes (in scope of um) and therefore allows only low de-
vice counts. Although a signi cant number of transistors needed for analog-
digital-converters (ADCs) can be saved by processing signals directly in the
analog domain, it renders the pNCs more sensitive to printing variations. Sec-
ondly, many practical issues for pNCs have not been studied. For instance,
circuits should exhibit extremely low manufacturing costs (in smart packag-
ing), ultra-low power consumption (for disposable electronics), and a smaller
footprint in area-limited applications, such as smart bandages. Additionally, as
the components in existing pNCs possess no time-dependency, they are inca-
pable of storing historical input information and processing temporal signals,
which signi cantly narrows the application scope of the pNCs.

To address these issues, this work begins with modeling approaches, with
which we can establish the corresponding optimization models for the afore-
mentioned challenges. Based on these models, targeted training methods are
then developed to effectively mitigate those problems. Experiment results have
proven that this work ow can effectively address the problems and bring the
deployment of pNCs in target scenarios one step closer to reality.



1.1 Objective and Contribution

The objective of this dissertation is to implement a comprehensive advance-
ment to pNCs, spanning from the circuit design through to the practical issues.
The contributions of this work are categorized into the following aspects.

Modeling and Training of Printed Neuromorphic Circuits

To enable the training of circuit parameters, i.e., component values, within a
pNC for a speci c target task, it is essential to establish a model that describes
the behavior of the pNC. This work summarizgsgsics-informed modeling
approach and aapproximation-based modelingapproach. Both can accu-
rately describe the behavior of the circuit primitives. Moreover, due to several
technical limitations, constraints exist also in the modeling stage. For instance,
the printing process usually imposes a certain printable range on each compo-
nent, which must be considered into the modeling of the pNCs to ensure the
practical manufacturability of the circuits. Consequently, the proposed model-
ing methods are also capable to take the constraints into account.

Additionally, this work enhances an existingachine learning (ML)-based
training method by introducing heuristics to enable the training with tightly
guaranteed non-differentiable technological constraints. Moreover, this work
introduces a training strategy leverageglutionary algorithms (EAs). Com-
pared to the ML method, this approach allows training circuit parameters, cir-
cuit architecture, as well as other discrete decision variables simultaneously,
which substantially expands the search space and thus enhances the potential
capability of pNCs.

Reliability Design of Printed Neuromorphic Circuits

Compared to silicon-based electronics, additive manufacturing introduces a

more signi cant variability in printed devices, which can notably affect the

output of pNCs. Additionally, unlike silicon chips, printed components often

lack adequate encapsulation, rendering them more susceptible to aging effects.
In response to these challenges, this work introdagésg-aware training

to mitigate the impacts of device aging on circuit reliability. Afterwards, this



work investigates and addresses the collaborative effects of three primary fac-
tors (printing variation, aging effect, and sensing error) to encourage highly
dependable pNCs Moreover, this work proposes to utilize EA to enhance the
circuitarchitecture searchfor further improving the circuit robustness. Lastly,
this work studies the impact chtastrophic faults within circuit components,
revealing the importance of circuit testing for pNCs.

Practicality Design of Printed Neuromorphic Circuits

To augment the practical applicability of pNCs, this dissertation focuses on
three main aspects. Firstly, tlwest-effectivenes®f pNCs is enhanced. By
leveraging the unique capabilities of additive manufacturing, a novel split man-
ufacturing approach is proposed to combine the advantages of both high- and
low-volume printing technologies. Furthermore, this work introdugesveer-

aware training framework that facilitates Pareto-optimal trade-offs between
circuit performance and power consumption. This approach ensures the sus-
tainability and power ef ciency of pNCs in diverse applications. Lastly, con-
sidering area-limited applications, this work presenta@a-aware training
strategy. Utilizing an EA that allows topology optimization, a signi cant re-
duction in the footprint of pNCs can be achieved without performance loss.

Extension of Printed Neuromorphic Circuits

Existing pNCs predominantly follow the computing paradigm of MLP, which
lacks the capability to process temporal information. Because it does not pos-
sess component with time-dependencies. To address this limitation, a printable
hardware implementation ofcurrent neural networks (RNNSs) is proposed.
By integrating learnable printed lters to existing pNCs and restructuring the
circuit architecture, the circuit is capable to process temporal signals. Concur-
rently, a training framework is also proposed to enable the training of bespoke
printed recurrent neuromorphic circuits (pRNCs) for target tasks.

As one of the most popular computing paradigms in neuromorphic comput-
ing, spiking neural networks (SNNs) is one of the most closely to the behavior
of biological neurons. It stands out for their low power consumption and ro-



bustness against small perturbation. In this work, a printable spike-generator
is proposed and integrated into the existing pNCs to emydetged spik-

ing neuromorphic circuits (pSNCs). Analogous to pRNCs, we propose a
Transformer-based model to enable the training of the pSNCs for speci ¢ sce-
narios in a bespoke manner.

1.2 Structure

The dissertation is structured into ve main sections that provide a comprehen-
sive research around the pNCs. This structure is depicted in Figure 1.1. It aims
to facilitate an immediate grasp of the relationships among sections and their
collective contribution to the improvement of pNCs.

« Chapter 2 provides the background for this dissertation, including PE,
neuromorphic computing, and pNCs. In addition, this chapter intro-
duces the preliminary of mathematics, optimization, and ML algorithms
utilized in this work. These preliminaries serve to facilitate the bespoke
circuit designs that are proposed in following chapters.

Chapter 3 focuses on the modeling and training of pNCs that offers the
capability to consider the physical and technological constraints. Built
upon the modeling, this chapter introduces the corresponding circuit
optimization strategies, leveraging ML and EAs. These modeling and
training approaches are then utilized in the following chapters as funda-
mental methodologies to model the electronic problems and thus address
them.

» Chapter 4 addresses the reliability of the circuits by analyzing a series
of factors that could emerge during circuit manufacturing and operation.
It proposes viable solutions to these challenges, ensuring the reliability
and longevity of the circuits.

Chapter 5 discusses the practicality issues, considering more practical
factors in the real-world application. This includes the focus on ultra-
low manufacturing cost, energy-ef cient power consumption, and com-
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pact circuit footprints, paving the way to move from the laboratory en-
vironment to practical deployment.

» Chapter 6 ventures into the potential extensions of the existing pNCs.
By introducing electronic components with temporal dependencies, the
computing paradigms of the existing pNCs can be extended to RNNs and
SNNSs. These extensions signi cantly broadens the application domains
of the circuits.

» Chapter 7 concludes the work and outlines future directions of pNCs.

1.3 List of Publications

The following list gives a comprehensive overview of all scienti ¢ papers pub-
lished by the author that are relevant for this dissertation. Signi cant parts of
this dissertation (across all chapters) were partly copied from the relevant pa-
pers listed below and assembled into a coherent monograph structure.

Haibin Zhao, Brojogopal Sapui, Michael Hefenbrock, Zhidong Yang, Michael Beigl,
and Mehdi B Tahoori. “Highly-Bespoke Robust Printed Neuromorphic Circuits”. In:
2023 Design, Automation & Test in Europe Conference & Exhibition (DATHEE.
2023, pp. 1-6.

Haibin Zhao, Michael Hefenbrock, Michael Beigl, and Mehdi B Tahoori. “Aging-
Aware Training for Printed Neuromorphic Circuits”. IRroceedings of the 41st IEEE/ACM
International Conference on Computer-Aided Desig22, pp. 1-9.

Haibin Zhao, Michael Hefenbrock, Michael Beigl, and Mehdi B Tahoori. “Highly-
dependable printed neuromorphic circuits based on additive manufacturinglekible
and Printed Electronic8.2 (2023), p. 025018.

Priyanjana PaHaibin Zhao, Michael Hefenbrock, Michael Beigl, and Mehdi B Tahoori.
“Neural Architecture Search for Highly Robust Printed Neuromorphic Circuits”. In:
Proceedings of the 43rd IEEE/ACM International Conference on Computer-Aided De-
sign 2024, pp. 1-9.

Priyanjana Pal, Florentia Afentakiaibin Zhao, Gurol Saglam, Michael Hefenbrock,
Georgios Zervakis, Michael Beigl, and Mehdi B Tahoori. “Fault Sensitivity Analysis
of Printed Bespoke Multilayer Perceptron Classi ers”. 12024 |EEE European Test



Symposium (ETSIEEE. 2024, pp. 1-6.

Haibin Zhao, Priyanjana Pal, Michael Hefenbrock, Michael Beigl, and Mehdi B Tahoori.
“Power-Aware Training for Energy-Ef cient Printed Neuromorphic Circuits”. 2023
IEEE/ACM International Conference on Computer Aided Design (ICCMBE. 2023,

pp. 1-9.
Haibin Zhao, Michael Hefenbrock, Michael Beigl, and Mehdi B Tahoori. “Split Addi-

tive Manufacturing for Printed Neuromorphic Circuits”. 12023 Design, Automation &
Test in Europe Conference & Exhibition (DATHEEE. 2023, pp. 1-6.

Haibin Zhao, Alexander Scholz, Michael Beigl, Si Ni, Surya Abhishek Singaraju, and
Jasmin Aghassi-Hagmann. “Printed Electrodermal Activity Sensor with Optimized Fil-
ter for Stress Detection”. IrProceedings of the 2022 ACM International Symposium on
Wearable Computer2022, pp. 112-114.

Haibin Zhao, Priyanjana Pal, Michael Hefenbrock, Michael Beigl, and Mehdi B Tahoori.
“Towards Temporal Information Processing — Printed Neuromorphic Circuits with Learn-
able Filters”. In:Proceedings of the 18th ACM International Symposium on Nanoscale
Architectures 2023, pp. 1-6.

Priyanjana PalHaibin Zhao, Maha Shatta, Michael Hefenbrock, Sina B Mamaghani,
Sani Nassif, Michael Beigl, and Mehdi B Tahoori. “Analog Printed Spiking Neuromor-
phic Circuit”. In: 2024 Design, Automation & Test in Europe Conference & Exhibition
(DATE). IEEE. 2024, pp. 1-6.

1.4 Statement of Reproducibility

The methodologies and experimental results reported in this dissertation are
accessible and reproducible through the source code available in the associated
GitHub repositories It is imperative to emphasize that, the reproducibility

of the experimental results is conditional under the corresponding experiment
setups described in the papers listed above. As this dissertation involves mul-
tifaceted enhancements to pNCs, which are not fully orthogonal to each other,
the effectiveness of individual methodologies may yield diminishing returns
when these methods are applied in conjunction.

1The repositories are availablefetps://github.com/Neuromophic
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2 Background

To provide a comprehensive context for this dissertation, this chapter brie y
introduces the preliminary knowledge of printed electronics (PE) regarding
printing technologies and materials. Subsequently, the concept of neuromor-
phic computing, which refers to a computing paradigm inspired by biological
brains, is described. Finally, the primitives of printed analog neuromorphic
circuits (pNCs) are presented, along with an overview of the technology spec-
i cations of the pNCs employed in this work.

2.1 Printed Electronics

Printed electronics (PE) is an emerging technology that manufactures electron-
ics in an additive way [13]. Analogous to color printing, PE enables direct
deposition of functional inks onto substrates to fabricate electronic products,
as illustrated by the lower part in Figure 2.1. Evidently, this additive strat-
egy signi cantly simpli es the complicated manufacturing process and reduces
the demand for expensive infrastructures in traditional photolithography-based
subtractive processes, as shown in the upper part in Figure 2.1.

Figure 2.1: Comparison of photolithography-based subtractive process and ad-
ditive printed manufacturing. Sourced from [80].
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2.1.1 Printing Technologies

PE encompasses several processes, which can be broadly categorized into high-
and low-volume approaches (see Figure 2.2). High-volume manufacturing ap-
proaches, e.g., screen printing [68] and gravure printing [67], typically neces-
sitate supplementary masks, which may increase the fabrication complexity
and cost. Nevertheless, once the masks have been produced, they can facilitate
the ef cient mass replication of electronics. In contrast, low-volume methods,
such as inkjet printing [64] and aerosol jet printing [19], eliminate the require-
ment for masks. They print target electronics through precise control over the
trajectory of nozzle movement. Although these techniques do not match the
scalability of mask-based methods and exhibit slower production speed, they
provide signi cant technical exibility and support extremely low manufactur-

ing cost for bespoke electronic fabrication. Some technique speci cations of
typical printing technologies are summarizes in Table 2.1.

Figure 2.2: Exemplary printing technologies in PE for high and low through-
put: (a) inkjet printing, (b) aerosol printing, (c) screen printing, and
(d) gravure printing.

12



With the diversity of printing technologies, PE can be effectively deployed
across a wide range of applications. Speci cally, low-volume manufacturing
techniques can not only facilitate the rapid prototyping thus accelerate product
development, but also enable the personalization of electronic products, which
may even allow individuals to "print their own functional electronic devices
anywhere" [9]. On the other hand, high-volume production methods can sig-
ni cantly reduce the manufacturing time and cost per circuit, promoting the
electroni cation and intellectualization of commodities.

Table 2.1: Comparison of technology speci cations of typical printing tech-
nologies. Sourced from [32, 40, 49].

Parameter Inkjet Aerosol Screen Gravure
Resolution (um) 15 100 10 100 30 100 50 200
Speed (mmin) 002 5 003 12 06 100 8 100
Print Size Large Large Medium Large
Contact mode Contactless ~ Contactless Contact Contact
Mask requirement No No Yes Yes

2.1.2 Functional Inks

The existence of conductive, semiconducting or dielectric inks is the key en-
abler that printing technologies can be used for producing electronic products.
The ink materials can be broadly classi ed into two categories, namely or-
ganic and inorganic materials. Compared to inorganic inks, organic mate-
rials are distinguished by their versatile molecular structures, lower fabrica-
tion costs, and compatibility with exible polymer substrates [13]. These fea-
tures foster their wide applications as conductive materials, such as poly(3,4-
ethylenedioxythiophene):polystyrene sulfonate (PEDOT:PSS) [15, 66, 71].
However, the state-of-the-art (SOTA) carrier mobilities of organic materials
are 3 to 5 orders of magnitude lower than their inorganic counterparts, for
instance, 1&cmV 1s ! for organic inks [36, 78] versus ?6mV 1s ! for
inorganic inks [7]. This disadvantage forces organic semiconductors operating
at high voltages ( 25V), rendering them less suitable for eld effect transistors
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(FETSs) applied in low-energy scenarios in loT context. In contrast, inorganic
semiconductors composed by oxides are capable to provide substantially low
operating voltages ( 1V), which makes them well-suited for devices powered
by on low-capacity batteries [12, 42] or energy harvesters [41]. Therefore,
inorganic semiconductors become more favored in the target domain of PE.
Apart from carrier mobility, several additional outstanding properties of print-
ing materials are also critical factors in material selection. These include stretch-
ability [31], transparency [2], non-toxicity [50], bio-compatibility [30, 39], and
bio-degradability [37, 54], which can be effectively leveraged to accommodate
requirements in diverse target applications of PE.

2.1.3 Substrates

As the foundational and the largest component of electronic devices, the prop-
erties of substrates greatly impact the characteristics of the entire device. For-
tunately, PE offers the adaptability to be applied onto a diverse array of sub-
strates including glass [25], papers [28], plastics [33], textiles [6], and metallic
foils [56], among others. This versatility enables PE to possess unique features
such as porosity [28], stretchability [6], mechanical exibility [6, 28, 33, 56],
comfort [6], and transparency [33, 25]. Additionally, the SOTA innovations
extend PE to directly printing onto unconventional surfaces such as fruits [8]
or even human skins [63], which signi cantly broadening the utility of PE.

2.1.4 Discussion

The distinctive advantages facilitate PE for a wide range of emerging applica-
tions where traditional silicon-based solution may be either too expensive or
unable to meet speci ¢ requirements. Such applications include smart pack-
aging [1] and smart labels [10] that should be cheap and disposable, or soft
sensors [11, 44] and soft robotics [38] which requires mechanical exibility.
However, it must be emphasized that, despite its incomparable bene t, PE does
not cause con ict with traditional silicon chips. Because the aim of PE is not to
compete with chips in computationally intensive scenarios, but rather to com-
plement silicon chips in edge scenarios by leveraging their own properties.
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2.2 Neuromorphic Computing

The concept of neuromorphic computer has been envisioned since the era of
Alan Turing [72] and John von Neumann [74], referring to the hardware im-
plementation of neurally inspired computing paradigms [60]. Distinct from
the classic von Neumann architecture [29] with segregated central processing
unit (CPU) and memory unit, neuromorphic computing systems possess collo-
cated memory and processing, hamely processing in memory (PIM) [4]. This
collocation not only addresses the bottleneck of limited bandwidth between
the CPU and memory [48], but also facilitates highly parallel processing and
energy-ef ciency [60] of the computing system. Consequently, these systems
have shown superior performance over von Neumann architectures in various
domains, including neuroscience [59] and machine learning (ML) [52].

2.2.1 Computing Models

There are several neuromorphic computing models. According to their bio-
logical plausibility, they can be (decreasingly) ranked as the Hodgkin Huxley
model [23], Fitzhugh Nagumo model [17], membrane dynamics model [3],
integrate-and- re (I&F) model [18], and the McCulloch Pitts model [46]. The
last two models are also widely employed in the research of ML, speci cally,
the 1&F model forms the foundation of SNNs, whereas the McCulloch Pitts
model serves as the basic of feed-forward MLPs in arti cial neural networks
(ANNS) [55].

Among the aforementioned models of neuromorphic computing, the compu-
tational scheme of feed-forward MLP has been most explored [60]. This is due
to the inherent commonalities between neuromorphic computing and ANNSs,
coupled with the streamlined operations and exceptional computing ef ciency
of ANNSs, especially MLPs [55]. Concurrently, neuromorphic devices become
also ideal platforms for executing ANNS, effectively acting as hardware ANN
accelerators [27]. Therefore, the neuromorphic systems that emulate MLPs
are also referred to dsardware MLPY51]. The following part describes the
preliminary of MLPs and their adaption to neuromorphic hardware.
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2.2.2 Multilayer Perceptrons

Figure 2.3: An example of the forward pass in a 4-3-2 multilayer perceptron,
receiving four input data;; ;X4 and producing two output data
y1 andy,. The circles refer to the neuron that performs weighted-
sum operations followed by nonlinear activations, whereas the

edges indicate the Welghlvq(') to their corresponding inputs. The
blue color highlights the forward pass of one single neuron.

A modern MLP typically comprises an input layer, multiple hidden layers,
and an output layer. Each hidden and output layer contains multiple neurons.
These neurons process data from the preceding layer by applying a weighted-
sum operation and nonlinear activation. Afterwards, the data will be forwarded
to the subsequent layer as input data. Speci cally, the behavior dftthiayer
can be described by

20 = a0 D w4 pO- (2.1)

al) = £(zMy; (2.2)
whereal! D —[a(I b, ay, 11)] 2 R N1 symmarizes output from the pre-
ceding layer contalnlngh 1 neuronsW(®) 2 RN 1 N refers to the learnable
weight matrix that mapa( 2 into N, values in thd-th layer, ancb() 2 R1 N
indicates the learnable bias term added to each neuron ihtthdéayer, -
nally, Z0 2 Rl N describes the result after weighted-sum operation. Sub-
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sequently,Z!) is activated by a nonlinear functiof{ ), e.g., recti ed linear
unit (ReLU), sigmoid, or hyperbolic tangent (tanh) function [62], and yields
al) 2 Rl N Figure 2.3 exempli es a 3-layer MLP.

To simplify Equation (2.1), the learnable paramelh‘i% can be fused into
the weight matriW() by

2
i wo

h
A=al D whiph= 5010 1 4 5. (2.3)
| —{z b®
R O 2
=W

In this way, the learnable parameters in a layer can be simpli ed in one matrix
W 2 RN 1+ N while padding the input vecta( D by a 1. Here, the
overscript(~) denotes the extended variables for this simpli cation. Moreover,

to facilitate batch data processing, i.e., processing several data simultaneously,

multiple input datafagI D can be assembled into a matrix, i.e.,

Al 1):§

Here, B denotes the batch size of the data,ﬁihol) withb2f1; ;Bgrefers

to theb-th data within the batch. Correspondingly, the weighted-summed value
2 is also extended t&(") 2 RB N In sum, the mathematical behavior of an
MLP is given by

22 RB (N| 1+1):

s 1
aé)

VW)= £ f(FX WD) w®) W),

whereX indicates the input to the rst layer of the MLP, which can be ex-
plained aA© , wherea¥ is the nal output from the MLP, which is equivalent
to A(Y) with L being the total number of layers in the MLP. Note that, béth
andY are constant matrices provided by the target datasetf X; Yg, which

is usually measured from real world scenarios. Ratver, WV [ [ W)

is the summary of all optimization variables that in uence the network out-
putY.
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Training of MLPs. In the early stage of neuromorphic computing, such as

in McCulloch Pitts model, the parametéf\s are not learnable but predeter-
mined [46] or randomized [58]. Bene t from backpropagation [21], a gradient-
based approach, the network parameters are nowadays allowed to be trained ef-
ciently. Here, training an MLP refers to optimizing the learnable parameters
Wina way that the difference between network outﬁL(With given inputX)

and the target output valdéin the dataset is minimized.

For this purpose, an objective function, i.e., a loss function, is required to
guide the update of the parameters. In regression tasks, the loss function can be
simply formulated as the mean squared error (MSE) betWeamdY , namely,

1

\/ A 2.
5 R KXW YR

L(W)=

wherek kg is the Frobenius norm [24], denoting the square root of the sum of
the square of each element in the matrix.

However, in classi cation tasks, the loss function is not intuitive, because
the ultimate objective is to increase classi cation accuracy, which is a discrete
criterion (either correct or incorrect). This discrete function cannot provide
useful gradient information to guide the gradient-based training process. To
address this issue, a strictly convex function, i.e., the cross-entropy loss [43],
is widely employed to update the learnable parameters. The cross-entropy loss
is de ned as

L (W)= éYOH log¥x(W)+(1 YO log 1 Yx(W) ;

whereY©H 2 RB C s the one-hot encoding [61] of the targe® RE from the
dataset, and denotes a matrix having the same dimensiol @8 with all the
elements being 1. refers to the elementwise product. Notably, the number of
neurond\L inthe nal output layer of the MLP is identical to that of the number

of classes C. In this case, the index of the neuron with the highest output will
be regarded as the classi cation result. Therefore, the cross-entropy loss aims
to suppress the outputs relating to the wrong classes, while the correct output
will be encouraged to produce a higher value.

Subsequently, training an MLP can be expressed as minimizing the loss
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Figure 2.4: Example of the backpropagation in a multilayer perceptron, propa-

gating from the los& to several WeightsM(lll) andw(lzl)). The blue
color highlights one of the backpropagation chains.

functionL (W) through the change &, namely,
minimize L (W);
W

which is an iterative process. In each iteration, the learnable parameters are
updated through gradient descent, i.e.,

W W a RgL(W);

wherea 2 R* denotes the step size of the update, which is also referred to as
the learning rate, ariEiWL (W) denotes the derivative (gradient)lo(\f\l) with
respect toW. Notably, owing to the structured connectivity of MLPs, the gra-
dient of each parameter can be effectively obtained through backpropagation
leveraging the chain rule, i.e.,

dL  dA®  dz®  gal+d gz»O
dAD dz® gAt D gz G0

NW(I) L (W) =

With this approach, the complicated gradient calculation can be split into mul-
tiple simple subproblems, as shown in Figure 2.4.

Several frameworks, such as PyTorch [53] and TensorFlow [45], have al-
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ready been developed to automatically perform the backpropagation and cal-
culate the gradient of the learnable parameters. Moreover, these tool also of-
fer many variations of gradient descent techniques, such as RMSprop [69] or
Adam [34]. These techniques are proposed to adaptively modify the direc-
tion or step size of parameter updates, which may mitigate some challenges
of purely gradient descent method during training, e.g., trapped in local mini-
mum.

Adaption of MLPs to neuromorphic hardwareThree primary methodologies
exist for adapting MLPs on neuromorphic hardware. The rst approach refers
to hardware synthesithat transforms existing MLPs into low-level circuit de-
scription [5]. This approach is predominantly utilized to development special-
ized neuromorphic hardware for speci ¢ applications. The second technique
involves mappingtrained MLPs onto given neuromorphic architectures [14].
This type of tools generally has to consider the inherent limitations of the em-
ployed architecture and the target hardware. Therefore, the MLPs usually need
to be modi ed to adapt the limitations. Lastlgrogramming toolsan offer

the capability for more exible programming and thus allow users modifying
computing algorithms manually [70]. These tools are often paired with pro-
grammable or recon gurable hardware such as eld programmable gate arrays
(FPGAS).

Despite the availability of aforementioned tools for adapting MLPs to neu-
romorphic hardware, these strategies are mainly proposed for silicon-based
large-scale digital circuits and are less effective for PE. For instance, in PE,
activation functions such as printed tanh-like (ptanh) function [76] or printed
ReLU-like (pReLU) function [77] cannot accurately resemble the mathemat-
ical counterparts. Consequently, the design and adaption of MLPs in printed
neuromorphic hardware would have to be changed to accommodate printed
transistors and printed circuit components [13].

2.3 Printed Neuromorphic Circuits

Printed neuromorphic circuits (pNCs) combine the methodologies of PE and
neuromorphic computing to create systems that not only leverage the inher-
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ent bene ts of printed devices, such as ultra-low cost, adaptable and exible
manufacturing methods, and circuit softness, but also incorporate the powerful
computational capabilities of neuromorphic computing. These fused advan-
tages make pNCs emerging as a leading technology in the evolution of the
next-generation electronics.

2.3.1 Analog versus Digital Circuits

Despite the unique advantages of PE, there are still drawbacks due to the lim-
itations of its additive manufacturing process. For instance, the feature size of
printed devices is typically in the scope of micrometer to millimeter, which is
three to ve orders of magnitude larger than the nanoscale dimensions achiev-
able with photolithographic silicon electronics. Consequently, analog imple-
mentation is more favorable than Boolean digital design. Figure 2.5 illustrates
a 2-bit adder, which is one of the most simple component in digital circuits.
It already requires 7 gates, i.e., 36 transistors, not to mention higher precision
(more bits), the demand of analog-digital-converters (ADCs), and the require-
ment on other components in neuromorphic computing, such as multipliers and
activation functions. Table 2.2 compares the hardware cost for implementing
a printed neuron with three inputs and one output across different design ap-
proaches, namely, 4-bit, 8-bit digital design and analog design. It can be seen
that the analog method necessitates a signi cantly reduced device counts (two
to three orders of magnitude) compared to its digital counterpart.

Furthermore, the faults, including parametric and catastrophic faults, cannot
be ignored in the additive manufacturing process, where the latter may even
severely impact the performance of pNCs (see Chapter 4.4). To avoid the oc-
currence of catastrophic faults and enable ef cient circuit testing, pNCs are
also justi ed to have low device counts.

In sum, with the consideration of the additive fabrication method, the circuit
footprint, the fabrication cost, the power consumption, and the device faults,
pNCs are limited to have a low device counts. Consequently, analog approach
gains signi cantly superior. Therefore, this thesis focuses on studying printed
analogneuromorphic circuits and utilizes the teprinted neuromorphic cir-
cuits (pNCs})o speci cally refer to the analog ones.
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Figure 2.5: Schematic diagram of a printed (2-bit) digital adder: (a) gate-level
description of the adder, (b)-(e) transistor-level implementation of
the required gates in the adder, where the black part refers to the
gates, while the gray part denotes their lower level design.
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Table 2.2: Comparison of the hardware cost between analog and digital (4-bit
and 8-bit) approaches for a 3-input neuron. (ADC: analog-digital-
converter, ReLU: recti ed linear unit, #T: number of transistors).
Sourced from [76].

Approach  Components  Delay(ms) Area (mm?)  Power (UW) HT

ADC 13.8 25.4 328 185
Adder 13 7.9 289 59
4-bit Multiplier 13.6 15 550 103
RelLU 2.5 1.7 80 10
Neuron 69 48 1250 357
ADC 154 957 37180 5938
Adder 29 22 793 144
8-bit Multiplier 28 85 3100 583
RelLU 2.55 3.7 210 22
Neuron 522 1068 41250 6602
Analog Neuron 27 0.49 859 4

2.3.2 Circuit Primitives

Circuit primitives for pNCs were originally proposed in [22, 75, 76]. They
consist of resistor crossbars for implementing weighted-sum operations, ptanh
circuit for emulating activation function, and printed negation circuits to re-
semble the expression of negative weights.

Resistor crossbar. The green structure in Figure 2.6 shows the most funda-
mental architecture in pNCs, i.e., the resistor crossbar, resembling the weighted-
sum operations in MLPs. This structure has been widely adopted in various
applications, including PIM [4] and ReRAM-based ANN accelerators [27].
According to Kirchhoff's law [35], we obtain

o Vi Vi WV

a t—0 =

i R R R

By expressing the resistanBeas the corresponding conductamce 1=R and
xing V= 1V, this equation can be formulated to

=0

c

\V, = iv.+$- 2.4

z a_Gj G’ (2.4)
j
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Figure 2.6: Schematic of a pNC receiving sensory data in analog domain and
producing output to succeeding components. The right side is the
circuit design of a printed neuron with 3 inputs, the green part refers
to a resistor crossbar for weighted-sum operation, while the red part
represents the ptanh circuit as the activation function.

whereG refers to the summed conductance of the resistors in the crossbar, i.e.,
a; giC+ g§+ gg. In this case, Equation (2.4) shares the same form as Equa-
tion (2.1), i.e., the output voltagé, can be seen as the weighted-sum of the
input voltagesvj. Here, the weights and bias are represented by the ratio of
the conductances. In this way, by designing and printing proper conductance
values, the desired weights and biases can be implemented.

Printed tanh-like circuit. Following the resistor crossbar, the signals are passed
through an inverter-based ptanh circuit to resemble the activation functions
in MLPs. The circuit diagram is illustrated by the red part in Figure 2.6. The
characteristic curve of the circuit can be represented by a modi ed tanh func-
tion,

Vo= ptani{\Vy) = hf+ h5 tanh V, hL hj ; (2.5)

whereh” =[h{; h4; h4; h4] are auxiliary parameters describing the scaling
and translation of the tanh function. Hehe!} is ultimately determined by the
physical quantitieg® = [ R}; RS; WA; LY, WA, LA in the circuit, wheraV,

L2, W4\, andL% are the geometric features (width and length) of the transistor
T/ andTS. In previous work like [22, 75, 76, 794" was designed as a xed
value, namel;qA =[180 RN 80 KW, 100 um 80 pm 500 um 40 un, whereas
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Figure 2.7: Schematic of a pNC with several negation circuits. The right side
details the negation circuit proposed in [76].

the corresponding auxiliary parameter viefs = [ 0:134; 0:962 0:183 24:10).

In Chapter 3.1, a parametric model of the ptanh circuit is established to enable
the training ofg® as a learnable parameter. Consequegfiycan be optimized
alongside the weights and biases (i.e., conductances in resistor crossbars) for
speci c tasks.

Printed negation circuit. Since the conductance can only be positive values,
the resistor crossbars are only able to represent positive weights. However,
negative weights are critical in neuromorphic computing to express negative
relationships. To address this problem, the inverter-based negation circuit is
proposed in [76]. The left side of Figure 2.7 sketches a pNC with several
negation circuits prepended to some input of the printed neurons, expressing
negative weights, while the detailed schematic of the negation circuit is shown
on the right side. Similar to the ptanh circuit, the transfer characteristic of the
circuit can be described by a modi ed negative tanh function, namely

neqVin)=  hi'+h} tanh Vi, hY' h} (2.6)

where the auxiliary parameté™ = [h]Y; h}Y; h )Y, h )] is determined by the
physical quantitieg™ = [RY; RY; RY; R); RY; WN; LN]. Analogously,gN was

a xed design being[160W 80W: 25KW; 15KW; 80 KW, 500 um 40 puny with
hN = [ 0:104 0:899 0:056 3:858. They will be extended as a learnable
parameter through the parametric model described in Chapter 3.1.
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With negation circuit, whenever a negative weight is required, i.e.,
(I wi) Vin;
the respective input will be negated to emulate the negative weight through
W ( Vin) ] W nedVin):

Printed neuron. Combining Equation (2.4), Equation (2.5), and Equation (2.6),

the overall behavior of a printed neuron is given by
!
.
9
v0+ Eb ; 2.7)

o

Va= ptanh § =2

i G

whereV]-0 denotes the modi ed input (i.e., either the original or the negated
input) voltage, depending on the circuit structure, namely,

8
<nedV;); negation circuit exists,
Vo= | . (2.8)
© Vi, otherwise.

Moreover, analogous to Equation (2.3), Equation (2.7) can be formulated in
form of matrix multiplication with extension to simplify the bias term, i.e.,

Vo= ptanh VO W (2.9)

with V° collecting the modi ed input voltage‘s'lo, V20, with an additional
"1V" and a "0V" at the end. Meanwhile, the weight maMkis given by

W=dagg 1) * ¢g; (2.10)

whereg vectorizes the conductances in the crossbarg=[g5;05; ;95 o§]-

2.4 Employed Technology Speci cation

As technological advancements, particularly in hardware, continue to progress,
the performance of the pNCs is expected to evolve as well. Therefore, to en-
sure the reproducibility of this work, this section speci es and appreciates the
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Figure 2.8: Employed printed hardware in this dissertation. (a) printed PE-
DOT:PSS resistors in the crossbars, sourced from [81], and (b) N-
type electrolyte-gated transistor (EGT).

hardware and software technologies utilized in the completion of this thesis.

Hardware speci cation. In the resistor crossbar, the organic PEDOT:PSS con-
ductive material is utilized. It can typically produce resistance ranging from
100kWto 10 MW by adjusting the width, length, and the number of printed
layers (height), as shown in Figure 2.8 (a).

For transistors, the N-type electrolyte-gated transistor (EGT) is employed,
with signal routing facilitated by indium tin oxide (ITO). The semiconductor
indium oxide (IpO3) serves as the channel material, composite solid polymer
electrolyte (CSPE) is used for the gate insulator, and PEDOT:PSS forms the
top gate. The EGT structure is illustrated in Figure 2.8 (b).

Moreover, the entire printing procedure is conducted using the Dimatix DMP-
2850 inkjet printer. Other processing details can be found in [75, 76].

Software speci cation. For the SPICE simulation of the hardware, Cadénce
along with the printed Process Design Kit (pPDK) [57] were employed.

At the algorithmic level, the implementation was fully carried out using
Python The reading and processing of the raw data were facilitated by the
pandas[47] andnumpy[20] libraries. Theauto-sklearnlibrary [16] and op-
timization tools in thescipylibrary [73] were utilized to t the transfer char-

https://iwww.cadence.com/
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acteristics and power consumption models of the nonlinear circuits. For the
ML-based modeling and training of pN@yTorch[53] was the chosen frame-
work, whereas th& EAT library [65] was used as reference for the EA-based
optimization of pNCs.

For the creation of plotsnatplotlib[26] in Python was applied, while vector
graphs and owcharts were developed wihtoDesk AutoCARndMicrosoft
PowerPoint The organization and completion of the thesis were carried out
usingLaTeXandOverleaf.

2https://www.overleaf.com/
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3 Modeling and Training

Printed electronics (PE) enables highly exible and agile fabrication process
that can easily adapt any circuit component values through a simple modi ca-
tion of printing trajectory. Therefore, PE enables bespoke design of the pNCs
for target tasks. To leverage this advantage, it is imperative to optimize the
circuit parameters, e.g., the crossbar resistances corresponding to the weights
in MLPs, in a bespoke manner. For this purpose, a parametric circuit model is
required to be established. With the established circuit model, the pNCs can
be trained to ful Il the desired functionalities by adopting appropriate training
objectives. This chapter elucidates the modeling of the pNCs and handling the
parametric constraints introduced by physical and technological limitations.
Lastly, this chapter introduces the strategies for the training of these pNCs and
consider holistic constraints during training.

3.1 Modeling of Printed Neuromorphic Circuits

The modeling methods for pNCs encompass two primary strategigsics-
informed modelingand approximation-based modelingThe former is suit-

able for systems that are streamlined and have analytic expression, whereas the
latter is preferable for handling more complicated objects. For instance, the
resistor crossbar, as discussed in Chapter 2.3.2, can be analytically modeled
through Kirchhoff's law. Conversely, for circuits with complex nonlinearities
and structures, such as ptanh circuits and negation circuits, to ascertain their
transfer characteristic curve with respect to circuit parameters poses substantial
challenge. Consequently, it is more practical to employ data-driven approxi-
mation methods for the parametric modeling.
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3.1.1 Physics-Informed Modeling

Physics-informed modeling involves incorporating the physic laws directly
into the modeling process [3]. This integration can substantially reduce (some-
times even avoid) the demand for extensive dataset to develop accurate models.
Furthermore, by embedding such a priori knowledge into the model, the gen-
eralizability can be well guaranteed.

For instance, in Equation (2.4), the input-output relationship of the resistor
crossbar can already be accurately described by introducing the Kirchhoff's
law. Certainly, the model should still be further improved to enable the opti-
mization of the existence of the negative weights. In Equation (2.8), the expres-
sion of negative weight, i.eV;j or neqV;), depends on the presence or absence
of the negation circuit. However, this is a non-causal relationship. Because
the inclusion of a negation circuit should contingent upon the necessity for
negative weights. In other word, the presence of the negation circuit should be
determined by the requirement for negative weights (which should be the result
of the circuit training), rather than determining the sign of the weights through
the existence of the negation circuit. To address this problem, the concept of
surrogate conductanogas proposed [20]. A surrogate conductag@ncodes
the physical conductanagby its absolute valugyj, and denote the presence
of the negation circuit through sigq). With this approach, Equation (2.9) and
Equation (2.8) can be reformulated as

Va=ptanh V. W 11q o5 +negqV) W 1ligcgq - (3.1)

Here 15 4 is an elementwise indicator function that returns 1 if the respec-
tive condition is true, else 0. Consequently, the well-trained surrogate conduc-
tanceq] can be converted to the printed conductances thrguglqj, and the
presence of the negation circuits by the sign of each elemant in

Physics-informed modeling is also employed to model the printed recurrent
neuromorphic circuit (pRNC) to describe the temporal behavior of printed ca-
pacitors through

av

IZCE:
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Consequently, the sequential input-output behavior of the whole pRNCs can
be precisely modeled. More details can be found in Chapter 6.1.

3.1.2 Approximation-Based Modeling

Approximation-based modeling refers to capturing the system inputs with cor-
responding outputs through measurement or simulation. Subsequently, the re-
lationship between these inputs and outputs are modeled utilizing approxima-
tion methods. In this regard, ANN is recognized as one of the most promising
candidates as they have been proven to be universal approximators [7], and are
thus particularly suited for developing the black-box surrogate system models.
Moreover, ANN-based system models natively allow gradient-based training,
because the operations in ANN are fully differentiable. It is important to clar-
ify that the ANN employed in system modeling are not the ones intended to be
printed. Instead, these ANNs are the surrogate circuit parametric models that
are created to assist the algorithmic training of the circuit parameters.

Algorithm 1 demonstrates an overview of the work ow of the approximation-
based modeling employed in this work. With this process, the nonlinear cir-
cuits in the pNCs, e.g., ptanh circuit and negation circuit, can be precisely
modeled. Subsequently, their circuit parameters can be trained to yield opti-
mal transfer characteristic curves for the training objective like classi cation
accuracy.

Taking [23] as an example, we rst de ne a rough search sgader the pa-
rameters in the nonlinear circuit based on the e.g., printing technologies. Here,
the space of the physical quantities is formulate@as f qj 4 2 [Qrmin; Amax9-

In this initial search space, we sampled B0 000 points through Quasi Monte-

a pseudo-random sampling strategy, which guarantees the estimation error of
to converge with
(logB)“
B ;

whered is the dimension of the approximation problem, whereas the conver-
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Algorithm 1: Approximation-based modeling

Input: Number of sampleB
Init : Initial feasible search space of circuit parame@rs
while sampling not nishedio
SampleB pointsfq;; ; qgg from the feasible spad®
ConductB SPICE simulations with sampled circuit parametgys
Obtaining output§h1;  ; hgg
Check feasibility ofQ through simulation results
if Q is feasiblehen
| sampling nished
else
| updateQ
end

end
Train ANN to t hy from q,, namely, ANNq,) = hy;8b=1;2; ;B

gence of random Monte-Carlo (MC) follows

1
© B
In other word, for suf ciently large samplings B, the approximation precision
of QMC will always outperform that of the random MC. Meanwhile, com-
pared to grid-based sampling, QMC can provide more marginal information.
Afterwards, we use Cadence Virtudsor SPICE simulation based on a prior
developed pPDK [15] to simulate the input and output volta¥gs, Vout); for
each sampled circuit (parameterized @§y. The green points in Figure 3.1
(left) exemplify a simulation result with a certafp. Note that the number of
points plotted in the gure has been reduced for clarity of visualization.

Afterwards, we t the discrete simulation points by tanh-like curves pa-
rameterized by, speci cally, we t the simulated datéVi,;Vou)i by Equa-
tion (2.5) or Equation (2.6) (depending on the circuit) with minimal Euclidean
distance, e.g.,

h = arghmin neg, (Vin) Vout ,:

This optimization problem is solved by the optimization tools in $egyli-

https://Iwww.cadence.com
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Figure 3.1: Left: parameter tting froniVin;Vour) to hN. Green points show
the simulated output voltages with SPICE, and the red curve indi-
cates the tted negation function parameterizedhdy. Right: vi-
sualization of the results from the surrogate model. SHaais and
the y-axis refer to the true valuBN and predicted valué N(q).
Blue, green, and red colors denotes the data from training, valida-
tion, and test sets. Sourced from [23].

brary [19]. In this process, we also monitor the tting error
e= neg,(Vin) Vou o

If the tting error g exceeds a certain threshold, i.e., if the transfer character-
istic does not follow a tanh-like curve, we marked the correspongirasin-
feasible Consequently, we can update the search spate exclude the in-
feasible space that do not yield tanh-like transfer characteristics. It is worth
noting that, it is usually an iterative process to determine the feasible search
spaceQ. Taking the negation circuit as an example, the feasible search space
is nally de ned in Table 3.1. We also observe that, the resistaiandR}

must be larger thaﬁ?’z‘l and Ry, respectively. Otherwise, the voltage divider
cannot meet the assumption of a constant ratio due to the connections with
surrounding circuit elements.

Finally, we collected feasible physical design parametgrmsnd their cor-
responding auxiliary parametens. Since the relationship betwegnandh;
is complicated, we propose to approximate it by surrogate models based on
ANNSs. For this, we build the datasé& = fq;hg for training the ANN to
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Table 3.1: Feasible design space of negation circuit. Sourced from [23].
RGOR R R R wy
W) W (kW (kW (kW (pm)  (pm)

minimal 10 5 10 8 10 200 10
maximal 500 250 500 400 500 800 70
inequality R!> R} RY > R} - - -

describe the transformation frogqito h.

To train an effective surrogate model, several ML techniques should be con-
sidered.Feature engineeringefers to generate signi cant more features from
existing datasets [24]. For this, the ratios of voltage dividers,RBé.:R? and
RY=RY, and the ratio betweawN andLN can be seen as critical features of the
circuits. We can therefore extend the design parameters manually with these
three ratios, i.e.,

a7 [RYRY;RY; R R W Likg; kos ksl

whereks, ky, andks denote the aforementioned ratios. In addition, techniques
for automated ML [5] such as data normalization [13], data split [11], weight
decay [9], early-stopping [14], hyperparameter tuning [8], and neural architec-
ture search [4] can also be used to produce better performing surrogate models.
After employing the training techniques, a 13-layer ANN is obtained as the -
nal surrogate negation circuit model. The plot on the right side of Figure 3.1
visualizes the results of all three sets from a surrogate model. We can thus
conclude that, the surrogate model provides acceptable predictions from the
component valuegto the characteristic curvdsand there is no over tting on

the training data.

In conclusion, approximation-based modeling is more versatile than physics-
informed modeling methods, as it can be applied without any/fewer prior knowl-
edge about the system. In this thesis, we utilize this approach to model the
power consumption of pNCs (Chapter 5.2) and the printed spiking neuromor-
phic circuits (pSNCs) (Chapter 6.2). However, this approach requires ex-
pensive data collection (either through experimental measurements or simu-
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lations), and necessitates signi cant effort to train effective and generalizable
surrogate system models.

3.1.3 Constraints in Modeling

Although pNCs emulate the computational paradigm of MLPs, as hardware,
pNCs suffer more limitations than MLPs. These limitations must be consid-
ered as constraints in the design and optimization of pNCs. The constraints
are primarily categorized into two typegarametric constraingand holistic
constraints The former relates to restrictions imposed on single parameters,
usually due to physical, technological, and electrical limitations. The latter per-
tains to performance indicators of circuit design, such as power consumption
and circuit footprint. These holistic constraints cannot be split into parametric
constraints, posing more challenging to resolve them. Thus, holistic constrains
are generally considered during training instead of during circuit modeling.
Therefore, this section primarily introduces methods for parametric constrains
that convert the constrained parameters into unconstrained ones. The solutions
for holistic constraints are introduced in Chapter 3.2.3.

A typical parametric constraint can be observed in Table 3.1, &/4.js
limited to a certain interve{l\Nrwm;Wn’}‘ax]. Drawing inspiration from data nor-
malization [13], we can convert the constrained problem into an unconstrained
problem by introducing a function with a nite range of values, e.g., the sig-
moid function. Speci cally, we introduce an unconstrained optimization vari-
ablew 2 R and map it through

N _ yyN . . N N y.
W™ = Wi + sigmoidw) (Whax  Wiin):

In this way, the range ofVN is automatically limited in its feasible range.
Moreover, we can optimize without any constraints and use the intermediate
WN as the feasible width (a geometric feature of the transistors) for further
calculation.

A more complex example is an inequality constraint between two parame-
ters, such aR) > R} in Table 3.1. This type of constraint can also be simpli-
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Figure 3.2: Flowchart for processing the unconstrained learnable parameters
to satisfy circuit constraints. Subsequently, the constrained param-
eters are converted to match the surrogate nonlinear circuit model.

Sourced from [23].

ed as unconstrained problem by introducing a slave variab® R through
R'> RY 71 R) = k; RV with k= sigmoidw) < 1:

Figure 3.2 illustrates this process for converting a constrained optimization
problem of Table 3.1 into an unconstrained one.
Another typical constraint in pNC is the range of printable conductances,

which is de ned af 0g [ [Omin; Imax] (zero refers to not printing). Unlike the
aforementioned single interval-based constraints, the conductance is learned
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Figure 3.3: Mapping of an unconstrained surrogate conductance to the print-
able range. Sourced from [21].

through surrogate conductange which encodes the printed conductance by
its absolute value, i.eg = jqgj. Therefore, the constraint anis given by

d2[ 9max Iminl[f 09 [Gmin; Omax:

To respect this constraint, each learnable surrogate conduddageojected
to the printable range before performing the weighted-sum operation in Equa-
tion (2.10), i.e.,

8 . .
30 i9i < Gmin;

q 3 q. j9i 2 [Omin: Imaxd; (3.2)
" sign(g) Omax 9] > Omax

as shown in Figure 3.3. Obviously, there are intervals of the projection with
zero-gradient. Oncq falls into these intervals, it can no longer be updated
by gradient-based training methods. In response, we introduce a gradient re-
laxation method to still allow gradient-based training, details are described in
Chapter 3.2.1.
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3.2 Training of Printed Neuromorphic Circuits

Upon modeling the pNCs with consideration of their constraints, a training
process is initiated to optimize the learnable parameters in pNCs. Bene ting
from the ef ciency of backpropagation, gradient-based optimization emerges
as the primary strategy. Nonetheless, the presence of non-differentiable oper-
ations within circuit design and the circuit constraints, such as those seen in
Equation (3.2), can impede gradient-driven training. This thesis proposes a so-
lution by introducing the relaxed gradients as heuristics to facilitate gradient-
based training despite these hindrances. In addition, this thesis proposes an
evolutionary algorithm (EA). This algorithm skillfully encodes the pNCs and
designs their crossover and mutation processes, enabling the pNCs to evolve
over generations. The superiority of EA over the gradient methods is its ver-
satility: it does not necessitate the problems to be differentiable. Furthermore,
it can simply incorporate constraints by extinction of infeasible individuals.
Moreover, EA can even support the topological optimization of pNCs, offering
amore exible and comprehensive optimization solution within a larger search
space.

3.2.1 Machine Learning-Based Training

Gradient-based learning with backpropagation [6] forms the backbone of train-
ing modern ANNs. The essential idea of gradient-based training through back-
propagation has been introduced in Chapter 2.2.2. However, straightforward
gradient-based optimization is unable to handle problems that encompass op-
erations which are non-differentiable, e.g., hyperparameters related to neural
architecture. Additionally, some functions do not provide useful update infor-
mation through their gradient, e.g., piece-wise constant functions described in
Equation (3.2). To still allow gradient-based training, this thesis proposes to
introduce heuristics, i.e., relaxed gradients, as surrogate gradients to tackle this
issue, such as straight through estimator (STE) [2].

As exempli ed in Figure 3.4, the function produces 0 gradient in the inter-
valq2 [ ¥; Omaxdl [ 9min:Iminl[ [Omax; ¥]. Onceq falls into this interval,
g will be no longer updated. To mitigate this issue, we introduce a relaxed
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Figure 3.4: Straight-through gradient estimator for feagipl&he black curve
indicates the forward pass and the orange dash-dot line denotes the
backward pass for gradient estimation. Sourced from [21].

function, i.e., the orange function, as a heuristic to further enable trainigg of
Although the relaxed function does not produce gradient information that is
identical to the original function, it nonetheless offers useful and heuristic gra-
dient information that can guide the training process toward the correct direc-
tion.

This approach is extensively utilized throughout this thesis, because physical
systems frequently suffer from such limitations. Moreover, circuit design of-
ten contains discrete parameters, such as the count of devices, with Figure 3.5
depicting an example for the count a resistor. As shown in Equation (3.2), if a
conductance falls below gyin, the component will not be printed; otherwise,
the count of this resistor will be 1. This is represented by the black function
in Figure 3.5. Notably, the gradient of this function is almost 0 everywhere,
making it impossible for providing meaningful gradient information for the
training of parameters with respect to its count. In this case, the gradient relax-
ation method can also be employed to heuristically enable the training through
gradient-based approach.
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Figure 3.5: Forward and backward pass of the count of a printed resistor, fea-
tured by its conductancg. The black curve counts the number
of g by 1 wheng > gnin, otherwise 0. In backpropagation, the or-
ange function is employed to derive the gradient information for
the backpropagation. Sourced from [22].

3.2.2 Evolutionary Algorithm-Based Training

As a counterpart of gradient-based optimization process, evolutionary algo-
rithm (EA) are inspired by the natural selection and biological evolution [1].
By leveraging operations like crossover and mutation, the solutions are op-
timized incrementally during evolution. The distinct advantage of EA over
gradient-based methods lies in their versatility and adaptability, e.g., it does
not necessitate a problem to be differentiable. Thus, through strategic encod-
ing, EA allows larger search space, including parameter (weight) optimization
and topology (architecture) optimization. Although EAs are generally less ef-
cient than gradient-based methods, especially for large scale problems, this
drawback is mitigated by the fact that PE generally targets small-scale cir-
cuits in edge scenarios. Inspired HguroEvolution of Augmenting Topologies
(NEAT)[17], this thesis proposes an EA, capable of both training network pa-
rameters (conductances) and searching for optimal neural architecture (circuit
topologies).

The core parts of the proposed approach for training pNCs is shown in Fig-
ure 3.6, involvinggenesthat encode the circuit parameters ajahomeghat
compose of multiple structured genes to represent the structure of pNCs. They
are optimized through the crossover and mutation during their evolution.
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Figure 3.6: Overview of the EA-based training of pNCs: (a) genes that encode
nodes and edges, (b) crossover from the parent genomes to off-
springs, and (c) mutation of the topology and learnable parameters.
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Encoding. The algorithm involves two gene types, namelyde genesn-
dicating neurons anddge geneslenoting connections between neurons. As
shown in Figure 3.6(a-1), every node gene holds a unique, xed, and global
index for identi cation. Moreover, each node gene include®gand anRy as
learnable parameters (for weights and biases) followed by an activation circuit
as shown in Figure 2.6. Note that, here the gure illustrates a ptanh circuit as
the activation circuit, however, through speci c encoding, the multiple activa-
tion circuits can be optimized and selected during evolution. More details can
be found in Chapter 4.3. These learnable parameters will mutate from genera-
tion to generation. Meanwhile, there are edge genes identi ed by the indices of
the connected nodes, as shown in Figure 3.6(a-2), which are directional. Each
edge gene contains a learnable resistédedicating the crossbar resistance

for weights, and a learnable boolean parameter that indicates the state (en-
abled/disabled) for circuit connectivity (topology). Similarly, these learnable
parameters mutate during evolution.

Several node genes and their connections, i.e., edge genes, form a structured
network that represents a pNC. In this work, such a set of genes that represents
a pNC is referred to as genome Afterwards, a group of genomes can fur-
ther form apopulation We use  to denote the set of genes of all genomes
involved in a populatior.

Evolution. In a population, the genomes are segregated into mukjpeies
based on their similarities during the evolution. Each species undergoes orig-
ination, reproduction, and sometimes extinction. Here, in reproduction, well-
performed genomes will crossover to produce offsprings and their genes will
mutate. In this way, the tness of the genomes will be gradually optimized, un-
til a certain stop criterion is reached. The overview of this process is illustrated
in Algorithm 2.

Speciation. To protect novel genomes from immediate extinction without be-
ing evolved, the genomes within the populati®rare grouped into multiple
speciesS based on their similarity. This speciation allows each spextiesle-
velop without impact from other species. Here, the similarity is determined by
both common structures (exempli ed as the gray part in Figure 3.6(b) in parent
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1 and 2) and distinctive structures (exempli ed as the green and orange parts
in Figure 3.6(b) in parent 1 and 2). The distance of the former is quanti ed by
the absolute difference in their learnable parameters, whereas the distance of
the latter is measured by the absolute value of their parameters. For boolean
variables, the distance betwe€rueandFalseis set to 1.

Extinction and selection. After speciation, the set of tneds of each genome
is evaluated by the objective functigd( ). Meanwhile, the average tness
within a species is calculated to represent the tness of each spgeciesl is
summarized in the séig for all species. If the tnes$s of a certain species
does not show improvement ovKn generations, it will be extinct unless it
is one of the besK, species. Subsequently, the t§pgenomes with respect
to their tness in each species are chosen as pafyusfp;; ;pxg for
crossover.

Crossover. Crossover refers to producing offspringshat randomly inherits

the genes from its parental genomes. This is a crucial process in producing
evolved offspring while preserving well-performed structures. In this work,
each offspring is produced from the crossover between two parents randomly
selected from the parent candidaBsFor common architectures in both par-
ents (illustrated in Figure 3.6(b) as the gray part), the offspring inherits these
structures directly, and the parameters for these structures are chosen from one
of the parent based on a probability proportional to their tness ratio. As for
the distinct structures (depicted in Figure 3.6(b) as the green and orange parts),
they are directly passed on to the offspring.

Mutation. Mutation is another primary method for introducing new circuit ar-
chitectures and serves as the essential source for circuit parameter evolution.
As shown in Figure 3.6(c), in this work, mutation is a two-stage process con-
sisting of genome-level mutation (targeting on neural architecture) and gene-
level mutation (primarily for network parameters).

At the genome-leveimutation can either add or delete an edge between two
existing nodes. Analogously, nodes can be added or deleted at an existing edge.
Importantly, to prevent the extinction of newly mutated genomes, the structural
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Algorithm 2: Evolutionary algorithm-based training

Input:

Init

D: dataset,

N: population size,

O(): objective function,

selectiorf ): parents selection function,

adjust ): species population size calculator,
K: number of candidate parents for crossover,
K1: patience for species improvement,

K2: number of protected species,

K 3: patience for evolution

: populationP N genomes,

stop False

set of specie§ ?,

set of species population sikss  ?,
set of genome tnesk ?,

set of species tnesBg ?

while notstopdo

S

Ns
for

end

speciatioiP)

F:Fs O(S;D)

adjustFs)
sinS do
if Fs notimproved forK ; generationshen

if s notthe besK, specieghen
| sextinct

end

else

forninfl1;2; ;Nsgdo
p1;p2  selectiorfs; K)
On  Crossovelps; p2)
oy Mmutatior(op)

end

end
s f 01,02, ;0nG

end
if F notimproved forK 3 generationshen

stop True

end
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changes introduced by mutation should not substantially affect the genome t-

ness. Therefore, to maintain the unchanged circuit output (thus tness), when
adding an edge in between two nodes, as shown in Figure 3.6(c-1), the con-
ductance of the new edge should be initialized to zero and be optimized during
evolution.

Additionally, when adding a node to an edge, the existing edge will be dis-
abled (not deleted) and the new node is introduced with two connections to
replace said edge, as shown in Figure 3.6(c-3). To preserve the output, the con-
ductance on edgg; j) should be initialized by that of the edgie j), whereas

the output of the nodk should be the same as that of nadiee.,
!
_ gk i _ g5
g+ gk+ gk g+ gf+g

ptanh M = Vi

d
with the superscript denoting the gene index. For simplicity, we always initial-
izegp = 0 andgy = 1 for new nodes. Hence,

! !

i _
I Vi h& hd o=V

AL KA

Finally, the conductance on ed(jek) is initialized to

g(I,k) -

1 ™

with ]
Vi hd  hd
M= = tann® Y2 P, NS
hAvi h Vi

Note that, according to Equation (2.8}, is always real-valued. Furthermore,
the algorithm is only negligible affected everhif 1 orva“ 0, sinceg will
not approack¥ but is bounded by the range of printable conductances.

In contrast, thgene-levemutation is targeting to mutate circuit parameters
(i.e., crossbar resistances) and is realized by a perturbation of the old values.
This is implemented by adding a scaled sample from a standard normal distri-
bution to the current resistance value, as shown in Figure 3.6(c-5). Addition-
ally, the state parameter of the edge (i.e., enabled/disabled) is mutated through
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a variable drawn from the Bernoulli distribution, as shown in Figure 3.6(c-6).

Objective. The training objective, i.e., the tness function, for classi cation
accuracy is designed as a combination of the classi cation accuracy (ACC)
and the cross-entropy (CE) loss function, which is a smooth and convex surro-
gate function for classi cation accuracy [10]. Although EA enables to directly
employ accuracy (i.e., the actual classi cation metric) as the training target,
integrating cross-entropy can offer a smoother guidance during evolution and
provides ne-grained feedback on improvements. This becomes particularly
valuable when assessing minor perturbations in resistance values in gene mu-
tations. Consequently, the combined metric for classi cation accuracy is

Oo(Db; )= CE D; ACC D; : (3.3)

During the evolution, the algorithm will progressively increase the num-
ber of neurons and their connectivity. Over successive generational iterations,
genome tness improves progressively. Upon reaching the stop criterion (with
which the genomes are suf ciently optimized), the associated topological struc-
tures and parameters can be mapped to the respective hardware primitives and
fabricated.

3.2.3 Constraints during Training

As mentioned in Chapter 3.1.3, apart from parametric constraints, there are
some sophisticated constraints need to be considered during training, such as
the power consumption or the circuit footprint of the pNCs. These constraints
typically cannot be simpli ed into simple parametric forms but are instead rep-
resented as a comprehensive functional form, j.€q;q). Here,j () can
be either analytical expression or black-box models that acquired through e.g.
approximation-based modeling. In this work, we refer to this kind of con-
straints adholistic constraints In addition, holistic constraints may be either
equality, i.e.,j (g;q) = Corinequalityj (q;q) C constraint, whereC de-
notes the design requirement of circuit performanég; q).

Holistic constraints are easy to be tackled by EA-based training, because
it can simply remove the genomes that do not t the constraints. However,
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Algorithm 3: Augmented Lagrangian for equality constraint

Input: dataseD,
loss functionL ( ),
constraint( ),
learning ratea,
incremental step siz@m,
stop-criterion,
early-stopping criterion,
Init : | 0,
m O
while stop-criterion not satis edlo
while not early-stoppinglo
O(D;q;q) L(D;q;@)+ ! c(q;9)+ 3 c(q;q)
Backpropagation
9 q a NgO
q q a NgO
end

I I +mc(q;q)
m m+ Dm

end

in gradient-based training, the constraints are hard to be guaranteed, as the
training dynamic is only aware of the local gradient information. To this end,

a naive approach to handle holistic constraints would be adding the constraint
j () as a weighted regularizer (penalty term) to the training objective, e.g.,

O(M:;q;a)=(1 m L(D;q:q)+ mj (q;9); (3.4

wherem2 [0; 1] is a balance factor that weights the loss function and the con-
straint (e.qg., circuit power consumption). However, it is almost impossible to
select a suitablento meet the constraints with only few trials. Rather, it ne-
cessitates to tunefor numerous times to draw a Pareto-optimal [18] trade-off
for satisfying the constraint while preserving optimal classi cation accuracy.
Thus, this approach is mainly used to investigate the relationships between
multiple objectives like power consumption versus classi cation accuracy.

To match the constraints with fewer training trials, we propose to employ
theaugmented Lagrangiaalgorithm [12] to guarantee the holistic constraints
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during training. Different from the penalty method, augmented Lagrangian in-
troduces an additional term to emulate the Lagrange multiplier. Consequently,
it integrates the advantages of both the penalty method and the normal La-
grangian method. This integration not only guarantees the strict satisfaction of
constraints, but also possesses a robust and fast convergence. Speci cally, in
augmented Lagrangian, the objective function is formulated as

O(D;q;q)= L(D;q;Q)+ | c(q;q)+ g c?(a;0);

wherel is the Lagrangian multiplier of the constrait(iq;q) = j (q;q) C,
andmserves as the weight of the quadratic penalty term. Unlike Equation (3.4),
it is no longer necessary to tune the value of the penalty tarrRather, fol-
lowing Karush—Kuhn—-Tucker (KKT) condition, the optimal condition (while
satisfying the constraint) is given by

NO(D;q;q)= NL(D;q;q)+(! + m c(q;q)) Nc(q;q)= O
Subsequently, the Lagrangian multiplieshould be updated through

I I+mcq;q

to converge to the optimal value that satis es the KKT condition [12]. Algo-
rithm 3 describes an augmented Lagrangian for equality constraints based on
gradient optimization approach.

In practical applications, inequality constraints tend to be more of interest.
Because in circuit design, there is generally a prescribed upper bound of the
budget, e.g., maximal power consumption, rather than a xed value that must
be reached. Therefore, following the motivation of [12], we formulate an aux-
iliary objective function

8
n 0 <L(D;q;q); iffeasible,
O(D;q;q)= max L(D;q;q)+ 1 c(q;q) = )
o - ¥ otherwise.
(3.5)
In this way, the minimizer o©(D;q; q) is identical to that of. (D ; q; q) while

satisfying the inequality constraint. However, Equation (3.5) poses another
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challenge: When the constraint is not satis ed, ic¢q;q) > 0, the multiplier

| tends to¥, thus, the function cannot provide any gradient information to
update the parametegisandq. To mitigate this issue, we introduced a penalty
termonl to prevent from a very large value, namely,

o}

= (19 (36)

n
0o(D:q;q) = max L(D;a;9)+ | c(q;q) om

wherel 9denotes thé value from the last update. In this way, each update
tol is suppressed to the neighborhood of previous location, preventing from
in nity. Consequently, Equation (3.6) serves as a smoothed approximation of
Equation (3.5) and is utilized as the objective function. Fortunately, Equa-
tion (3.6) presents a quadratic optimization problem with respelct tohich

is has an analytical solution, namely,

8
| <0 | % mc(q;q) < 0;
" 1% mc(q;q); otherwise

Replacing thé value in Equation (3.6) by this analytical solution, we simplify
the objective function as

8
2 (19 | %% m c(a;a) <
O(D:q;q)= L(D:q;q)+ m

. 0 . . ;
“c(g;q |+ 5c(q,q) ;  otherwise

Algorithm 4 describes an augmented Lagrangian for inequality constraints based
on gradient optimization approach.

3.2.4 Discussion

Gradient-based approaches surpass EA in ef ciency, however, they require the
problem to be differentiable. Consequently, the efforts in gradient methods
largely lies in designing strategies to convert or approximate non-differentiable
problems into differentiable. Additionally, gradient methods have inadequate
capabilities for constrained optimization because the constraints are essen-
tially also non-differentiable (either satis ed or unsatis ed). Therefore, in
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Algorithm 4: Augmented Lagrangian for inequality constraint

Input: dataseD,
loss functionL ( ),
constraintc( ),
learning ratea,
incremental step sizem,
stop-criterion,
early-stopping criterion,
Init : | 0,
m O
while stop-criterion not satis edlo

while not early-stoppinglo g
< %}Iz; I +mc(q;q) <0
O(Djq;a) L(D;aq;9)+ . m
Coo(q;q) | +§c(q;q) ; otherwise
Backpropagation
g9 q aRgo
g q a NgO
end (
0; I +mc(q;q) < 0;
I + mc(q;q); otherwise
m m+ Dm

end

constrained problems, it is necessary to employ additional techniques to con-
vert the constrained optimization problem into an unconstrained one, such as
penalty terms or augmented Lagrangian methods.

On the other hand, EAs are favored for their capacity to explore larger op-
timization spaces and to handle constraints during evolution. However, they
possess higher algorithmic complexity compared to the gradient counterpart.
However, the design of EA methods must consider the encodings that render
the desired parameters to be learnable during evolution. Meanwhile, mecha-
nisms need to be employed to protect novel genomes from immediate extinc-
tion without being suf ciently evolved.

Although EAs are less ef cient than gradient-based training, it is still favored
in the design and optimization of pNCs, because
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1. The most time-consuming steps in EA are evaluating genomes and pro-
ducing offsprings, which are strongly related (almost proportional to)
the population siz&l. However, the evaluation and offspring production
in EA are highly suitable to parallelization, through which the training
can be accelerated.

2. Even though EA takes longer training time than gradient methods, the
duration remains acceptable in the broader context of the product de-
velopment cycle. This is not only because circuit optimization is only
part of the non-recurring engineering (NRE), but also due to the target
applications of PE that often require only small-scale circuits.

In summary, both gradient-based and EA-based training methodologies of-
fer unique advantages. Based on specic characteristics of different train-
ing objectives, this dissertation will employ appropriate methods to train the
pNCs. For instance, when we incorporate circuit aging into the training ob-
jective (Chapter 4.1), an additional temporal dimension is introduced, which
can signi cantly increase the training complexity. As a result, we choose the
gradient-based method for circuit training to guarantee the training ef ciency.
Meanwhile, as we focus on optimizing circuit compactness (Chapter 5.3), EA
method is employed because of its superior capability in searching circuit ar-
chitecture.
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4 Reliability Design

The additive manufacturing process of printed electronics (PE) offers signi -
cant advantages, including exceptional fabrication exibility, abundant choices
of functional inks, and extremely low production costs. However, this maskless
approach also presents drawbacks in comparison to subtractive manufacturing,
such as the reduced printing precision and large feature sizes [8, 22, 49]. The
former will directly in uence the geometric features of the printed devices,
whereas the latter hinders the packaging of the circuits, which leads to aging
problem of circuit components. Unfortunately, as pNCs employ analog com-
puting scheme, these circuits are more susceptible to those variations compared
to digital circuits. In this regard, the design of pNCs have to take circuit ro-
bustness into account. This work emphasizes the importance of algorithmic
level solutions through its ability to substantially enhance the reliability and
robustness of pNCs. Note that, this purely algorithmic level optimization is
independent of the improvements in printing techniques [25] or materials [44],
allowing for enhanced circuit reliability even if the in uences could not be
controlled or reduced from those standpoints.

4.1 Robustness against Device Aging

Due to environmental in uences, e.g., thermal stress in the eld, the thin- Im
printed devices exhibit run-time degradation through usageageg) [5, 17,

27]. Compared to inorganic materials, the properties of organic materials make
them susceptible to environmental in uences such as water, oxygen or photon
irradiation, resulting in poor stability and repeatability of organic electronic
devices under normal operating conditions [8]. Consequently, accounting for
the aging of organic materials is essential in the design of pNCs to enhance
circuit robustness. Given that resistors containing PEDOT:PSS are the primary
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Figure 4.1: The conductance values of six printed PEDOT:PSS resistors mea-
sured over 37 days. Sourced from [51].

organic elements in the pNCs discussed in this study, our attention is centered
on the aging of printed resistors.

4.1.1 Modeling of Resistor Aging

To study the aging of printed resistors, six printed PEDOT:PSS resistors were
fabricated, and their conductances were measured over 37 days. Five of them
have different initial conductances, while two of them have the same initial
conductance. Their conductance values over time are displayed in Figure 4.1.

We rst process the measurement data by normalizing the time to an inter-
val of [0; 1]. Furthermore, we divided the measured conductance values by the
initial valuegp = g(0) to assess the relative conductance degradation, see Fig-
ure 4.2. Similar to the aging behaviors of ITO resistors described in [18], all
resistors display the aging behavior in the two regions: First, a relatively fast
degradation followed by a more gradual phase. Hence, we model a multiplica-
tive change of the initial conductance, i.e.,

9() = 9o Aw(l); (4.1)

and refer to the functioh y (t) as the aging curve parameterized by the vec-
tor w. Several functional forms can descriBgy(t) such as a double linear
model suggested in [43] or an exponential behavior which we employ in this

64



Figure 4.2: Curves from the aging model with sampled py(w). The dots
denote conductance measurements of printed resistors normalized
by their initial conductancgp. Sourced from [51].

work. We thus choose the following functional form

Aw(t)= wy e ™2t wi+ 1

with the tting coef cients w = [wy;w>]” . Note thatA(0) = 1, such that
g(0)= goatt= 0.

Variational aging model. Since different resistorgven with the same ini-

tial conductance displaydifferent aging behaviors over time, a variational
model of the aging behaviors is required. For this purpose, we model the distri-
butions of the tting coef cientspy, (W). To ensure a plausible functional form
(i.e., monotonically decreasing) with respect to the observed behayiand

wy need to be positive. This can be achieved by modeling their distribution
(either jointly or independently) using log-normal distributions. In Figure 4.2,
we visualized some generated aging curves by drawing samplepy (W).

Note that also other distributions for positive random variables (e.g., gamma
distribution) could be used, depending on the quality of the t.

In the context of pNCs, the resistor crossbar is signi cantly impacted by
the aging of the printed resistors. Consequently, we further investigate the
in uence of resistor aging on the outcomes of crossbar. As described in Equa-
tion (2.4), the weightsv embodied by resistor crossbars are determined by the
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Figure 4.3: Exemplary aging trajectories of the weights with aging conduc-
tances. Sourced from [52].

ratios of the conductances Thus, non-proportional changes in conductance
result in deviations of the weights from their initial values. Figure 4.3 depicts
multiple trajectories of weight changes due to aging in a two-dimensional sce-
nario. Since the aging behavior is stochastic, the aging trajectory of the weights
are also stochastic. To consider the aging effects of weights into the design
process of pNCs and thus achieve robust circuits, we subsequently proposed
an aging-aware training approach.

4.1.2 Aging-Aware Training

As introduced in Chapter 2.2.2, the training objective of pNCs without con-
sidering aging is generally de ned as the cross-entropy loss to improve the
classi cation accuracy, denoted by

minimize L (D;q;Q):
a.q

We refer to the trainings of pNCs with this objective as tloeninal training
However, as mentioned before, this formulation only optimizes for the (surro-
gate) conductance values immediately after fabrication, qg., To account

for the changes of the (surrogate) conductances over time, the whole trajectory
of q(t) over the lifetime has to be considered. To achieve this, we integrate the
stochastic aging behaviors into the loss function over the lifetime, leading to
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the aging-aware training objective
Z,
minimize L (D;q(t);q)dt;
q(t) t=0
whereq(t) = qo A w(t) represents the element-wise product of surrogate
conductanceg|o with their aging curveA w(t) = [Aw, (t); Aw,(t); 1.
Here,w1;W»;  are sampled values fromy(w). Then, for the samplew,
the aging-aware training objective is given by
Z,
minimize L(D;qo Aw(t);q)dt: (4.2)
qo t=0
To additionally account for the variations in the aging curves dupt(w),
we also have to minimize for the expected loss with respepg{av), i.e.,
Z,
minimize Eg w) oL(D;qo Aw();qadt : 4.3)
do t=
In the following, we refer toaging-aware trainingwhen using this training
objective. To apply gradient-based optimization for this objective requires the
calculation of Equation (4.3). For this, we rst reformulate the gradient of
Equation (4.3) using the de nition of the expected value and Leibniz rule [16]:

Z Z4
Ng, LfD;do A w(t);qgdt pw(w)dw
w t=0
Z Z, _
= oMo LfDido Aw(D)iagpw(w) didw:

Due to the independence qf and py (W), we can simplify the expression to

zz,
Ng,L (D;00 A w(t);0) dtpw(w)dw
w_t=0
2z,
= RgoL (DG A w(t); Q) dipw(w) dw

w t=0

Zq .

=Ep,w) tZONqoL(D;QO Aw(t);q) dt

Unfortunately, the integration of the loss functibfi ) cannot be calculated in
closed form, and thus the gradient can not be back propagated from the loss
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function to learnable parameters. According to the law of large numbers [10],
the expected value of a function can be estimated by the average of the results
obtained from multiple samples. Thus, we aim to employ MC estimation for
the integration. We rst express the integral ovais an expected value with re-
spect to a uniform distribution  U[0; 1] with p(t) = 1, then, we can formulate
Equation (4.3) as
Z,
Ep.(w) t:oNq"L (D;ao A w(t);q) p(t) dt

which can be seen as

n o}
Ep.w) Ep(n Ngol(Aoiw:t)

We then draw multiple sample®  pw (W) andt  p(t) using MC to estimate
Equation (4.3) through

0 U[0;1];
W pw(w);

11,50~ a .
whereNW is the number of samplag®drawn fromp(w) andN! is the number
of sampleg®drawn fromU][0; 1] to approximate the integral over

Figure 4.4 visualizes the idea of aging-aware training. It shows an exemplary
aging trajectory of weighw(t) corresponding to the printed resistors in tithe
We can see from the right side that, compared to the blue curve from nominal
training, the red curve from aging-aware training tries to locate the whole curve
within a lower loss area, even though it may have a higher initial loss.

4.1.3 Experiment

To evaluate the effectiveness of the aging-aware training of pNCs, we imple-
mented the proposed training approach with PyTorch [35]. As the functionality
of the printed neuromorphic hardware has been validated in [42, 49] and the
contribution of this work is primarily at algorithmic level, the experiment is
conducted at simulation level based on the pPDKs [37].
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