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ABSTRACT

RESERVOIR COMPUTING MODEL USING A SINGLE
NONLINEAR NANOELECTROMECHANICAL

RESONATOR AT ATMOSPHERIC CONDITIONS

Enise Kartal

M.S. in Mechanical Engineering

Advisor: Mehmet Selim Hanay

July 2024

Reservoir computing is an alternative method to conventional systems using

computationally expensive recurrent neural networks (RNNs). In this method,

the training is performed only at the final layer of a nonlinear physical system

functioning as a black box substituted instead of the hidden layers in RNNs requir-

ing intensive training. This study suggests using a small nanoelectromechanical

systems (NEMS) resonator with intrinsic nonlinearities for reservoir computing

instead of relying on complicated feedback loops or spatially extended reservoirs

as used in the earlier works. The linear classification is made possible by trans-

forming the input data into a higher dimensional space, which is accomplished by

utilizing the combination of the nonlinearity of the NEMS resonator and its fading

memory behavior stemming from its transient response. Compared to reservoir

computing using micromechanical resonators, the use of nanoelectromechanical

resonators results in faster information processing, enabled by their rapid decay

times arising from their small dimensions. Moreover, the implementation of the

proposed NEMS reservoir computing architecture is more practical since it can

operate at atmospheric conditions and occupies less space than its MEMS coun-

terparts. This study emphasizes the efficient and feasible information processing

potential of the suggested approach for a range of applications by the evaluation

of its performance with the MNIST handwritten digit recognition task.

Keywords: Reservoir computing, physical neural networks, information process-

ing, nonlinear dynamics, NEMS, fading memory, digit recognition.
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ÖZET

ATMOSFERİK KOŞULLARDA TEK BİR DOG̃RUSAL
OLMAYAN NANOELEKTROMEKANİK REZONATÖR
KULLANAN REZERVUAR HESAPLAMA MODELİ

Enise Kartal

Makine Mühendisliği, Yüksek Lisans

Tez Danışmanı: Mehmet Selim Hanay

Temmuz 2024

Rezervuar hesaplama, hesaplama açısından pahalı tekrarlayan nöral ağlarını

(RNN’ler) kullanan geleneksel sistemlere alternatif bir yöntemdir. Bu yöntemde

eğitim, yoğun eğitim gerektiren RNN’lerde gizli katmanların yerine kara

kutu işlevi gören doğrusal olmayan bir fiziksel sistemin yalnızca son kat-

manında gerçekleştirilir. Bu çalışma, daha önceki çalışmalarda kullanıldığı

gibi karmaşık geri besleme döngülerine veya uzaysal olarak genişletilmiş rez-

ervuarlara güvenmek yerine, rezervuar hesaplaması için içsel doğrusal olmayan

özelliklere sahip küçük bir nanoelektromekanik sistem (NEMS) rezonatörünün

kullanılmasını önermektedir. Doğrusal sınıflandırma, giriş verilerinin daha yüksek

boyutlu bir uzaya dönüştürülmesiyle mümkün kılınır; bu, NEMS rezonatörünün

doğrusal olmama özelliğinin ve geçici yanıtından kaynaklanan sönümlenen bellek

davranışının birleşimi kullanılarak gerçekleştirilir. Mikromekanik rezonatörlerin

kullanıldığı rezervuar hesaplamayla karşılaştırıldığında, nanoelektromekanik re-

zonatörlerin kullanımı, küçük boyutlarından kaynaklanan hızlı bozulma süreleri

sayesinde daha hızlı bilgi işlemeyle sonuçlanır. Ayrıca, önerilen NEMS rez-

ervuar hesaplama mimarisinin uygulanması, atmosferik koşullarda çalışabilmesi

ve MEMS muadillerine göre daha az yer kaplaması nedeniyle daha pratik-

tir. Bu çalışma, MNIST el yazısı rakam tanıma görevi ile performansının

değerlendirilmesi yoluyla, bir dizi uygulama için önerilen yaklaşımın verimli ve

uygulanabilir bilgi işleme potansiyelini vurgulamaktadır.

Anahtar sözcükler : Rezervuar hesaplama, fiziksel nöral ağlar, bilgi işleme,

doğrusal olmayan dinamikler, NEMS, sönümlenen bellek, rakam tanıma.
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Chapter 1

Introduction

This thesis introduces a novel reservoir computing model developed with nano-

electromechanical systems (NEMS) using a single nonlinear nanoelectromechani-

cal resonator under atmospheric conditions. Reservoir computing with nanoelec-

tromechanical resonators is faster owing to their low ring-down times and is more

portable and integrable due to their compact size and operation under ambient

pressure. This chapter briefly mentions the reservoir computing background and

applications, and then the motivation of the thesis for using nanoelectromechan-

ical resonators within a reservoir computing system is presented.

1.1 Reservoir Computing

The development of increasingly complex algorithms and data processing tasks

challenged conventional computational methods such as Recurrent Neural Net-

works (RNNs). In theory, RNNs are highly effective tools for addressing compli-

cated temporal machine learning challenges [1]. However, numerous factors still

prevent the widespread use of RNNs in real-world scenarios, such as the slow con-

vergence rates restricting their practicality [2] and the need for high computing

power to train deep neural networks. Thus, when a real-time training algorithm
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is needed for miniaturized devices working on low power, it is necessary to use

an algorithm with reduced power consumption. These devices have limitations

in terms of processing power, memory, and battery life, affecting the complexity

of algorithms that can be implemented. Therefore, an efficient data analysis al-

gorithm must be processed on-device to facilitate edge computation within large

networks using these devices.

Reservoir computing (RC) technology was developed as an alternative to the

mentioned challenging methods [1–3]. It operates as a reservoir of nonlinear ele-

ments to map input data into a high-dimensional space instead of working based

on computationally expensive training processes as in RNNs [4]. Figure 1.1 illus-

trates the reservoir computing examples in biological organisms, digital systems,

and physical systems. The mapping process entitles the reservoir computation as

an inherent and efficient method and enables it to be used in resource-restricted

edge devices for data analysis on-device, intending to achieve compact sensor sizes

and low power consumption [5].

In recent works, different reservoir computing algorithms have been demon-

strated. Earlier works established the RC field by defining nonlinear reservoirs

implementing software in conventional digital systems, e.g., Echo State Networks

(ESNs) [2] and Liquid State Machines (LSMs) [3]. The latest applications have

been exploring nonlinear physical systems to be employed as rich reservoirs that

can enhance the performance of the architecture [6,7]. One application of RC in

spoken word recognition employed a delay-coupled feedback loop to create virtual

nodes in time using nonlinear MEMS resonators. A more recent work used the

nonlinear MEMS resonators without delay-unit as an RC algorithm and carried

out a variety of recognition tasks [8].
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Figure 1.1: Biological, digital and physical reservoir computing examples,
adapted from [4]
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The working mechanism of reservoir computing can be summarized in three

parts. Firstly, the nonlinear activation functions generated within the reservoir es-

tablish nonlinear relationships between the virtual nodes formed. These functions

result in complex patterns that cannot be obtained using linear relationships.

Moreover, this nonlinearity provides network connectivity within the reservoir,

causing the virtual nodes to be interconnected in a complex web. The interaction

between the nodes induces an inherent feedback loop, resulting in a rich repre-

sentation of the states. Lastly, the reservoir dynamics operate by establishing

connections between the past and current nodes, thus generating a memory. The

connection between the nodes might be either spatial or temporal. Given the

temporal connectivity of the nodes within the NEMS reservoir in this study, the

past nodes refer to the nodes from previous time steps. The number of connected

past nodes increases as the reservoir dynamics become more transient. As a re-

sult, the generated memory is a temporal memory, quantified with the ratio of

the ring-down time of the resonator to the separation time between consecutive

time steps.

The reservoir with the mentioned specifications processes the data and maps

it into a higher dimensional space, implying the addition of more features and

characteristics to the data representation. The single nonlinear NEMS resonator

employed in this study functions as the reservoir in the above explanations. It

takes input data and processes the data in its transient nonlinear dynamics to

mimic neural network algorithms required for classification and forecasting tasks.

The purpose of integrating NEMS in a reservoir computing system is to explore its

reservoir computing capabilities and develop a faster and less power-consuming

alternative to the computational neural network methods without necessarily

striving for greater classification accuracies than theirs. The smallest physical

reservoir computing example integrating mechanical systems utilized MEMS de-

vices, which means that there is no reservoir computing example utilizing NEMS

in the literature.
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There are significant distinctions between performing reservoir computing us-

ing MEMS and NEMS. NEMS devices are three order-of-magnitude smaller than

MEMS devices, meaning that their operating frequencies are three order-of-

magnitude higher; thus, they are much faster. Since the aim of physical reser-

voir computing is to perform real-time data processing on-device with reduced

power and storage consumption, NEMS devices are more suited for this purpose

compared to MEMS devices. In addition to these advantages of NEMS over

MEMS, the NEMS in this study is utilized under atmospheric conditions, cre-

ating another crucial difference from the other mechanical reservoir computing

applications, eliminating the need for complex vacuum systems. As an exemplary

comparison, the MEMS used in the reservoir computing system in [8] is operated

under vacuum, with two thousand times larger dimensions than the NEMS used

in this study. Also, the ring-down time of the MEMS ranges from 16 to 35 ms,

which is four thousand times slower than the NEMS.

Therefore, this study stands apart from its counterparts for multiple reasons,

rendering it a novel application. This study is the first to employ NEMS in this

particular system, aiming to address a benchmark problem as a starting point.
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1.2 Motivation

The works mentioned in the previous section have been the motivation for the

RC with NEMS project, aiming for small, low-power consuming sensors with

intrinsic reservoir characteristics. The employment of NEMS in RC applications

offers smaller occupations in miniaturized sensors, leading to less footprint than

using larger sensors. As a result of their operation at the nanoscale, NEMS has a

lower power consumption. Owing to their compact size, their operation speed is

higher than that of their MEMS equivalents, offering an effective reservoir with

computational advantages that can perform real-time, on-device data processing.

It is essential for RC to have a high representation capability in order to make

the system more efficient, and typical time-delayed RC relies on a large num-

ber of parameter optimizations for this purpose. Another crucial aspect of the

application of RC is the feeding of the input and the mapping of it into higher di-

mensions through the use of the mask function. Previous works claimed that this

step is carried out through a self-masking procedure within the reservoir, which

operates on a feedback-loop basis [8]. An artificial fading memory is created by

modulating the input signal and feeding the response of the reservoir back to

the system through this masking procedure, which requires challenging hyper-

parameter optimizations. In order to eliminate these exhausting optimization

steps, a similar concept is used in this work, investigating the memory capabili-

ties of NEMS rather than making use of a mask function. This critical distinction

motivated this work towards research on the intrinsic nonlinearities and fading

memory of the NEMS-based RC systems.

6



Figure 1.2: Reservoir computing architecture with NEMS at ambient pressure.
Schematic of the nonlinear nanomechanical resonator-based reservoir computing
system. The targets are the linear weighted sums of the output nodes of the reser-
voir. The nodes in the reservoir are the virtual nodes created by the nonlinearity
of NEMS.
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The proposed architecture contains three main parts: the input layer, the reser-

voir (a single NEMS resonator), and the output layer. Since the NEMS reservoir

works with vectorized data, the input signal is initially vectorized, normalized,

and preprocessed before being fed to the reservoir. Then, this signal is subjected

to amplitude modulation with another signal that possesses the nonlinear re-

sponse amplitude of the resonator at its fundamental mode. The information

processing within the reservoir occurs owing to this modulation step, combining

the input data and the nonlinear dynamics of the system, leading to the linear

separability of different classes through the mapping of the input into a high-

dimensional space. Along with this nonlinearity, the separation time between the

sample points of the input data has been maintained below the ring-down time

of the resonator to keep it at its transient regime. Due to this transient response,

the previous and current input values are combined within the reservoir, enhanc-

ing its memory characteristics and resulting in the fading memory property of

the NEMS reservoir. Consequently, the reservoir output is collected and utilized

in training algorithms that function with linear regression. Figure 1.2 illustrates

the explained architecture.

The ring-down time observed in this work is distinguished from its counterparts

with a value of 6.25µs. Another RC system with no delayed feedback loop was

published recently [8], with relatively higher ring-down times, from 16 to 35

milliseconds. There are also other works that have ring-down time values that are

comparable to the ones in this work [9]; however, they include delayed feedback

loops in their RC systems.
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There are numerous advantages coming with the proposed single-resonator RC

setup, particularly in terms of practicality. The first is operation at ambient pres-

sure, which eliminates the requirement for complex vacuum systems and makes

the method more accessible to implement in real-world applications. This advan-

tage also creates a faster system response due to the decrease in ring-down time

of the resonator with a reduced quality factor as a result of atmospheric condi-

tions. Nevertheless, it is possible to obtain a nonlinear response with the NEMS

resonator despite the low quality factor (∼ 50). The mentioned benefits, along

with the low power consumption, have the potential to facilitate the introduction

of edge-computation technologies and other applications in daily-life.

The simplicity of operation is not the only benefit that this system offers; it

also takes advantage of the dynamics of NEMS. Considering that the decay time

of NEMS resonators is on the microsecond scale, the experiments can be carried

out in a matter of minutes. Additionally, the NEMS devices are compatible with

assembly in a wide variety of applications due to their compact sizes. Therefore,

all these novel properties of NEMS RC result in a more demonstrable system

than the current state-of-the-art.
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1.3 Thesis Outline

Chapter 1 begins with an introduction to the field of reservoir computing. Then,

the motivation behind this thesis, namely reservoir computing with single non-

linear NEMS resonators, is discussed in terms of the ability to combine the two

mentioned technologies.

Chapter 2 begins by providing information on the design of NEMS devices.

Next, the fabrication of NEMS devices is explained. Finally, the simulations

performed to see the mode shapes expected from the fabricated devices are elab-

orated.

Chapter 3 begins with explaining the operating techniques used for NEMS de-

vices. The characterization of the NEMS devices and the electronic circuit used

in the experiments are presented. Later, the proposed setup of a reservoir com-

puting structure with a nonlinear nanomechanical resonator is discussed. Finally,

the theory behind the nonlinear model of NEMS devices is discussed.

Chapter 4 presents the MNIST handwritten digit recognition task used to

evaluate reservoir computing with a single nonlinear NEMS resonator. Afterward,

the ridge regression used in the training and testing algorithms to accomplish

this task is mentioned. Finally, the validation method of the reservoir outputs is

explained.

This thesis is concluded in Chapter 5 by reviewing the relevant findings and

outlining future remarks.
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Chapter 2

Design, Fabrication, and

Simulation of NEMS Devices

2.1 Device Design

Device design is one of the most critical phases when employing NEMS for RC.

It is possible to change the device design to change the device decay time and the

required nonlinearity by considering the theory behind the NEMS resonator decay

time and its nonlinear modeling expressions, which are functions of the device

dimensions. The device design and fabrication also have a significant impact on

the mechanical mode shapes and frequency stability of the devices. The frequency

stability can be enhanced by clean fabrication.
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There are two primary components that are essential to the functioning of

doubly-clamped beam devices. These components are the resonator beam and

the electrodes responsible for resonating the beam. The resonator beams are

primarily fabricated from silicon nitride films that are deposited on top of silicon

substrates, whereas the electrodes are mostly composed of gold and are put on top

of the beams for the purpose of driving and reading from the resonator beam [10].

Therefore, it is essential to design the regions accurately, composed of nitride or

gold, to get the desired parts at the end of the fabrication process. This objective

is achieved by assigning each material and each component to the relevant layers

throughout the design phase.

Since over-etching during the suspension of the mechanical beam structure

would create a decrease in the quality factor of the resonator, it is crucial to design

the pool region (opening in the nitride layer in the device design) in accordance

with the required etching time calculated for the beam release. Furthermore, it

is essential to design the electrodes to have impedance matching with the rest of

the circuit in which the device will be used.

Pre-existing designs that were widely utilized within the Hanay group were

used to fabricate the doubly-clamped beam devices employed in this study. The

dimensions of the devices are often 10 µm in length, 0.4 or 0.8 µm in width, and

100 nm in thickness. It was decided that a device with a width of 0.4 µm would be

the most suitable option for the purpose of adjusting the decay time in this work.

In Section 2.2, the fabrication process of the devices is explained in detail. See

the theses in the references [11–13] for more thorough discussions on fabrication.

Figure 2.1 shows a widely utilized mask design for a doubly-clamped beam.
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Figure 2.1: A conventional mask design for a doubly-clamped NEMS resonator.

In Figure 2.1, the yellow region corresponds to the silicon layer, the light

blue region corresponds to the silicon nitride layer, and the dark blue and light

green regions correspond to the gold layer. The gold parts are patterned in two

layers in EBL for resolution adjustment. The design shown has dimensions of

4mm x 4mm, and a custom wafer measuring 34mm x 34mm can accommodate

7x7 of these designs.
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2.2 Device Fabrication

The fabrication process elaborated in this thesis is also explained in detail in

references [11–15]. The wafers used in the fabrication of the devices are acquired

from the company University Wafer (Part No: 1917). These wafers have 100 nm

LPCVD stochiometric silicon nitride films on both sides, with below 200MPa

film stress, on top of a doped 500 µm silicon substrate. The wafers are also

one-side polished, and the fabrication is made on the polished side.

After preparing the wafer for fabrication, the process begins with electron

beam lithography (EBL) for patterning gold electrodes [10,16,17]. Steps II-VII

of the fabrication given below take place at Sabanci University Nanotechnology

Research and Application Center (SUNUM).

Step I: A 4− inch wafer is coated with AZ4533 photoresist, baked at 110◦ C

for 60 s on the hot plate to improve the photoresist adhesion, and diced in

34mm x 34mm parts. Photoresist coating is used to protect the wafer during

the dicing process, and it is removed using acetone after dicing. The wafer is

then washed in IPA and dried using nitrogen gas.

The following steps can be conducted for each of the 34mm x 34mm parts.

Also, for the sake of visualization, the illustrations in Appendix A are for a single

device in the 7x7 batch on one wafer part, as depicted on the inset of Figure 2.1.

Step II: To pattern the gold regions, the wafer is coated with bilayer

Poly(methyl methacrylate) (PMMA) before the first EBL step. The wafer after

coating PMMA can be seen in Figure A.1(a).

Step III: After coating PMMA, the gold regions are patterned with EBL, and

the exposed PMMA is developed in a MIBK : IPA solution (the mixing ratio is

unknown since this step is conducted in SUNUM). Figure A.1(b) shows the wafer

after development.
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Step IV: To define the gold regions, the wafer is coated with 70 nm gold on

top of a 5 nm chromium for adhesion. Figure A.2(a) shows the wafer after gold

coating.

Step V: For the lift-off of the gold on the remaining PMMA after development,

the wafer is washed in acetone and IPA and dried using nitrogen gas. Figure

A.2(b) shows the wafer after lift-off.

Step VI: To pattern the copper etch mask for the silicon nitride region, which

defines the resonator beam, the wafer is again coated with bilayer PMMA before

the second EBL step. Figure A.3(a) shows the wafer after the second PMMA

coating.

Step VII: The copper region is patterned with another EBL step, and the

exposed PMMA is developed. Figure A.3(b) shows the wafer after the second

development.

After receiving the wafer patterned with EBL from SUNUM, the rest of the

steps are conducted at the Bilkent University National Nanotechnology Research

Center (UNAM).

Step VIII: To define the copper etch mask region, the wafer is coated with

40 nm thermally evaporated copper. Figure A.4(a) shows the wafer after copper

coating.

Step IX: For the lift-off of the copper on the remaining PMMA after devel-

opment, the wafer is again washed in acetone and IPA and dried using nitrogen

gas. Figure A.4(b) shows the wafer after the second lift-off.

Step X: Then the copper-coated wafer is again coated with AZ4533 photore-

sist, baked at 110◦ C for 60 s on the hot plate, and diced in chips. 49 chips are

obtained in the case of 7x7 device mask design. The photoresist is not removed

right after the dicing process to be used as protection for the back-etching of the

silicon nitride, which is the non-polished side.
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Step XI: The etching steps are done using Inductively Coupled Plasma (ICP).

The ICP chamber is first cleaned with oxygen plasma and then preconditioned

with silicon nitride etchant when empty. Then, the silicon nitride on the non-

polished sides of the chips is etched, and the photoresist on the chips is removed

using acetone. The chips are then washed in IPA and dried using nitrogen gas.

Step XII: The suspension of the resonator beam is done in two steps:

Anisotropic silicon nitride etch to define the beam and then isotropic silicon etch

to release the beam. The etchant recipes for silicon and silicon nitride are given

in Table 2.1. The device suspended in ICP can be seen in Figure A.5(a).

Parameters Silicon (Si) Silicon Nitride (Si3N4)

Etchant Gas CF4 SF6

Etchant Gas Flow
Rate (sccm)

20 15

Passivation Gas CHF3 CHF3

Passivation Gas Flow
Rate (sccm)

3 2

Coil Power (Watt) 400 150

Platen Power (Watt) 100 30

Chamber Pressure
(mTorr)

5 10

Etching Duration (s) 60 225

Table 2.1: ICP Etchant Recipes

Step XIII: After the resonator beam is released using ICP, the copper etch

mask is removed using MicroChemicals TechniEtch Al80 wet etchant. Figure

A.5(b) shows the chip after copper etch mask removal and the device fabrication

is completed.
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In order to be able to use the fabricated chips in the experiments, they are

placed on a custom-made printed circuit board (PCB) with SMA connectors.

The gold bonding pads on the chips are connected to the SMA connector via

aluminum wedge wire-bonds. The wire-bonding step takes place in the METU

MEMS Center.

Figure 2.2: The wire-bonded chip on top of the PCB.

The wire-bonded chip on top of the PCB can be seen in Figure 2.2, and the

SEM image of the fabricated device can be seen in Figure 2.3.

17



Figure 2.3: The SEM image of the resonator used in the experiments.
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2.3 FEA Simulations

After the fabrication of the device is completed, finite element analysis (FEA)

simulations are conducted to see the mechanical mode shapes of the resonator

beam. This step is essential to interpret the resonance peaks appearing in the

open-sweep frequency measurements of the device and to differentiate between

the in-plane and out-of-plane modes since the experiments are done using out-of-

plane ones.

In order to do this, the dimensions of the device after fabrication are measured

using the ImageJ software on the SEM images of the device. The fabricated

dimensions are used instead of the mask dimensions to enhance the precision of

the simulations. After the dimensions are obtained, the mechanical mode shapes

are calculated. During the calculation, the stress of the silicon nitride beam is

adjusted in iterations so that the fundamental mode frequency matches the value

obtained from open-sweep measurements. Since the nitride stress is claimed to be

less than 200MPa by the wafer vendor, the iterations start from 200MPa and

decrease. Eventually, the calculation was completed with 150MPa nitride stress.

Figure 2.4: The fundamental mode shape of the device.
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Figure 2.5: The first two mechanical mode shapes of the device simulated.

Figure 2.4 shows the fundamental mode of the device. Figure 2.5 shows the

first two out-of-plane mechanical mode shapes of the fabricated doubly-clamped

NEMS for this study.

The frequency values shown in Figure 2.5 will be compared to the open-sweep

frequency measurement values in Section 3.2.
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Chapter 3

Experimentation and Theory

3.1 Driving and Reading Scheme of NEMS

The doubly-clamped NEMS devices presented in this thesis operate with ther-

moelastic actuation and piezoresistive detection [10,18].

Thermoelastic actuation works by putting two materials with different thermal

expansion coefficients on top of each other. With the devices used in this thesis,

the two different materials are the silicon nitride (resonator beam) and the gold

(electrodes). Since the thermal expansion coefficients of nitride and gold are

different, applying AC voltage to the gold electrodes leads to varying degrees of

thermal expansion on both the electrodes and the beam, resulting in differing

elongations. This situation induces stress propagation along the beam, resulting

in resonance. The heating of the gold electrodes is directly proportional to the

square of the amplitude of the applied AC voltage. As a result, the frequency

of the beam oscillation (ω) is twice the frequency of the applied AC voltage

(ω/2) [19]. This outcome is also shown in the following section in Figure 3.2.
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Figure 3.1: The thermoelastic actuation (a) and piezoresistive detection (b)
diagrams, adapted from [19]

Piezoresistive detection works by detecting the resistance change that occurs

on the gold electrode (that is not used for actuation) due to the oscillation of

the doubly-clamped beam. A bias-tee is included in the setup to facilitate the

detection of resistance variations while the NEMS can be driven. For this, the DC

port of the bias tee was supplied with a constant voltage with a slightly higher

value than the NEMS driving voltage. Since the displacement magnitude of the

beam is maximum at resonance, the resistance change value is also maximum at

resonance, and these values are seen in the open-sweep as peaks in amplitude.

Notably, the electrodes of the NEMS devices are specifically built to have a re-

sistance of 50 Ω in order to match the impedances with the Lock-in-Amplifier,

which has an input impedance of 50 Ω. Figure 3.2 displays the NEMS electrodes

and the other components of the circuit.
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3.2 Device Characterization

Before starting each experiment, the NEMS devices are characterized by checking

their open-sweep frequency measurements to determine their resonance frequen-

cies. The circuitry for open-sweep measurements includes a Lock-in-Amplifier

(Zurich Instruments HF2LI), a bias tee, and a low-noise amplifier. Figure 3.2

shows the open-sweep measurement circuit used for NEMS devices.

Figure 3.2: The circuit used in open-sweep measurements of the NEMS devices.

The driving signal is provided by the signal output of the lock-in-amplifier

(LIA), and the readout signal is collected by its signal input. Since the reading is

performed by piezoresistive detection, the readout signal goes through a bias-tee

supplied with a constant voltage from its DC port to create a voltage drop to

facilitate the resistance change measurement. Then, this signal goes through an

amplifier to enhance the correlation between elongation and voltage drop collected

by the LIA for improved reading.

23



Figure 3.3: The open-sweep frequency measurement of the regular doubly-
clamped NEMS device used in the experiments from 2 MHz to 40 MHz.

The open-sweep frequency measurement of the device before the experiment is

shown in Figure 3.3. In the open-sweep data, the first two modes also appear at

∼ 15MHz and ∼ 30MHz, as was shown in mode shape simulations in Figure

2.5. Since the experiments are conducted using the fundamental mode, higher

mechanical modes were not necessary to be measured.
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3.3 Experimental Setup

The experiment setup used for the single nonlinear NEMS resonator RC con-

sists of a custom NEMS resonator, an Arbitrary Waveform Generator (Keysight

33600A Series), a Lock-In Amplifier (Zurich Instruments HF2LI), and a labora-

tory workstation. Moreover, a DC power supply, an amplifier, and a bias-tee are

used to complete the drive and readout circuit of the NEMS device. In order

to identify the parameters for each experiment, an open-loop frequency sweep

is performed using the LIA to determine the optimal driving frequency and the

quality factor for the designed RC system.

For the purpose of modulating the driving signal with the input data and

then feeding the modulated signal to the NEMS for the RC system, an arbitrary

waveform generator (AWG) is utilized in the experimental setup, as depicted

in Figure 3.4. A vectorized representation of the pixel color information of the

images is included in the input data. On the other hand, the driving signal is

configured to be a sinusoidal wave with the frequency and amplitude of the chosen

nonlinear state of the resonator. The amplitude modulation (AM) takes place in

accordance with Equation 3.1.

Vdrive = m(t)Vdcos(ωdt) (3.1)

where Vd is the nonlinear driving amplitude given to the AM, m(t) represents

the brightness of each pixel normalized to between 0 and 1, and ωd is the nonlinear

driving frequency of the resonator (2πfd). The AM frequency is the factor that

determines the value of t in m(t) when the sample number is divided by the AM

frequency.
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Figure 3.4: Schematic of the experimental setup and reservoir computing system.
Cropped images with high information content are uploaded to the arbitrary
waveform generator as vectors with grayscale values corresponding to the pixel
brightness (normalized to unity). The rendered CAD drawing of the resonator
is in the bottom middle of the circuit schematic. The actuation electrode of the
resonator receives an AC signal (sinusoidal wave) that has been modulated with
the input vectors. The LIA is used to read through the detection electrodes using
an external reference signal from AWG.
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The output signal coming from the NEMS resonator driven by the forenamed

modulated signal is read by an LIA. The readout takes place through the process

of demodulating the output signal of the NEMS using a reference signal provided

by the second channel of the AWG. This reference to the LIA is also a sinusoidal

wave, which is the second harmonic of the signal used in amplitude modulation

with 1V amplitude for demodulation optimization purposes. The signal is the

second harmonic of the driving signal because the thermoelastic actuation of the

resonator creates mechanical strain at double the driving frequency, resulting

in a readout frequency that is twice the input frequency. Therefore, the LIA

is configured to demodulate the output signal at twice the resonator driving

frequency, leveraging this reference signal. After the readout of the nonlinear

reservoir is collected, it is used for the training and validation step.

This RC setup offers a multitude of advantages owing to its single-resonator

structure. Firstly, it is less complicated than the majority of other RC applica-

tions yet is practicable and efficient in information processing. The integration

of AWG into the setup to modulate the input data with the resonator driving

signal eliminates a significant number of software and hardware implementations

in most of the other works. Moreover, using LIA to demodulate the output signal

results in a smooth readout process.
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3.4 Nonlinear Model of the NEMS Reservoir

A doubly-clamped silicon nitride beam with dimensions of 10 µm length, 0.4 µm

width, and 100 nm height is used as the resonator, which is the main part of the

nonlinear RC system. The performance of the RC system is significantly affected

by the natural frequency and the quality factor (Q) of the NEMS. A high Q is

needed to obtain a sufficient memory capacity since it involves the ring-down

time (T = 2Q
ωn
) of the resonator. Multiple frequency sweeps are performed for the

characterization of the nonlinear dynamic response of the NEMS and to deter-

mine the optimal driving frequencies (fd) and amplitudes. This step is crucial to

obtain the desired nonlinear state, which determines the richness of the reservoir.

Figure 3.5: Linear to nonlinear frequency open-sweeps with regular doubly-
clamped NEMS resonator. (a) Multiple frequency open-sweeps are taken to dis-
cover the nonlinear response of the NEMS resonator. (b) Open-loop frequency
sweep of the nanoelectromechanical resonator at its first mode under atmospheric
conditions. The frequency indicated by the black arrow is the nonlinear driving
frequency of the resonator, 15.8MHz, whereas the linear natural frequency of
the resonator is 15.05MHz.
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The nonlinear frequency response of the first mode of the NEMS resonator that

was used in the experiments can be observed in Figure 3.5. As demonstrated

in the figure, the resonator was driven at a frequency (fd), which is slightly

lower than the front bifurcation point frequency to prevent the switching between

two stable points since the resonance peaks of the resonator drift backward in

frequency due to the heating of the resonator over time [20]. However, the chosen

frequency is not much lower than the front bifurcation point to ensure a high

signal-to-noise ratio. So, an optimal point for fd should be determined to meet

these requirements.

3.4.1 Theory of the Nonlinear Model

The NEMS resonator used in the experiments behaves as a typical second-order

underdamped oscillator. The combination of the Duffing nonlinearity arising

from the restoring force of the resonator and the exponential transient nonlinear

response associated with its second-order dynamics creates a nonlinearity within

the system. This combination results in efficient processing of the MNIST hand-

written digit recognition task implemented in the system owing to the richness

of the nonlinearity within the single resonator reservoir.

The resonator is driven by thermoelastic actuation, and its readout is collected

as piezoresistive. The Duffing nonlinear equation shown in Equation 3.2 approx-

imates the displacement of the resonator, in the regular doubly-clamped NEMS

case.

ẍ+ 2ζωnẋ+ ω2
nx+ αx3 = Fd(t) (3.2)

where ẍ, ẋ, and x are the acceleration, velocity, and displacement of the res-

onator, respectively. ζ and ωn are the damping ratio and the natural angular

frequency of the resonator in the linear regime, respectively. F (d) is the time-

dependent driving force per unit mass. The Duffing term is included in the

equation by the coefficient α, which controls the amount of nonlinearity.
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Equation 3.3 provides an estimation of the value of α in the context of doubly

clamped beams.

α =
32E√
2ρL4A

(3.3)

where A is a constant term of 2x10−10, ρ is the density of the beam, L is the

length of the beam, and E is the Young’s modulus of the nitride. The α of the

resonator used in this work is calculated as approximately 2.56x1021 Hz2

m2 using

Equation 3.3.

The analytical solution for the displacement of the resonator becomes Equation

3.4 when the beam oscillates linearly with α = 0, i.e., no nonlinear term.

x(t) = 1± e−
ωn
2Q

t√
1− ( 1

2Q
)2

(3.4)

The exponential term is named transient nonlinearity when the initial condi-

tion is Fd(t) = 0. In order to enhance the richness of the nonlinear dynamics

of the system, the relation between the transient term and the Duffing term is

essential.

The MNIST handwritten digit dataset is utilized in order to evaluate the clas-

sification performance of the system after the specified beam parameters have

been determined. It is demonstrated that the proposed single nonlinear NEMS

resonator RC model has an efficient information processing capacity, as evidenced

by an average classification accuracy of 81.5% achieved.
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Figure 3.6: The linear and nonlinear frequency sweeps of the regular doubly-
clamped NEMS resonator.

Figure 3.6 illustrates the comparison between the linear and nonlinear regimes.

A linear response is obtained when the applied drive amplitude is VAC = 250mV ,

the black curve in Figure 3.6, which can be observed more clearly on the in-

set. A nonlinear response is obtained when the applied drive amplitude is

VAC = 490mV , the purple and cyan curves, sequential and reverse sweeps, re-

spectively. Considering the lack of symmetry in both the sequential and reverse

sweeps, unlike the linear curve, it is evident that the response is nonlinear and

exhibits spring-hardening characteristics with a gradual increase in amplitude but

an abrupt decrease at a frequency higher than the linear driving frequency.
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Figure 3.7: The input and the output signal of the regular doubly-clamped
NEMS reservoir. The effect of the nonlinearity is seen in the difference in
amplitude level. The nonlinear output is also transient.

As demonstrated in Figure 3.7, a fading memory effect occurs at the readout

of the resonator as a result of its transient nonlinear dynamics. This transient

dynamics, originating from the use of separation times below the decay time of

the resonator, causes each data point to be influenced by the previous data points,

ultimately resulting in a memory behavior.
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Chapter 4

Experiment Results and Analysis

4.1 MNIST Handwritten Digit Recognition

Task

The nonlinear information processing performance of the nonlinear NEMS res-

onator and the classification performance of the single-NEMS RC are evaluated

by the MNIST handwritten digit dataset recognition task. The MNIST dataset,

consisting of 28x28 pixel images, is a widely recognized benchmark for classifica-

tion tasks in the field of handwritten digit classification. It is also well-defined for

the purpose of testing the nonlinear mapping capacity of the NEMS reservoir, as

illustrated in Figure 3.4. A set of 1000 images were randomly chosen from this

dataset and given to the resonator as the input data modulated with the driving

signal. While randomly chosen 900 images were used in the training algorithm,

the remaining 100 were used to test the algorithm and calculate the classification

accuracy.
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The preprocessing of the selected MNIST images starts with cropping the

images in 22x20 pixels to remove the redundant black periphery and make the

input data to the reservoir (Figure 3.4) more informative. Afterward, the cropped

images are vectorized and converted to vectors consisting of 440 elements to be

compatible with the experiment setup since the input to the resonator should be

a vector.

After creating the input as a vector consisting of 1000 subsequent 440-element

vectors, the experiment parameters influencing the reservoir dynamics were set by

trying different separation times. The separation time defines the time between

two data points, i.e., two pixel values, as θ = n.T (n ϵ Z+) where T represents

the decay time of the NEMS resonator.

Eventually, the input to the reservoir consisting of 1000 randomly chosen

MNIST images containing 440 pixel value elements was used to test the perfor-

mance of the proposed RC system. The 440 pixel values, i.e., the 440 data points,

represented 440 artificial neural nodes responsible for information processing of

the input signal within the NEMS reservoir.

After the acquisition of the readout data, the postprocessing step starts by

converting the 1000-image output vector into a 1000x440 matrix. The training

process is implemented using ten different linear classifiers with a ”winner-takes-

all” scheme. In this method, each handwritten digit class, ranging from 0 to 9,

has its own classifier. Each classifier operates as a binary classifier, producing a

value of 1 if the data being processed corresponds to the target class and a value

of 0 if it does not. Then, the postprocessed data is split into a training set of

900 images and a testing set of 100 images randomly. The accuracy values are

calculated using k-fold validation with 600 randomized folds, details explained in

Section 4.4.2. An average classification accuracy of about 81.5% is achieved as a

result of this task.
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These results showcase the efficient information processing performed by the

nonlinear NEMS reservoir and the effectiveness of the RC architecture proposed.

The performance can further be optimized by modifying the nonlinear dynamics

for various classification tasks.

The accuracies obtained by using the MNIST handwritten digit recognition

task to test the proposed RC system show that its short-term memory has the

potential to be used for simple forecasting tasks, and its efficient information

processing makes it suitable for pattern recognition tasks. The single-resonator

RC system, which works under ambient pressure and at higher speed, offers a

more feasible and simplified system.

4.1.1 Effect of the Separation Time

In RC with NEMS, the choice of separation time is essential since it determines

the frequency at which the input signal is updated. This separation timescale

defines the duration of each sample point, i.e., the pixel value provided to the

NEMS resonator. Therefore, if it is chosen close to or larger than the ring-down

time (2Q
ωn
) of the resonator, the resonator dynamics start switching from transient

to steady state, resulting in a reduction in its memory capacity. On the other

hand, choosing the separation time too small (< 0.1 tring−down) has a detrimental

impact on the mapping ability of the reservoir, which is required for the upcoming

classification tasks.

The choice of the separation time acts as a determining factor in the feeding

rate of the input data into the NEMS reservoir. The output is transient when

the separation time is lower than the ring-down time of the resonator, and the

output becomes steady as the separation time goes above the ring-down time.

In RC studies, it is preferable to have small separation times since the transient

dynamics enhance the fading memory effect of the reservoir.
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4.2 Experiments with a Regular Doubly-Clamped

NEMS

The first run of the experiments is conducted using a regular doubly-clamped

NEMS resonator. The effect of different separation times was not observed for

the parameters tried so far, as can be seen in Table 4.1. Since the ring-down time

(6.25µs) of the resonator creates a lower time value of θ = 0.2T (1.25 µs) to be

provided and measured by the setup, even lower separation times were restricted

by physical constrictions such as measurement speed. For further accuracy com-

parisons, a more advanced measurement system could be used to explore lower

separation times. This outcome highlights the significance of the reservoir non-

linearity optimization to be applicable in more classification tasks.

Separation Time Average Accuracy

1.25 µs 80.5%

1.88 µs 80.9 %

3.125 µs 81%

5 µs 81.5%

Table 4.1: Regular Doubly-Clamped NEMS Accuracy Statistics

A visual representation of the same digit input that is influenced by vary-

ing separation times and the results obtained from the single nonlinear NEMS

resonator RC structure is depicted in Figure 4.1. This outcome shows that the

NEMS reservoir is functional below 5 µs operational speed and capable of achiev-

ing classification accuracies above 80%.
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Figure 4.1: Effect of the separation time with regular doubly-clamped
NEMS resonator. (a) The image of the same digit input at differ-
ent separation times. (b) The comparison of the obtained average ac-
curacy values based on the separation time. The test conditions are:
Q = 48.72, fd = 15.6MHz, VDC = 1 V, VAC = 490mV, T = 6.25 µs.

Following the performance evaluation with the MNIST handwritten digit

dataset, the experiments conducted with a single nonlinear regular doubly-

clamped NEMS resonator yielded a classification accuracy of 81.5%, demonstrat-

ing that NEMS technology has the potential to be used in physical RC systems.

The confusion matrices of the predicted results with the average accuracies for

no NEMS case and nonlinear regular doubly-clamped NEMS are shown in Figure

4.2.
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It is evident that, while the total accuracies are the same for the confusion

matrices displayed in Figure 4.2, there are variations in the correct predictions

for some digit classes. The algorithm is challenged the most in recognizing the

digits 5 and 8; however, the inclusion of the nonlinear NEMS reservoir improved

the classification performance of those digits. The classification performance for

the remaining digits is approximately equal in both cases. Therefore, it can be

hypothesized that the classification accuracy of the nonlinear NEMS case may

exceed that of the no NEMS case once the nonlinear NEMS RC architecture is

optimized for improved classification of the challenging digits.

Figure 4.2: MNIST handwritten digit recognition using the reservoir computing
system with regular doubly-clamped NEMS resonator. Confusion matrices of the
predicted results with the average accuracies for no NEMS case (a) and nonlinear
regular doubly-clamped NEMS (b).
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4.3 Experiments with a Paddle NEMS

The second run of the experiments is conducted using a paddle NEMS res-

onator [13, 21]. In order to overcome the limitation imposed by the ring-down

time of the resonator in the previous experiments, a paddle NEMS device with

heavier mass and, consequently, lower frequencies is utilized in this section. This

approach aims to obtain a higher ring-down time value and explore a wider range

of separation times. Nevertheless, the impact of varying separation times was not

observed for the parameters tested so far, as seen in Table 4.2.

Separation Time Linear Regime
Average Accuracy

Nonlinear Regime
Average Accuracy

1.8 µs 75% 74%

3.61 µs 75% 77%

7.21 µs 73% 73%

14.42 µs 72%

28.84 µs 72.5% 77%

57.68 µs 76% 74%

115.36 µs 73% 75%

Table 4.2: Paddle NEMS Accuracy Statistics

The linear and nonlinear driving parameters are determined based on the plots

shown in Figure 4.3 obtained during the experiments, along with the fundamental

mode of the device utilized. Due to their increased weight compared to regular

doubly-clamped NEMS devices, the paddle NEMS devices have a lower resonance

frequency than those presented in the previous sections. Furthermore, the nonlin-

ear regime is reached at a higher driving amplitude, with an onset of nonlinearity

at 450mV amplitude. The linear driving parameters consist of a frequency of

8.04MHz and an amplitude of 400mV , whereas the nonlinear driving parame-

ters consist of a frequency of 8.07MHz and an amplitude of 700mV .
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Figure 4.3: The paddle NEMS resonator and its linear and nonlinear frequency
sweeps. (a) The fundamental mode shape of the device. (b) Linear to nonlinear
frequency open-sweeps.

Figure 4.4 depicts the first two out-of-plane mechanical mode shapes and their

corresponding frequency values from both the simulation and the open-sweep

measurements, and it is evident that the values are in agreement.

Figure 4.4: The mechanical mode frequency values from simulation and open-
sweep measurements. (a) The open-sweep frequency measurement of the regular
doubly-clamped NEMS device used in the experiments from 2 MHz to 40 MHz.
(b) The first two mechanical mode shapes of the device simulated.
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Following the performance evaluation with the MNIST handwritten digit

dataset, the experiments conducted with a single nonlinear paddle NEMS res-

onator yielded an average classification accuracy of 75% in the nonlinear regime

and 73.8% in the linear regime, demonstrating that the nonlinearity of NEMS is

indeed generating data mapping ability. The confusion matrix of the predicted

results with the average accuracy is shown in Figure 4.5.

The confusion matrices shown in Figure 4.5 clearly indicate that the classifi-

cation performance of the paddle NEMS reservoir is insufficient to reach at or

exceed the performance of the no NEMS case. Although the total accuracies of

the confusion matrices for the linear and nonlinear paddle NEMS cases are com-

parable, it is apparent that the linear paddle NEMS had greater difficulty in data

processing. The experiment results still demonstrate the challenge in recognizing

the digits 5 and 8 for all cases. However, while the highest false positive rate is

5% in no NEMS case and 7% in nonlinear case; it is 19% in the linear case, which

is for digit 8. Thus, it can be deduced that the challenge is not solely caused

by the algorithm but also by the data processing performed by the reservoir dy-

namics of the linear NEMS. A potential explanation for this result is that the

digit class 8 has the highest amount of white pixels, and since white pixels have

a larger pixel value multiplier, the NEMS nonlinearity has a stronger impact on

the data for white pixels during the experiments. Hence, the digit 8 has a greater

disparity in data processing across the linear and nonlinear regimes compared to

the other digit classes. So, it can be inferred that the linear dynamics fails to

achieve the linear separability of the data resulting from the nonlinearity. This

situation results in the given high false positive rates, and it undermines the re-

liability of the accuracy result of the linear NEMS and the comparison between

the accuracies of the linear and nonlinear NEMS.
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Figure 4.5: MNIST handwritten digit recognition using the reservoir computing
system with paddle NEMS resonator. Confusion matrices of the predicted results
with the average accuracies for no NEMS case (a), linear paddle NEMS (b),
and nonlinear paddle NEMS (c).
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Figure 4.6 displays a graph illustrating the results obtained from the single

nonlinear paddle NEMS resonator RC structure. The classification accuracies

achieved by employing both the linear and nonlinear regimes of the paddle NEMS

are compared to the case where training is performed without a NEMS. Contrary

to predictions, the accuracy of the no NEMS case is the highest, while the av-

erage accuracies of the linear and nonlinear paddle NEMS examples are similar.

This might be attributed to the presence of noise in the data processing with

NEMS, but since there is no physical implementation in the no NEMS case, the

classification task becomes easier for the algorithm.

Figure 4.6: Effect of the separation time with paddle NEMS resonator. The
comparison of the obtained average accuracy values based on the separation
time. The test conditions are: Q = 58, fd,linear = 8.04MHz, VAC,linear =
400mV ; fd,nonlinear = 8.07MHz, VAC,nonlinear = 700mV, VDC = 1 V, T =
14.42 µs.
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As can be seen in Figures 4.6 and 4.7, the average signal-to-noise ratio (SNR)

of the nonlinear NEMS is 58% higher than that of the linear NEMS, whereas the

average accuracy achieved with nonlinear NEMS is only 1.6% higher than that

of the linear NEMS. The correlation coefficient between the SNR and accuracy

values is calculated as −0.3 for the experiments conducted with linear NEMS and

0.1 for the ones with nonlinear NEMS. These values indicate a weak relationship

between those parameters. Hence, despite the much greater SNR in the nonlinear

regime compared to the linear regime of the NEMS, no discernible difference has

been observed in the accuracy results. This situation suggests that there are other

factors with a greater effect on the accuracy variations between the linear and

nonlinear regimes, possibly related to the design or operation of the RC system.

The correlation between the SNR and accuracy values could be explored further

by cautiously testing higher driving amplitudes to compare the influence of the

nonlinearity in the system.

Figure 4.7: Signal-to-noise ratio comparison of the experiments conducted with
paddle NEMS resonator.
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4.4 Training and Validation Algorithm for the

Reservoir Outputs

The algorithm is written using MATLAB software; the code used can be seen

in Appendix B. The algorithm starts by importing the required data and set-

ting the variables used in the algorithm. These variables include the pixel num-

ber (440), the number of training samples (900), the number of testing samples

(100), and the number of data points used at the beginning of the 1000 im-

age data. This is done to distinguish the beginning and end of the data during

experiments, as the data collection process takes only seconds, and it can be

challenging to visually identify the beginning and end of the data. A dataset

of 3000 data points comprising 1000 instances of the value 1, 1000 instances

of value 0, and 1000 more instances of value 1 is utilized for this purpose. As

a result, the dataset provided to the reservoir consists of 443000 data points

(440 pixels x 1000 images + 3000 datapoints at the beginning).

Then the csv file containing the input data used in the amplitude modulation

and the txt file with the output of the NEMS reservoir are loaded in the code,

along with the mat files containing the train and test samples obtained from the

MNIST handwritten digit dataset.

The imported input and output data undergo transformations to ensure com-

patibility during training. Subsequently, the output data is checked to see if any

distortion is present. Afterward, the ring-down time value of the resonator, the

separation time constant, and the sampling rate utilized in the experiment are

inputted in the code. Next, the input and output signals are visualized in the

Signal Analyzer application of the MATLAB software to align the data on top

of each other for training. The 3000 data points (1-0-1) at the beginning of the

input and output data are also valuable in this task. For this, the shifts in input

and output timescales are calculated and compensated for data alignment. Once

the alignment is completed, the output data is downsampled to match the num-

ber of data points in the input data, employing the separation time used in the

experiment.
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Later, the first 3000 data points are removed from the downsampled output

data, followed by the normalization of the output. Then, the resulting data

consisting of 440000 data points is converted into a 440x1000 matrix, representing

1000 images with 440 pixels. Now, the images from the NEMS reservoir output

are ready to be trained after the images imported from the MNIST dataset are

cropped for compatibility. The rest of the code carries out the training and

validation processes, elaborated upon in the following sections.

4.4.1 Training with Ridge Regression

This study utilizes the unique nonlinear characteristics of the NEMS resonator

employed in the proposed RC architecture to map the input data into a higher di-

mensional space for using linear regression for the classification of MNIST hand-

written digits. The mapping process efficiently converts the complex, multi-

dimensional data into a representation that can be linearly separable. The train-

ing algorithm for classification uses the advantages of linear regression, such as

its simplicity in application and low-cost computation.

However, the linear regression model has the possibility of overfitting, although

the NEMS resonator successfully maps the input data. In order to avoid this risk

and improve the model, ridge regression is utilized. Ridge regression incorporates

a regularization coefficient into the least squares method employed in regular

linear regression. The penalty term coming with the regularization coefficient

hinders the model from assigning large weights to some aspects of the input data.

Thus, it constrains the model from overfitting to the training data and minimizes

its variance by penalizing large weights.
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The mathematical representation of this algorithm is shown in Equation 4.1.

ŷ = xT β̂, β̂ = (XTX+ λI)−1XTy (4.1)

where y is the actual output, ŷ is the guessed output,X is the matrix consisting

of all the input data (x), λ is the regularization coefficient, and β̂ represents the

weights.

While employing the ridge regression in the training algorithm, a custom func-

tion is written that calculates the weights. The function begins by generating a

10x900 regression matrix representing the 10-digit classes and 900 training im-

ages to become a one-hot representation of the trained data later in a for loop.

Then, another matrix with dimensions of 10x440 representing the 10-digit classes

and 440 pixels is built to store the weights in the same for loop. Finally, in

the for loop, the regression matrix is filled to create a one-hot representation of

the trained data, and the weights matrix is filled with the values calculated us-

ing MATLAB’s built-in ridge function, taking the regression matrix and trained

data matrix with the optimal regularization coefficient determined through the

mentioned search process as inputs.

The choice of the regularization coefficient, represented by λ, is crucial in

achieving optimal performance using ridge regression. A smaller value of λ re-

duces the influence of the penalty term, causing the model to work like regular

linear regression. On the contrary, large values of λ eliminate large coefficients

too much, creating a potential risk of underfitting. A careful search procedure

is utilized to determine the ideal value of λ that minimizes the total error on

a specified validation set in the training algorithm. A delicate balance between

model complexity and performance is achieved by integrating ridge regression

and neatly choosing the regularization coefficient. As a result, a more practical

algorithm is created for the MNIST handwritten digits classification task in this

study.
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4.4.2 K-fold Validation

When evaluating the classification performance of the proposed single nonlinear

NEMS resonator RC system, the k-fold validation method is considered to be the

most appropriate approach. The validation is conducted with 600 randomized

folds to guarantee that it is carried out fairly. The validation sets have been cre-

ated using 100 digits. However, when this was done by selecting 100 consecutive

digits from the main dataset of 1000, it resulted in the validation data having

different numbers of digits from different digit classes. This situation results in

an undesired biased calculation.

In order to address this issue, a validation fold consisting of 100 digits, includ-

ing 10 digits from each digit class, has been created, ensuring that the effect of

each of the 10 classes (0-9) is evenly represented. Yet, selecting 10 digits from

each class has the potential to introduce bias due to the presence of several po-

tential combinations. Hence, the digits were randomly selected 600 times, and

the resulting accuracies were averaged to get the reported accuracies in this the-

sis. This is accomplished by providing 600 different seeds to the random number

generator is the code.
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Chapter 5

Conclusion and Future Remarks

In this work, a simplified single nonlinear NEMS resonator RC system operating

at ambient pressure with its intrinsic nonlinear dynamics is presented. Compared

to the state-of-the-art with significantly higher ring-down times, the proposed sys-

tem avoids the need for complex vacuum setups and offers more efficient and faster

information processing. Furthermore, the experiments with the NEMS reservoir

can be completed within minutes owing to its high processing speed, while it can

be integrated into various systems due to its small size. As a result, the proposed

novel RC system offers a practical and broadly applicable alternative to the tradi-

tional RC systems thanks to the improved system parameters, particularly lower

decay times. A comparison between classification speeds of other RC works is

displayed in Table 5.1.
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The proposed single nonlinear nanoelectromechanical resonator reservoir com-

puting model, in light of the findings of this study, offers several advantages.

These include the ability to operate in atmospheric conditions, rapid operation

speed due to the low ring-down times of the resonator, and portability and appli-

cability due to its compact size. Nevertheless, it is recommended to investigate

a broader spectrum of separation times in order to improve the capabilities of

the proposed model. This allows for additional adjustments to be made to the

NEMS reservoir’s nonlinearity and memory capacity. Moreover, conducting ex-

periments and training with a dataset consisting of more than 1000 images will

enhance the comprehensiveness of the model in evaluating the classification ac-

curacy of the NEMS reservoir. Furthermore, trying different device designs to

manipulate the quality factor and fundamental frequency of the device could

allow control over the resonator ring-down time and, thus, the experiment pa-

rameters. Also, the devices and experiments should be designed further to reach

higher nonlinear driving amplitudes. Finally, as this study only evaluates the

MNIST handwritten digit recognition benchmark, it would be beneficial to eval-

uate the proposed architecture in more relevant and challenging applications.
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Reference Publication Year Technology Ring-down/Relaxation Time

[8] 2021 MEMS Resonator ∼16 milliseconds

[9] 2021 MEMS Resonator few microseconds

[22] 2021 MEMS Resonator ∼330 microseconds

[23] 2020 MEMS Resonator ∼96 microseconds

[24] 2022 Photo-Synaptic Memristor
Array

29 - 280 milliseconds

[25] 2022 3D Memristor ∼600 microseconds

[26] 2022 3D Dynamic Memristor
Array

few microseconds

[7] 2021 2D Memristor ∼100 milliseconds

[6] 2021 Dynamic Memristor ∼400 microseconds

[27] 2020 Memristor Network ∼100 milliseconds

[28] 2019 Magnetic Skyrmion
Memristor

∼25 nanoseconds

[29] 2022 Optoelectronic Synapse on
Van der Waals layer

30 - 900 milliseconds

[30] 2021 Biocompatible Organic
Electrochemical Network

∼100 milliseconds

[31] 2023 Ferroelectrics 12 - 280 milliseconds

[32] 2022 Ferroelectric FET ∼100 nanoseconds

[33] 2021 Photonics range of picoseconds to
microseconds

[34] 2021 Spin-torque Nano-oscillator ∼200 nanoseconds

[35] 2021 Spintronics 10 - 100 nanoseconds

[36] 2020 Spintronics hundreds of nanoseconds

[37] 2019 Spin-torque Nano-oscillator ∼4 nanoseconds

[38] 2021 Stripe Magnetic Garnet few nanoseconds

Table 5.1: A Comparison of Recent Reservoir Computing Speeds
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Appendix A

Fabrication of NEMS Devices

Figure A.1: (a) Top/front & section view: Sample after the first bilayer PMMA
coating. (b) Top/front & section view: Sample after the first EBL step for
patterning the gold regions and development.
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Figure A.2: (a) Top/front & section view: Sample after the chromium and gold
deposition. (b) Top/front & section view: Sample after the first lift-off.

Figure A.3: (a) Top/front & section view: Sample after the second bilayer PMMA
coating. (b) Top/front & section view: Sample after the second EBL step for
patterning the copper etch mask and development.
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Figure A.4: (a) Top/front & section view: Sample after the copper deposition.
(b) Top/front & section view: Sample after the second lift-off.

Figure A.5: (a) Top/front & section view: Sample after the anisotropic sili-
con nitride etching and isotropic nitride etching using ICP to suspend the beam
structure. (b) Top/front & section view: Sample after the copper etch mask
removal.
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Figure A.6: Final view of the NEMS chip (top). The device is ready to be placed
on a custom PCB, wire-bonded, and used in the experiments.
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Appendix B

MATLAB Code for Training and

Validation of the Reservoir

Outputs

1 close all; clear; clc;

2

3 %% Importing the Data & Setting the Variables

4

5 pixels = 440; % pixel number for each image

6 num_train = 900; % number of train images

7 num_test = 100; % number of test images

8 num_image = num_train + num_test; % total number of images

9 beg_data = 3000; % number of data in the beginning

10 num_data = pixels*num_image + beg_data; % total number of

data

11

12 in_file = 'ae.csv'; % input file name

13 out_file = 'paper_data_020922_08.txt'; % output file name

14 test_file = 'test_samples.mat'; % test images

15 train_file = 'train_samples.mat'; % train images
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16

17 filename = out_file; % output file name

18 fid = fopen(filename); % open the output file

19 % get the amplitude and time data

20 data = textscan(fid , '%f %f','Delimiter ',';','headerlines '

,5);

21

22 r_temp = data {2}; % output amplitude

23 t_temp = data {1}; % output time

24

25 input = readmatrix(in_file); % read given data

26 input = input (1: num_data); % in case of eliminating images

27 input = (input ./2+(1/2)).^2; % since the input is 2*sqrt()

-1, reverse it

28

29 % remove the distorted data

30 dist_ind = [];

31

32 for i = 2: length(r_temp)

33 if t_temp(i)-t_temp(i-1) > 1e-4

34 dist_ind = [dist_ind i];

35 end

36 end

37

38 ring_down_t = 6.25e-6; % ring down time

39 sep_t_coef = 0.8; % seperation time calculation coefficient

40 samp_rate = 460.6 e3; % sampling rate

41

42 shift_in_per = -2.6e-3 -10.8e-6; % shift in input period

43 shift_out_t = 15.249707+5e-3-2.5e -6 -2*(2.2123892); % shift

in output time

44

45 % calculate delayed time , checking from signal analyser
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46 delayed_t = num_data*ring_down_t*sep_t_coef + shift_in_per;

47 % using the calculated time , construct input time

48 t_input = linspace(0,delayed_t ,length(input)) ';

49

50 t = t_temp + shift_out_t; % shift the output time since it

starts late

51 r = r_temp ./max(r_temp); % normalise the amplitude

52

53 %% Downsampling the Output

54

55 ind = zeros(1,num_data); % initialise index array

56 % get the first index of the output time when it is equal

to the input time

57 ind (1) = find(t-t_input (1) <1e-6,1,'last');

58

59 shift_samp_per = -2.96e-3; % shift in sampling period

60

61 % calculate the sampling period , checking from signal

analyser

62 samp_period = (num_data*ring_down_t*sep_t_coef+

shift_samp_per)/...

63 (num_data*sep_t_coef);

64 jump = samp_period*samp_rate*sep_t_coef; % jump between

each signal

65

66 % get the remaining indices for the output time

67 for i = 2: num_data

68 ind(i) = ind(1)+jump*(i-1);

69 end

70

71 ind2down = round(ind); % round the indices to use

72 r_downsampled = r(ind2down); % get the undersampled

amplitude
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73

74 %% Getting the Images

75

76 ind2tr = round(ind); % indices to train the data (one

seperation time)

77 r_train = r(ind2tr); % amplitudes to train the data

78

79 r_train = r_train(beg_data +1: end); % remove the data in the

beginning

80

81 for j=1: num_image

82 r_train(pixels *(j-1)+1: pixels*j) = r_train(pixels *(j-1)

+1: pixels*j)/...

83 sum(r_train(pixels *(j-1) +1: pixels*j));

84 end

85

86 exp_020922_08 = r_train;

87

88 save(" exp_020922_08.mat",'exp_020922_08 ')

89

90 % reshape the data to train in pixels x train data number

matrices

91 x_tr = reshape(r_train(num_test*pixels +1:end) ,[pixels

num_train ]) '; % first 100 test

92

93 % reshape the data to train in pixels x test data number

matrices

94 x_te = reshape(r_train (1: num_test*pixels),[pixels num_test

]) '; % first 100 test

95

96 x = [x_te;x_tr];

97

98 %% Loading the Images
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99

100 load(test_file) % load the test images

101 load(train_file) % load the train images

102

103 %% Training & Validation

104

105 total = vertcat(train ,test); % total dataset

106 acc = zeros (1 ,600);

107

108 for n = 250001:200:370000

109

110 rng(n) % seed the random number generator

111

112 y = total (:,1); % get the correct digits

113 idxMAT = zeros (10 ,10); % initialize the random indices

matrix

114

115 for i=0:9 % for each digit

116 idx_dgt = find(y == i); % find the indices of each

digit

117 % get 10 random numbers for that digit

118 rndm_idx_dgt = randperm(length(idx_dgt) ,10);

119 % choose digits of the random indices

120 rndm_chosen_dgt = idx_dgt(rndm_idx_dgt); % place in

the matrix

121 idxMAT(i+1,:) = rndm_chosen_dgt;

122 end

123 idxVect = reshape(idxMAT ,[1 100]); % vectorize the

random indices

124

125 % test data indices from above (10 randomly chosen

images from each digit)

126 idx_test = idxVect;
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127 % training data

128 idx_train = ~ismember (1:1000 , idx_test);

129

130 % construct the random test and train datasets

131 test = total(idx_test ,:);

132 train = total(idx_train ,:);

133

134 y_train = train (:,1); % the number shown in each image

to train

135 x_train_initial = train (:,2:end); % pixels of each

image to train (28 x28)

136

137 y_test = test (:,1); % the number shown in each image to

test

138 x_test_initial = test (:,2:end); % pixels of each image

to test (28 x28)

139

140 y = vertcat(y_train ,y_test);

141

142 x_te = x(idx_test ,:);

143 x_tr = x(idx_train ,:);

144

145 % initialise pixels for train images (22x20)

146 x_train = zeros(length(y_train),pixels);

147 % initialise pixels for test images (22 x20)

148 x_test = zeros(length(y_test),pixels);

149

150 % crop each image and normalise each pixel

151 for i = 1: length(y_train)

152 x_train(i,:) = crop(x_train_initial(i,:))/255;

153 if i< num_test +1

154 x_test(i,:) = crop(x_test_initial(i,:))/255;

155 end
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156 end

157

158 %% Confusion Matrix and the Accuracy of the Training

159

160 % normalize the output data

161 for i=1: num_train

162 x_train(i,:)=x_train(i,:)/sum(x_train(i,:));

163 end

164

165 for i=1: num_test

166 x_test(i,:)=x_test(i,:)/sum(x_test(i,:));

167 end

168

169 weights = output_training(y_train ,x_tr); % get the

weights of train images

170

171 [~,index] = max(weights*x_te ',[],1); % guess the test

images

172 guess = index - 1; % substract 1 to get 0-9 from 1-10

173

174 % get the confusion matrix of the guesses and plot

175 C = confusionmat(y_test ,guess);

176

177 % cm = confusionchart(C,[0 1 2 3 4 5 6 7 8 9],'

RowSummary ','row -normalized ');

178 % cm.Title = 'Confusion Matrix of the Model ';

179

180 % sum up the diagonals of the confusion matrix to get

the accuracy

181 accuracy = sum(diag(C))/length(y_test);

182 acc(n) = accuracy;

183 % fprintf (" Accuracy is: %3.2f \n", accuracy); %

announce the accuracy
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184

185 end

186

187 %% Functions Used in Training

188

189 function signal = crop(vector)

190 image = reshape(vector ,[28, 28]); % reshape the pixels in

28x28

191 c_image = image (4:25 ,5:24); % crop the image to make it 22

x20 pixels

192 signal = reshape(c_image ,[440 ,1]); % reshape the cropped

image in 440x1

193 end

194

195 function weights = output_training(y_train ,x_train)

196 y_reg = zeros (10, length(y_train)); % initialise 10 row

regression matrix

197 weights = zeros (10 ,440); % initialise 10 row weight matrix

198 for i = 1:10 % for each image

199 % detect the indices of each number shown in the images

(0 to 9)

200 y_reg(i,y_train ==i-1) = 1;

201 % for each number shown , check its BW values and get

the weight

202 weights(i,:) = ridge(y_reg(i,:) ',x_train ,400);

203 end

204 end
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Appendix C

Mass Spectrometry with

Nanoelectromechanical Systems

(NEMS)

In literature, these systems have been used for the mass spectrometry (MS) of

large particles that are particularly heavier than 10 MDa [39]. However, the

capability of measuring such mass range cannot be done by conventional MS

systems [40]. The mentioned analytes can be metallic, ceramic, polymeric par-

ticles, or organic matter, such as viruses and lipid vesicles; however, none of

these analytes can be measured using the commercial MS [41]. One exceptional

conventional MS technique, known as charge detection MS (CDMS), can detect

analytes within the specified mass range by measuring both the mass-to-charge

ratio and the charge at the same time to get the mass value [42]. Nonetheless, the

NEMS-MS can measure mass without measuring other analyte properties, which

makes the MS dependent on only the mass values and, thus, more reliable than

the conventional methods [43]. Additionally, since NEMS are implemented on

small chips, they have a smaller footprint, weigh less, and are simpler to deploy

in more complicated systems.
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C.1 Atmospheric Mass Spectrometry with NEMS

The NEMS-MS works basically by moving the analytes on a resonating nano-

beam, with a few micrometers in length and less than a micrometer in width.

Since the movement of the particles can result anywhere on the chip, a vari-

ety of lensing methods have been developed to focus the particles on the beam,

including ion optics, aerodynamic lensing, and electrospray ionization (ESI) tech-

niques [39,44–46]. Since the ion optics and aerodynamic lensing methods require

expensive and complex ultra-high vacuum (UHV) systems, a polymeric lens has

been invented to focus the analytes on the beam through the use of ESI and

improve the capture efficiency. This lens is essentially a photoresist layer on

the NEMS chip with an opening aligned with the beam, and it charges up as

the ions generated by ESI move toward the chip. After some time, the lens ac-

cumulates enough charge to push the incoming same-charged ions towards the

opening, i.e., on the resonator beam. The employment of this system allowed

the NEMS-MS experiments to be done under atmospheric conditions, resulting

in a six-order-of-magnitude improvement in capture efficiency compared to the

previous state-of-the-art with only one-order-of-magnitude decrease in mass res-

olution [14].
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Figure C.1: Atmospheric Mass Spectrometry with NEMS, adapted from [14]
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C.2 Atmospheric Single-Mode Mass Spectrom-

etry with Paddle NEMS

In the mentioned methods, mostly doubly-clamped beams or cantilevers have

been used [47, 48]. However, when a uniform geometry is used for resonator ge-

ometry, the mass measurement of the analytes depends not only on their mass

but also on where they land on the resonator. To resolve two unknowns, two

knowns, namely the first and second mechanical modes of the resonator, have

been used during the experiments [49]. This method is not preferable for two

main reasons: employing two modes makes the experiments more complicated,

and modes might diverge from their ideal expectations in ambient operations and

cause uncertainties. To eliminate these, a different NEMS architecture was de-

signed with a paddle region in the middle of a doubly-clamped beam to create a

uniform mode shape at the first mechanical mode of the resonator. This uniform

mode shape leads to position-independent mass sensing on the paddle region and

the chance to use only the first mechanical mode of the resonator in the experi-

ments [13,21]. I contributed as the third author to the publication of this work.

Figure C.2: Atmospheric Single-Mode Mass Spectrometry with Paddle NEMS,
adapted from [21]
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