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ABSTRACT

A new class of electronic device has emerged which bear the potential for low powered brain like adaptive signal processing, memory, and learning. It is a non-linear resistor with memory coined as memristor. A memristor is a two-terminal electrical device which simultaneously changes its resistance (processing information) and store the resistance state pertaining to the applied power (memory). Therefore, it can collocate memory and processing much like our brain synapse which can save time and energy for information processing. Leveraging stored memory, it can thereby help future engineered systems to learn autonomously from past experiences. There has been a growing interest in understanding the working dynamics of these devices, exploring materials and engineering material combinations to build them, developing methods to integrate them in electronic systems, and building software for its operation with other traditional electronic devices, therefore encompassing multiple disciplines of science and engineering.
In Chapter 1, I review literature on memristive devices from their varied properties to different functionalities, different materials used, and different applications. I discuss the progress in the development of these devices, the gaps that persist, specific research objectives and state my approach to address some of the research gaps. Across chapters 2 to 5, I describe my work on different types of memristive devices and systems to address these research gaps. I demonstrated electrical synapse inspired device synchronizing firing of two neurons in chapter 2, revealed effect of low molecular weight amphiphilic block copolymers on the equilibrium properties of lipid membranes in chapter 3.  
Chapter 4 presents a hardware alone system combining materials for distributed sensing (dimpled flexible sheet) and non-volatile memory (PEDOT:PSS thin film memristor) for distributed sensing, memory, and learning. This prototype can be physically trained to learn different input patterns and generate responses accordingly very similar to our biological tactile sensing and reaction system. Chapter 5 reveals the previously unknown resistive switching mechanism of the Cu/PEDOT:PSS thin film memristors.
As a summary of the contribution of this dissertation is to understand the contribution of material architecture and composition on resistive switching and memory in emerging biomolecular and polymeric neuromorphic devices.
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1.1 Introduction
[bookmark: _Hlk101690174][bookmark: _Hlk101690128]Present day computational systems leverage Von Newman architecture [1] and solid state electronic components to process information at exceptional speeds (10 billion basic operations/second) [2]. These machines are segmented into specialized units for control, memory, and arithmetic and other operations [3]. The whole machine follows a single program stored in memory, operating on data represented with binary states. Computation is performed symbolically on the foundation of Boolean logic, and sequentially following the globally stored program. Enhancement of computing capabilities of these components (and trying to make them denser) have been driven by reduction in device size. Now, these systems face two limitations: i) Moore’s law restricts them to be scaled down any further; ii) Von Neumann bottleneck causes either the processor, or the memory to sit idle when the other one of them is active, which hinders throughput of the system and makes them energy inefficient. Its inability to parallelly process information [3, 4] also render them handicapped when faced with a wide variety of data. When armed with artificially intelligent software, these systems can learn from experience and adjust to new inputs to perform human like tasks too. But they are limited by energy inefficiency (100 watts) [5]. In contrast the human brain can perform adaptive computation for signal/information processing, provide memory, learning, classification, and decision-making abilities. This ability of the brain is derived from the massively parallel signal processing capabilities of its comparatively slow (<1000/sec), yet energy efficient (10 watts) complex network of neurons and collocation of memory and processing in the synapse.   
A neuron can be thought to be a node with a variety of inputs and one output. Its goal is to receive a stimulus at the inputs and provide a response at the output. The inputs often in the form of electrical signals received via synapses affects the time-course of the neuron’s membrane potential. If the membrane potential exceeds a threshold voltage at the cell body, it evokes a sharp voltage spike, called action potential, which is transmitted to other neurons un-attenuated along a fiber, called axon [6]. The transmission along the axon in form of spikes represents digital communication, while the local processing performed by the neuron is analog. At the end of axons, individual neurons connect to target neurons and excite or hinder their activity, establishing circuits that can keep processing incoming information and respond in a desired manner. The point of communication of two neurons happens at the synapse. At the synapse, the action potential fired in the presynaptic (sending) neuron causes neurotransmission of the signal to the postsynaptic (receiving) neuron. Only if the received signal crosses a certain potential threshold at the postsynaptic neuron it fires its own action potential [6]. Thus, the brain’s complex network of neurons, paired with high level autonomous interactions among them through synapses, provides it superior information processing and cognitive capabilities over modern-day computing systems.
The motivation to build brain-inspired hardware has been to mimic the brain’s ability to do complex processing and learning with very little energy in artificial hardware[7] with neural circuits robust to imperfections of the essential devices. In biology, learning is achieved through activity dependent changes in the synaptic junction strength. Similarly, activity driven dynamic plasticity of resistance levels in artificial synaptic devices would enable these devices to learn over time [8]. Physical systems capable of sensing, and parallel processing (memory included) of information through memristors can emulate functionality of biological sensory nerves [9]. Realization of these neural circuits would therefore require devices that behave like synapses (for signal processing) and neurons (lossless signal propagation, data classification). 
Memristors have gained the spotlight because of their analog switching [10, 11] of resistance states bearing resemblance with biological synapses modulating their synaptic connection strengths (or synaptic weights) depending on the applied action potential [12-16]. They promise on-chip memory and storage, biologically inspired computing and in-memory computing which attracts waves of research interests [5]. Memristors, alike biological synapses, can collocate memory (specific resistance levels or synaptic weights) and processing (naturally transmit signals onto post neurons) of signals. These devices can have high speed [17] and low energy consumption [18]. Therefore, these are two-terminal devices which undergo dynamic reconfiguration of their resistance states with application of external stimuli. 
Since the first physical demonstration of a memristor[10], there has been a growing curiosity in search for novel materials to build different kinds of memristors. State of the art redox (reduction and oxidation) memristors [10, 19-23] and phase-change memristors [24-27] have displayed high switching speeds as well as degree of memory retention. They have also found integration in conventional CMOS circuits [28, 29]. Organic memristors [30] in contrast to traditional oxide-based memristive devices are inherently modular and offer the promise of spatially-uniform resistive switching, tunable molecular functionalities, choice of electrodes, and lower operating energies for adaptable memory retention that are highly desirable but elusive with other material systems [31]. They additionally offer high endurance and mechanical flexibility, making them suitable for wearable compliant and flexible devices. But they are limited in reproducibility and understanding of their working mechanisms. Also, current organic devices are unable to capture the variety of mechanisms and dynamics [32], including the morphological growth and remodeling that are exhibited by biological synapses, therefore limiting their integration in functionally dense neural networks.
Bio-molecular memristors, uniquely mimic the structure, composition, and biophysical properties of synaptic membranes. These modular systems consist of a capacitive lipid membrane doped with one or more types of voltage-dependent ion channels that operate at biologically relevant voltages (<|200 mV|). These relatively inexpensive and signiﬁcantly low powered devices (∼0.1−10 nW) [32], are easily scalable via droplet-based printing [33] or microﬂuidic methods [34], thus proving valuable contributions towards achieving brain like cognitive capability at biologically relative voltages.
Therefore, diverse electrical responses of different materials due to complicated physical transformations in them motivates continued research to understand, model, and design the non-linear resistive switching dynamics in these devices. Continued outcome from these researches will expand the scope of the implementation of synaptic devices as volatile and non-volatile devices for embedded signal processing and computing of sensor outputs in autonomous smart systems through retention and reorganization of memory processes.
Memristor device overview and history
The known fundamental passive circuit elements were limited to the capacitor (discovered in 1745), a proportional factor relating charge and voltage (dq =Cdv), the resistor (1827) again a proportional factor relating voltage and current (dv =Rdi), and the inductor (1831) a constant between flux and current (dΦ= Ldi)[35]. Leon Chua identified the missing relation between flux and charge and in 1971 proposed the fourth basic two-terminal circuit element, the memristor [36]. He demonstrated that this element behaves like a non-linear resistor with memory (contracted as memristor). Memristor can be described to be an electronic element that adjusts its resistance in accordance with the total amount of charge that flows through it. Its basic functionality is to remember the history of its resistance states. Later in 1976, he introduced a broader definition for memristive devices and systems that included multiple input forces, multiple output variables, and multiple internal mechanisms capable of altering the memristance [37]. This broader definition allowed effects of threshold voltages [10, 38, 39], volatile relaxation [40], thermal [41], optical [42], and magnetic inputs [43, 44]. Even after the initial conceptualization of a memristor, no one managed to build it for the next 30 years. In 2008, a group from Hewlett-Packard labs, California, led by Stanley Williams surprised the electronics community with the physical realization of a memristor. This provided an alternate route to build denser connections in memory devices other than building tinier transistors. The size of conventional transistor has been dropping as forecasted by Moore’s law, but now the size is approaching inter-atomic distances and quantum phenomena will degrade their performance and reliability [45].
Therefore, accelerated research for new beyond-CMOS devices and circuits and research interests for physical memristors and memristor models grew exponentially. In 2009, a non-linear drift memristor was modeled by Biolek et al [46]. A nano-scale memristive device mimicking the biological synapse was proposed by Wei Lu from University of Michigan in 2010 [12]. Till 2017, there has been approximately 30,000 papers [47] published in peer reviewed journals related to memristor fabrication or application.
Although there is significant footprint of emerging technologies like Phase change memory (PCM), Spin-Transfer Torque (STT), and REDOX, memristors stand out as the most promising one amongst them because they offer memory array that are denser than those of Flash memories and Hard Disk Drives (HDD), and interestingly are of a speed comparable to the DRAM and SRAM. Simple crossbar structure, with each memory cell occupying just a few nanometers makes memristive arrays dense. Thus, memristors are forecasted to as supplements or even replacements for CMOS-based memories [48-51]. Another encouraging application for memristors is bio-inspired computing [12]. Here, the goal is to enable collocation of memory and processing mimicking the parallel processing capability of our brain. Memristors being low powered devices also makes them lucrative devices for powerful and energy efficient computing systems. In addition to memory and bio-inspired computing, memristors offer design possibilities for building electronic oscillators [52], chaotic oscillators [53-55], hardware security [56-58] and sensors [59-61]. Therefore, memristors have the potential to revolutionize the way future computers and electronic systems will work.  
[image: ] 
Figure 1.1. Relation between the fundamental circuit elements suggested a missing circuit element 
[10].










Memristor device property
Any two-terminal device can be called a memristor if it displays a pinched hysteretic loop for bipolar periodic excitation on a current-voltage (i-v) plane [36]. This is loosely similar to the working of a transistor where the output current can be controlled by controlling the gate voltage. But, unlike a transistor, a memristor does not have a third terminal to control the device state. The hysteretic response of a memristive device demonstrates its ability to remember the input stimuli and change its resistance state accordingly[37].
A second signature of a memristor is its response to different frequencies of stimuli, displaying its limiting linear characteristics[37]. Memristors display maximum current voltage (I-V) hysteresis at a certain frequency which indicates the speed of resistive switching due physical changes in the material of the device or in-short speed of the device. Its periodic operation degenerates into a linear invariant resistor with the input frequency increasing towards infinity. With the input frequency dropping towards zero, the memristor sinks into a non-linear resistor. Therefore, memristive device operation under DC voltage is similar to non-linear resistor. 
Third property of memristor is its volatility, i.e its ability to hold on to a resistive state. A memristor can be volatile (cannot retain the newer resistance state with removal of power supply) contributing to short term memory or non-volatile (retains memory states even after removal of the stimuli/power supply) contributing to long time memory capability of the device.
Also, memristors act only as passive elements, in that they enable computing by modulating the connections between active units, but do not directly inject energy or amplify signals themselves [62]. Memristors being a passive device, the instantaneous power is always non-negative. Therefore, there is no need for discharge. 
Chua et.al also pointed out that memristors can bear an odd symmetric i-v relationship with respect to origin whenever the memristive weight (resistance) is periodic of the same period as that of the input v(t) and is a quarter-wave symmetric [37]. 
Memristive device functionality
The function of a resistor is to obstruct the flow of charge. Its resistance for a given material can vary only with the dimension of the resistor and cannot change its resistance based on the input stimuli. Unlike a resistor, the central function of a memristor is to change its resistance state with the amount and direction of the input stimuli. Memristors which are often compared to chemical synapses of the brain retain its initial resistance state even with power supply till a threshold, eclipsing which the resistance switches to a newer resistance state. When the direction of the supply changes and starts dropping, the new resistance state is retained till the power supply is taken off. Some memristors retain the newer resistance state even with power supply off (non-volatile) while others cannot (volatile).
Chua had initially theorized the relation between flux and charge to memristor very similar to the relation between current and voltage for a resistor [36]. But this did not explain the physical interaction between charge and voltage. Williams et.al explained the relation between the functioning of the physical memristor [10] and Chua’s mathematical model. Their memristor used Titanium di-oxide bilayer of different oxygen vacancies as the resistive material. With a positive voltage sweep (power applied), the oxygen vacancies would get repelled and move towards the insulating part of the bilayer. This thinning of the insulative layer and increasing percentage of TiO2-x increased conductivity of the device. Similarly, with a negative voltage would decrease the conductive layer and insulative layer would regain its thickness. Thus, with voltage the conductivity could be controlled. But unlike a resistor, the conductive front (vacancies) would not migrate to initial state when power supply was removed, thereby remembering the last resistive state. The current-voltage response of the device depicts: i) non-linearity from the current increasing at an accelerated rate with increase in voltage; and ii) descending current traces a different path though dropping to zero when voltage applied turns zero, thereby plotting a hysteretic response. This means memristors can have plastic change in memory states.
Synaptic memory devices like memristors can also exhibit potentiation and depression of synaptic weight, that is, synaptic plasticity. Primarily, there are two types of synaptic plasticity: short-term plasticity (STP) and long-term plasticity (LTP). STP is the temporal strengthening of synaptic connections [63], which exists for a few seconds to minutes and then diminishes to its initial value. LTP [64] represents an enduring change in synaptic connections, which exists for hours or years or even a lifetime. These motivated Hebbian learning mechanisms, where the synaptic weight is updated in accordance to neural activities in pre-neuron and post-neuron cells [65]. In this form, one of the most important learning rules is spiking-time-dependent plasticity (STDP) [66]. STDP controls the plasticity of synapses based on temporal difference in spiking events of pre-synaptic and post-synaptic neurons, that is the synaptic weight is adjusted according to the timing of the fired spikes by connected neurons. According to this rule, the synapse potentiates if presynaptic spikes precede postsynaptic spikes repeatedly, and the synapse depresses if postsynaptic spike precedes presynaptic spike repeatedly. The precise pre- and post-spike timing window controls the sign and magnitude of synaptic weight modulation. Facilitation or inhibition of information transfer in human neural networks is related to the average firing rate of action potentials [67]. Therefore, spike-rate-dependent plasticity (SRDP) is an important synaptic learning mechanism in brain cognitive behaviors [64]. The synaptic weight between neurons can be modified by the firing frequency. In general, presynaptic spikes with high frequency will lead to potentiation, whereas presynaptic spikes with low frequency will result in depression. Moreover, there is a threshold frequency between potentiation and depression [68] which is a historical activity related function that can be modulated under different historical activities. Therefore, via emulating such synaptic behaviors (like plasticity) on neuromorphic devices we can build different types of temporal memories for neuromorphic systems.
Functionally the memristors can be divided into two-level (one-bit) and multilevel (multibit) ones [69]. One-bit device may be used as a cell of non-volatile memory with a large storage time and high resistance to radiation. Whereas the multibit memristors on the one hand can increase the density of integration of the non-volatile memory, and on the other hand can be used to form the basis of adaptive neuromorphic (cognitive) computational systems [69, 70]. Therefore, these devices can memorize the flow of charge in a set of time, providing resiliency and reliability to computing systems at power disruptions and being power efficient, makes them excellent candidate for a variety of computing and sensing applications. 
Electrical model of a memristor 
The memristor is envisioned to revolutionize signal processing and computing circuits in the future. But the complexity of ionic/electronic transport, tunneling mechanism, and nanoscale feature of the memristor introduces challenges in modeling and simulation of future circuits. Therefore, modeling the functioning of memristors can help their integration into circuits for simulation and accurate estimation of their performance. With application of an electric field across the terminals of a memristor, the current through the device results from the change in conductivity of the device, which can be threshold dependent multi-states loosely mimicking a chemical synapse or non-threshold dependent like an electrical synapse simply given by
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Rmem depends on the material of the nano device.                                                   
Based on the material composition and mechanism of resistive switching, different models have surfaced over the years of which the Linear Drift model[10, 71] and Non-linear drift model [10, 46, 72, 73] are most commonly used models. Various memristor models stemming from the basic memristor model continue to surface with progress in research, which helps in facilitating integration of these devices in various electrical circuits. While mathematical models are imperative to building circuits for realizing smart signal processing and learning, understanding the underlying switching mechanisms of memristive devices made from wide variety of materials, and applications of those are essential.
Memristor classification based on different materials.
In the article titled “If it’s pinched it’s a memristor”, Leon Chua referred to the fact that a device which satisfies the property of a hysteretic current-voltage response pinched at zero volts to a periodic input should be a memristor. But the hysteretic behavior can stem from a number of reasons. Conduction pathway creation and annihilation can be either abrupt (binary) or continuous (analogue), with different physical processes evolving at different timescales, leading to rich device behaviors in this seemingly simple device structure [5]. From Joule heating in macroscopic granular materials [74] to Kubo response theory [75] (dependent perturbation driven resistance correction) for nanoscale devices can display hysteretic response of a device. We can classify different types of memristors based on the materials that constitute the device and contribute to memristive behavior in device in three main types:
i) Solid state materials              ii) Organic materials               iii) Biomaterials.
Structural change driven memristors
Phase change driven memory storage devices are considered the most mature of the emerging memory technologies [76]. Phase change materials (PCM) are those which have diverse phases in 
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Figure 1.2. Different types of memristors originating from the diverse types of materials used to build them.









which the material can be either ordered (crystalline-like) or disordered (amorphous, as in a liquid), also commonly known as glassy materials[77]. These were discovered in late 1960s [78] in amorphous chalcogenides. These diverse phases have different resistances associated with them. If the structural changes can be stimulated by an applied voltage, then the phase transitions can drive swift switching between resistive states [78-80] due to  electrical instability. For PCM memory devices, a certain change in stimuli from the electric field or change in environment initiates a phase transition these materials on a lower scale (∼20 nm). These materials were not commercial for years due to the rapid advancement of silicon-based technology.
PCM devices are generically constructed with two types of materials squeezed between two electrodes. One of the two materials is usually an insulative material with tiny conducting channel, directly connected to the other material, i.e., the phase change material. With application of voltage, the channel heats up which causes local transformations in the phase change material, starting from point of contact at the conduction channel, continuing to the opposite electrode. Also, in some chalcogenides-based memristors ions are constrained to follow certain self-directed channels, and their operation is similar to both PCM-components and atomic switches [81].
Oxide materials
Resistive random-access memories (ReRAM/RRAM) have employed oxide based resistive materials for storage function [17] via a mechanism of resistive switching between a high resistance state and a low resistance state [82]under an external electrical input signal. These are constructed mostly of inorganic (grouped into binary oxides [83], ternary and multinary oxides, nitrides [84], chalcogenides [85], and others) and anionic materials i.e through merger of two different materials, one being a charge donor (one that has an excess of electrons) and the other being a charge acceptor (one with a deficiency of electrons), also commonly called doped and undoped materials.
Very similarly oxide based two terminal memristors employ diverse mechanisms for  resistive switching most common being movement of oxygen vacancies [19, 86] which results in valence changes in the active layer material [87, 88] and also filament formation [89] by the charge carrier, i.e also oxygen in these cases. Usually there exists a junction where one side is doped, and the other is undoped. This results in two different resistances: one is a high resistance (undoped) and the other is a low resistance (doped). With the application of an external bias v(t) across the device, 
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Figure 1.3. Current voltage (I-V) diagram typical of a phase change materials memory storage unit. [77].














the boundary between the two regions migrates by causing the charged dopants to drift. Irrespective of whether the RS is thermally or electrically driven, it is the chemical transition occurring in the material that causes it, and the hysteresis results due to vacancy movements in the materials. The change is a result of either direct application of the electric field, or as a consequence of the heating of the material (explained through models[90]) due to the current. The non-linear hysteretic change in the resistance states can be volatile and non-volatile. Non-linearities present in non-volatile materials means that the switching is dominated by the electrical switching.
This work by Strukov et al. [10] invigorated a lot of interest in construction of solid state memristors with different oxide materials [12]. While some research was directed towards demonstrating a faster switching speed device [17], major focus was also directed towards newer resistive switching (RS) mechanisms. 
For memristors using transition metal oxides as the insulative materials in between two metal electrodes, it is critical to note the p and n type nature of the oxides. This is crucial because the RS mechanism is then affected by the interface between the metal electrode and the active oxide layer [91-93]. Electric field induced variation of Schottky barrier height near the metal–oxide interface is a critical role player in the charge transport of the devices [91]. RS response varies for similar metal oxides but with active and inactive metal contacts [92, 94]. Efforts were made to understand the contribution of Schottky barrier dependent interfacial reaction towards RS [95] of Metal-oxide-metal (MOM) devices, but significant gaps remain in the explanation without experimental evidence indicating the theory proposed and very little efforts to explain the hysteresis observed.
Wei Lu created amorphous silicon memristors [12] constructed of a layered device structure including a co-sputtered Ag and Si active layer. The device had Ag-rich (high conductivity) region and an Ag-poor (low conductivity) region. RS mechanism banked on the Ag conductive filament formation and dissolution. These devices displayed switching speed faster than 5ns, high endurance with a few mA on-currents making them promising candidate for high-speed application comparable to conventional flash memory devices. These amorphous silicon memristor also had the edge of being fabricated with a CMOS compatible simple fabrication process already present in the semiconductor industry. One disadvantage of conducting filament based solid state devices have been their requirement of a high forming voltage forming (typically ≥ 10 V) for repeatable switching behavior which reduces the performance of power efficiency of devices [96]. Also, the retention time (how long the data is stored) was short (a few months) in comparison to other solid-state devices.
Wang et.al displayed a synaptic emulator where ion transport was by diffusion and not drift. The device explored how concentration difference of ions could promote diffusion of the same under influence of voltage. They used in situ high-resolution transmission electron microscopy (HRTEM) to study the nature of threshold switching and relaxation of the diffusive memristor. The Ag nano-particle dynamics of the diffusive memristors functionally resemble the synaptic Ca2+ behavior in chemical synapses and lead to a direct and natural emulation of multiple synaptic functions for both short-term and long-term plasticity, such as PPF, PPD, PPD following PPF, SRDP and STDP. Their diffusive memristor can also serve as a selector with a large transient nonlinearity that is critical for the operation of a large crossbar array as a neural network [97].
Pickett et.al fabricated and characterized niobium oxide current controlled-Negative Differential Resistance (CC-NDR) [98] devices. Joule-heating-induced [99-101] filamentary insulator-to-metallic phase transformation [98, 101][16, 3] in these devices drives switching of resistance states in the memristor. With application of current, when small part of the device is Joule heated above the transformation temperature more current flows through this region heating it further and expanding the region. This creates ‘threshold switching’ because of existence of bi-stable resistance states under voltage bias and a s-like shape of the current–voltage curve (S-NDR). Their device was volatile in nature because the formation and presence of the metallic phase is sustained by current flow but disappears upon the removal of bias [102].
Spin torque transfer
The key point in the definition of memristor [36] is its dependence on the historic behavior of current (or, for example, the integral of current profile over time). In a spintronic device, the current electron spin changes the magnetization state of the device. The magnetization state (magnetoresistance) of the device is thus dependent upon the cumulative effects of electron spin excitations. These are often categorized as second-order memory devices but a simplified model of spin-torque induced resistance is provided in [61]. The starting point is the Landau–Ginzburg–Gilbert (LGG) equation with a spin-torque interaction [103]. Two magnetic layers are considered to be perpendicular to the flow of the current, where one is fully polarized (i.e its magnetic orientation is fixed in a direction perpendicular to the current) while the second layer is free. Via the LGG equation with rotational symmetry, the dynamics of the angle between the pinned and free layer is given by
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where γ is called gyromagnetic ratio, α is the damping parameter, Hk is the perpendicular anysotropy in the free layer and p = f hI is current dependent which represents the effect of the current-polarization interaction. The presence of ‘h’ implies its quantum correction. Considering a simple case with full rotational symmetry, the induced magneto-resistance R(θ) depends on the angle θ in the case of full rotational symmetry as:
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where a and b are constants which depend on the resistance in the free layer and on the ratio between the highest and lowest achievable resistances. We thus see that, in the case of full rotational symmetry, spin-torque materials are first order memristors.
The use of a fundamentally different degree of freedom allows for the realization of memristive behavior [43]. It is provided by the electron spin and memristive behavior is obtained from the broad class of semiconductor spintronic devices. This class encompasses systems whose transport properties depend on the level of electron spin polarization in a semiconductor which is influenced by an external stimulus (such as an applied voltage). The structure and material of these proposed spin torque memristors are based upon existing (and/or commercialized) magnetic devices and can be easily integrated on top of a CMOS [104]. The integration of the spin torque memristor on CMOS is similar to the integration of magnetic random-access memory cell on CMOS. The potential applications of spintronic memristor are in multibit data storage and logic, novel sensing scheme, low power consumption computing, and information security. However, the small resistance ON/OFF ratio remains a notable concern for spintronic memristor devices.  Gao et.al displayed application in multi-bit cell switching of a spin-torque device. By controlling switching current pulse width, the sub-cells of magnetic tunneling junction are designed to switch freely between different bits combinations thereby encoding multibit data storage and logic [105].
Spintronic memristor has remarkable characters to sense nano-scale temperature. This is because of following unique properties of ferromagnetic materials used for these devices. Ferromagnetic materials have stable coherent macroscopic ordered states, such as multi-stable magnetization states, domain wall structure etc. Understanding and manipulating these structures have led to rapid growth of magnetic information storage capacity. These devices can be scaled down to structures at nano-scale that explicitly interact with thermal fluctuations. The interactions between macroscopic coherent magnetic structures and thermal fluctuations in ferromagnetic material provide the opportunity for nano-scale temperature sensing. Memristor device is special for this application because it is an integration system. The positive feedback between memristor resistance and driving strength is the key for this application. The unique ferromagnetic spintronic memristor device characters can be used for other novel sensing scheme. Besides temperature sensing, spintronic memristor can be designed to sense current fluctuations, electromagnetic field fluctuations and even material defects. Like for active power control systems, when the circuit power increases, memristor domain wall is pushed toward a direction to increase the memristor resistance which reduces the current and power through circuit. These devices are also used in data security, where the administrator fully saturate high resistance state and partially saturate low resistance state. Now, by checking the resistance change reading, the administrator knows whether the device information has been accessed or not. The integration capabilities and positive feedback mechanism in spintronic memristor make it particularly suitable for sensing random and fluctuating events. Nano-scale feature size, low cost and the mature integration technology with CMOS are the main advantages for their practical applications.
Advantages of solid state memristor: Solid state memristors provide high repeatability across cycles of periodic excitation and also across multiple devices. They are also compatible with current CMOS fabrication procedures and easier integration to CMOS architecture. They can also withstand higher temperatures during fabrication, therefore can be developed in currently available semiconductor foundries. The notable advantage of solid-state devices is the speed at which they function. The fast switching [71] abilities of these devices make them favorable candidates for current generation computing systems where high-speed processing is a vital requirement.
Organic memristors
The pursuit of high-performance data storage and smart data processing technique in most electronic devices has been growing fast for applications not restricted to traditional computers but also in flexible electronic systems. Flexible memristors can revolutionize flexible electronics for wearables, electronic-skin or bio-medical devices. Incorporation of light weight polymer as the switching matrix in memristors adds advantages like low-power flexible edge computing applications [106-109]. They also have advantages in terms of functionality, the deposition technique (like spin coating), costs and above all switching matrix tunability (i.e the material properties may be tailored by a chemical approach) [110]. These polymeric memristors employ different mechanisms like thermochemical changes in polymer, charge trapping and de-trapping, charge transfer (CT), electrochemical redox reaction, conformation reconfiguration, ion migration, and etc.[110] resulting in localized resistive switching in polymer memristor devices. With application of voltage, the conductive regions (or conductive filaments) are generated more preferentially under the locally intensified electric field in defects-rich areas. 
The first resistive switching (RS) behavior noticed in polymeric materials displayed thermochemical reaction mechanism[111, 112]. Joule heating created pyrolysis of the polymers which created local formation of carbon-rich conducting filaments inside the insulating layer and switch the device resistance from an initial HRS to a LRS. With increase in voltage (periodic), intensified Joule heating effect rupture these conductive filaments and drive the device back to HRS. Carbon-rich filaments and their dissolution were directly viewed with a cross-sectional transmission electron microscope (TEM) in a Cu/pEGDMA/ITO device [113]. The thermochemical reaction is significantly independent of the polymer molecular structure therefore tuning it for varied purpose is difficult. In addition, the pyrolysis procedure also creates polymeric inter layer voids.
Conduction of charge through filaments formed by ion migration also contribute towards memristive switching devices. Under the influence of an electric field across the insulative matrix, mobile ions can migrate from the adjacent electrodes (oxidation of electrodes) or within the matrix through the RS layer, which are then reduced and aggregate into metal filaments (typical charge carriers are either silver ions or some silver compounds) [113, 114]. Metal filaments grow and eventually connect the anode and cathode, creating a highly conductive pathway inside the insulator and switching the device to LRS. With polarity reversal, the conductive filaments get dissolved via electrochemical oxidization and turn the device back to HRS. Also called Electrochemical metallization (ECM) memories, these are often regarded as next generation memory devices having the room to be scaled down to atomic level, with fast read-write times and long-lasting memory[87, 88]. The most commonly used metal for these filaments has been silver (Ag). Works by Rajan et al, displayed that a polymeric (poly vinylidene fluoride-hexafluoropropylene-- PVDF) thin film doped with silver nano-particles (NP) and ionic liquid (dried thin film forms the solid electrolyte) had the ability to exhibit highly tunable and adaptable memory retention (i.e. from volatile to non-volatile) through simple changes to device composition, structure and applied stimulus[30]. They demonstrated that the polymer matrix viscosity and crystallinity is reduced, improving the ionic mobility in the matrix and thereby reducing the set voltage range and triggering non-volatile memory to the device, with the addition of room temperature ionic liquid to a polymer and nano-particle matrix. They also showed that the volatility of the device could be manipulated (volatile to non-volatile in this device) by enforcing a compliance current, which stabilizes the formed filament. 
The Diffusion-Limited-Aggregation growth model comes closest in describing evolution of the filaments. The observed features of these filament based memristive devices are the collective behavior of memristive networks (multiple filaments) or Atomic Switch Networks, whose collective dynamics (intrinsic nonlinearity [115]) is crucial for resulting of seemingly critical states [116]. While the dynamics of a single filament is fundamental to understand the working of the device, the system exhibits collective power spectrum of a higher order (an exponent close to 2). This exponent can be explained via the superposition of wide range of relaxation timescales for each memristor [117]. Native anions such as carboxyl (–COO-) moieties in graphene oxides [118] and I- in organic–inorganic hybrid perovskites [119] can also induce resistive switching phenomena. 
Some organic memristive devices exploit the differences in the molecular orbital energy levels of metal nanoparticles [120, 121] quantum dots [122, 123] and semiconducting small molecules [124, 125] distributed in an insulating polymer matrix which trap charge carriers injected from electrodes. With enough charge carriers trapped inside an insulating bulk, local leakage networks (moieties) of the charged trapping centers provide a continuous carrier hopping pathway in the bandgap of the polymer material. Conducting pathways connecting electrodes switch the device from initial HRS to LRS. With reversal in polarity, the trapped carriers are pushed out of the trapping centers, which consequently leads to dissolution of existing conductive pathways, and this switches the device to HRS.
Some of the polymeric memristors depend on the charge transfer (CT) mechanism for voltage dependent RS. Under an external electric field, the electrons in donor (D) moieties are partially transferred into acceptor(A) moieties, generating holes in the donors [126-128]. This process creates partially filled molecular orbitals and fuels the concentration of free charge carriers with high mobility, thus switching the D–A systems into a more conductive state. Like most organic devices, a reverse polarity of the input pushes the electrons back to the donor group and force their recombination with holes. This decreases hole concentration and the D–A system returns to HRS. But this CT mechanism may not be uniform across the cross-section of the device and is dependent on the uniform distribution of the electric field inside the switching layer. 
Devices with polymers containing carbazole groups such as PVK-PF [129] have randomly orientation carbazole groups that hinder the ordered p–p stacking and charge transport through the conjugated system. This creates high resistance for charge flow through the system keeping the device at a HRS. With the application of an electric field, the carbazole groups get rearranged to an almost face-to-face conformation, which smoothens carrier delocalization and transport thereby switching the device to LRS. Alike most organic memristors, a reversal in input polarity ruptures the ordered face-to-face conformation of carbazole groups and turns the device back to HRS.
Some memristive devices have the sandwiched switching matrix constructed from polymers or combination of polymers which themselves undergo voltage activated redox reactions. The mechanism is to remove unpaired or lone pair electrons from the electron rich molecules by an external electric field, which in turn introduces impurity energy levels into the bandgap of the insulating materials. The conductance of the device is majorly enhanced via intra- and inter-molecular hopping through these charged centers. Polymeric mixtures with electroactive molecules can be used as the active layer in resistive switching memories [110, 130] These polymer composites can provide advantages of both components and thus offer improved physical properties of electronics, processability, and mechanical flexibility. Poly(3,4-ethylenedioxythiophene): poly(styrenesulfonate) (PEDOT: PSS) is one where the addition of PSS into PEDOT improves the conductivity of the conjugated PEDOT polymer by proton doping and also makes the PEDOT water-soluble. PEDOT: PSS for resistive switching memory applications [131, 132] have been in use. The first reported use was where PEDOT: PSS layered onto the surface of a thin-film Si p–i–n diode deposited onto a stainless-steel substrate. Here, PEDOT+ was reduced to PEDOT0 with application of electric field which resulted in Write Once Read Many time memory effect from LRS to HRS. In contrast, Alshareef et al. [132] displayed a flexible and transparent PEDOT: PSS resistive switching device on plastic PET substrate, which consists of a PEDOT: PSS thin film (conductivity: 1–3 S cm-1) as the active layer sandwiched between two highly conducting PEDOT: PSS (m-PEDOT, conductivity: 4900 S cm-1) electrodes. When the device eclipsed an input voltage threshold, it was irreversibly switched from the initial LRS to HRS with a large HRS/LRS ratio of 4103. The device could not be brought back to LRS even after applying high positive or negative voltage. This change resulted from a high current density driven accumulation of the insulating PSS chains near the electrode/polymer interface. The drop-in conduction was due to PEDOT+ getting reduced to PEDOT0 in the bulk film. After the film was reduced, the switchable diode behavior was displayed which was explained by the trapping of holes and proton transport in PEDOT: PSS film under redox reaction of adsorbed water in the film.
Lee et.al used a PEDOT PSS film to exhibit co-existence of two memory effects, namely the switchable diode effect and write once read many times memory. Li et al displayed synaptic plasticity and learning behaviors using a Ag/ (PEDOT: PSS)/Ta memristor. They demonstrated that the movement of the Ag interface upon the initiation of a redox reaction contributes to the resistive switching behavior. Their conclusion was the natural p–n junction in the PEDOT: PSS/Ta compound resulted in rectifying, high resistance, and low power consumption. PEDOT:PSS has been extensively used to build non-volatile memory devices which work in ambient conditions. Heonjun et.al theorized that for their ITO/PEDOT:PSS/Al device, via injection of holes or electrons into the film they could oxidize and reduce the PEDOT chain between the two electrodes driving formation and dissolution of current pathways to result in the resistive switching properties [133]. But due to lack of experimental evidence to support the proposed switching mechanism, function of the electrode materials in the charge transport mechanism keeps open gaps in the understanding the resistive switching mechanism of the device. Advanced efforts were made to develop and explain the bipolar switching mechanism of Al/PEDOT:PSS/Al devices via known charge transport mechanisms in polymers like space charge limited current dynamics [134].
Organic-inorganic memristors
 A hybrid approach to combine the properties of both organic and in-organic materials is gaining popularity [135-137]. Here composite of both materials can be used for device fabrication to build devices to gain flexibility with longer lifetime, and thermal stability [138, 139]. Some commonly used inorganic materials are ZnO [140], ZrO2 [141], TiO2 [2] and reactive metals like Al, Cu, Mg which rapidly forms metal oxides during the metal deposition process [134]. Some of the commonly used organic materials used have been PVP [141], pentacene [142], hyaluronic acid [143], PEDOT:PSS [134], rose Bengal [144]etc. Charge transport through these devices have been conveniently explained from the slopes of the traces of the current-voltage response of the device when plotted on a double-log scale [134, 145]. Resistive switching in these devices have been suggested to be driven by conduction channel (mostly oxygen ion bridge) formation and disruption with voltage/polarity [141]. The high resistance state of these devices is often attributed to the work-function difference between the work-function of the oxide layer and the highest occupied molecular orbital (HOMO) of the polymer matrix [141]. Some recent researches have also claimed negligible role of some the organic layers in these devices by comparing device responses with and without the polymeric layer [144]. Although multiple different mechanisms have been proposed for possible charge transport in these devices none bears strong experimental evidence to support them and also explain the resistive switching and hysteretic response seen in these devices. 
Advantages of organic memristors: But molecular chemistry of organic materials provides a platform to fine-tune the geometry and electronic structures of functional monomers (thereby engineering polymer characteristics) through the molecular design and synthesis strategy [15, 146, 147]. For instance, by manipulating the coplanarity of macromolecules with two-dimensionally (2D) conjugated electron donor moieties in the polymer skeleton, the intermolecular π–π stacking and crystallinity of the polymeric thin films can be efficiently improved [148-151]. The resultant may encourage effective charge transport through the extended π-conjugation system and enhance the overall performance of polymer optoelectronic devices [152]. Another way is to focus on other established mechanisms like redox reactions, ion migration, etc. which can be optically imaged by in situ fluorescence, XPS, and high-resolution TEM measurements [130, 153, 154]. With deeper understanding of these switching mechanisms, discovery of more novel functional materials via rational molecular design and with clearer understanding of the material relationships, rapid improvements can be made in organic RS memories. 
Therefore, findings suggest that via application of bipolar voltage input, the doping and un-doping of polymers can be controlled. Thus, we can tune the resistive-switching effect and develop high performance organic nonvolatile memory devices. 
Bio-based materials for memristors.
Recently, there is a growing need for the development of bio-based materials for resistive memory devices because unlike inorganic materials, bio-based materials usually exhibit superior biocompatibility, biodegradability, sustainability, and flexibility [155-161]. Most biomaterials can be easily extracted from naturally abundant resources and, hence, they are inexpensive. Bio-based materials are also less toxic and less polluting in comparison to existing traditional inorganic materials. These motivate interest for biocompatible and bio-degradable resistive switching devices for in-vivo applications as implantable devices.
Extracted biomaterials as active matrix: Yan et. al used egg albumen as the active element as a highly transparent and flexible memristor device [155] which displayed different neural bionic behaviors from application of pulse trains and proving natural low-cost materials applicable for intelligent artificial synaptic systems. Albumen-based, large-area paper substrates fabricated by Zhou et al via a simple thermal and chemical reaction process [157] displayed excellent memory behavior with good stability, satisfactory endurance, and device-to-device reproducibility. Jang et al displayed high-performance RS devices owing to the formation and dissolution of conductive Cu filaments in the protein layer (DnaJ) in a Cu/DnaJ/Pt memory cell [162]. 
Keratin from human hair as the solid electrolyte layer brought in multilevel RS devices good repeatability [161, 163]. Ag/keratin/FTO devices displayed Flash-type RS and afforded reliable nonvolatile multilevel memory behaviors. The RS behavior originated from the electrochemical formation and rupture of Ag conductive filaments in the keratin layer. The Ag/sericin/Au devices, with sericin protein extracted from silk presented a large ON/OFF current ratio above 106 and multilevel memory performance by setting different CCs [164]. The flexible Ag/pectin/ITO sandwich device on the PET substrate exhibited a low switching voltage of ~1.1 V, a fast-switching speed (< 70 ns), and multilevel storage behaviors under the assistance of different CCs [159]. These research progresses facilitate the development of smart and wearable memory electronics based on bio-inspired materials. Although these devices were constructed from biological components, they bear very little resemblance to the structure, composition or switching mechanisms of biological synapses. There are unable to capture the mechanisms and dynamics like morphological growth and remodeling exhibited by biological synapses. Therefore, realistic synaptic model should target not only the integration density and computational power efficiency of current approaches but also the degree of biological realism on both structural and functional levels. This approach requires designing systems that are energy efficient, soft, stochastic, fault tolerant, capable of self- or external-healing, and preferably biological [32].
Bio-molecular memory devices: Najem, et. al reported the construction of a biomolecular memristor with composition, structure, switching mechanism, and ionic transport similar to bio-synapses. The two-terminal device consisted of a highly insulating planar lipid bilayer assembled at the interface of lipid-encased aqueous droplets held in an oil reservoir. Conductive and memristive ion channels were realized through reversible, voltage-driven insertion of alamethicin peptides (alm) into the insulating bilayer membrane. The device exhibited pinched hysteresis in the current voltage (I-V) plane. The functionalities of this biomolecular memristor are comparable to those of ion channels [165] in pre- and postsynaptic neurons that are partially responsible for short-term and long-term plasticity (STP and LTP) which was demonstrated  through paired-pulse facilitation (PPF) and depression (PPD) [63], Previous works displaying STP and LTP required sophisticated materials and fabrication processes to be achieved in conventional solid-state memristors or other devices [14, 166]. Now, while memristors have been widely studied, efforts to explore other kinds of mem-elements have been lagging. Najem et.al were the first to report a volatile, voltage-controlled memcapacitor in which capacitive memory stems from reversible and hysteretic geometrical changes in a lipid bilayer that mimics the composition and structure of bio-membranes [167]. They further demonstrated that the nonlinear pinched hysteretic dynamics and memory were governed by two implicitly-coupled, voltage-dependent state variables—membrane radius and thickness.
Although these biomolecular systems are low-power, analog, less noisy, biocompatible, and capable of exhibiting multiple timescales of short-term synaptic plasticity. A limitation of lipid membranes is they lack structural stability and modularity necessary for a long-lasting adaptive material system. Basham et.al replaced phospholipids with amphiphilic polymers to create artificial membranes, which have been demonstrated to be more durable than phospholipids. Thereafter they demonstrated that polymeric bilayers could exhibit pinched hysteresis in the Q-v plane because of voltage-induced geometrical changes. This represents a significant enhancement in the field of soft-matter, geometrically reconfigurable memcapacitors. But these polymeric bilayer membranes are too thick to span any ionophore for ionic conduction [168]. A comparison related to material of different classes of the memristors is presented in table below. 
Limitations of memristors
Solid state memristors: Some limitations of solid state memristive devices remain till date. i) Majority of these type of devices are functional at voltages much higher relative to biological synapses. ii) These devices are also very difficult to fabricate consistently due to the lack of complete control over fabrication conditions, i.e., to regulate the concentration of oxygen within a film. This yield devices with greatly different electrical characteristics. iii) Another difficulty is to restrict exposure of the active material to an atmosphere that is not a vacuum. Therefore, keeping oxygen out of the device post fabrication is challenging. Endurance in oxide materials is one of the key problems in the technological competitiveness of memristors [169]. These conditions contribute towards device-to-device variation in high switching voltages, erratic behavior within the same device, and poor state retention. iv) As these devices are solely dependent on migration of oxygen vacancies, they are limited in tunability (features of composite materials). Majority of these devices exhibit steep change from high resistance to low resistance at high speed, which limits ability to explore multiple resistance states in those devices. v) Device modelling is required to understand the switching mechanism beyond the resolutions of available characterization techniques. Existing approaches face the challenge of how to accurately model the ion migration through polycrystalline, amorphous, or complex stack structures in actual memristive devices because of complex structural and material components present. Complex computation methodology available till date just adds to the challenges to simulate long-term and multievent dynamic processes.
Table 1.1. Table of different class of memristors built from different materials and their applications.
	Memristor
	Advantage
	Disadvantage
	Application

	Oxide
	Small scale, fast switching, simple structure
	Still non-reliable for commercial use
	Memory, logic gates, neuromorphic

	Spintronic
	Magnetic memory
	Small resistance ON/OFF ratio
	Neuro-inspired systems

	Organic
	Low power, flexible, easy chemical tunability
	Slow switching
	Wearable neural and sensing devices

	Bio-molecular
	Ultra-low power, biologically similar structure, biologically similar mechanism
	Non-durable
	For study of biologically relevant neural systems.





Consequences: i) Higher working voltages accounts for higher power needs, making them energy inefficient. ii) Different electrical characteristics from device to device disrupt their prospective from being used commercially. iii) Difficulty to arrest any penetration of aerial oxygen into the active matrix limits the shelf life of these memristors. iv) Difficulty to model these devices creates challenges for device optimization and design device architecture to improve device uniformity and reliability.
Organic memristors: Major challenges of organic devices are relatively large variability in response to similar stimulus and poor cycling endurance, i.e., these devices struggle with repeatability, reproducibility and longevity. Structural anisotropy, uneven thickness of thin film and inhomogeneity of most polymer materials during fabrication creates uneven electric field distribution in the as-fabricated thin films [152]. Repeated electrical stressing also fatigues organic devices quickly. Hybridizing the organic and inorganic species may answer some of these problems, wherein metal–organic framework (MOF) materials have exhibited stable resistive switching characteristics under mechanical deformation [154, 170]. For filamentary materials, the spatial inhomogeneity of the defects and internal electric field contribute to the random distribution of conductive filaments inside the switching matrix. Now, downscaling of the devices into nanometer scale may result in the allocation of certain devices in regions that show different electrical behavior or do not exhibit any resistive switching characteristics at all (make a diagram to explain) [152]. Additionally, the molecular level imperfections of these polymeric devices stemming from polymer chain-ends folding, stacking faults, dislocations, as well as the macroscopic grain boundaries, voids and cracks, introduce unwanted charge trapping sites or scattering centers into the organic layers and congregate the internal electric field around these regions. They also lack direct evidence confirming long lasting effects of CT state (hours, days, and even years) for LTP. Similarly, uncertainties are growing over the previously observed resistive switching in organic Donor-acceptor (D–A) systems. The consequences being electrical behavior may be a result of supplementary effects such as the active presence of reactive metal electrodes. Also, an existing challenge with organic memristors is the high voltage thresholds required for switching.  Knowledge about the mechanism resulting dynamic switching are necessary to thoroughly explain the phenomena observed through in situ characterization. Therefore, even with polymer memristor display ambitious scientific importance for low-power computing applications, their poor fabrication yield and reliability keep hindering them from direct practical applications. 
Consequence: Now, with non-uniform microstructural features for down-sampled fabrication of the device may result in devices with dissimilar electrical performance which will lead to low production yield and reliability that are unsuitable for practical applications. Random and highly localized resistive switching characteristic will make these devices to be reproduced across large batches for large-scale commercialization. Even for a laboratory / research purpose, lack of repeatability and reproducibility will provide hindrance to them being integrated in neural circuits.
Bio-molecular memristors: Most biomolecular systems are made from synthetic or naturally derived phospholipids which closely resemble the membranes with similar dimensions and physical properties as those in living cells, their use ex vivo is often curtailed by chemical degradation, higher permeability to water, and limited mechanical strength (i.e. bending rigidity, lysis strain). In addition, bio-molecular materials have not been used to build electronic devices for adaptive signal processing and memory like the brain.
Consequence: Bio-molecular systems and devices limited by chemical degradation and mechanical robustness prevents their use in integrated neural circuits and commercial applications. Lesser knowledge about bio-molecular synaptic device limits understanding of the working dynamics of such devices, potential of these devices for commercial or extended research utilization, even avenues for advanced materials processing/engineering.
Potential application of memristors
Memristors aim to be an alternative building blocks for neuromorphic chips. Unlike other projected components with neural behavior, these can accomplish computation without the need of complementary metal–oxide–semiconductor (CMOS). This is categorized as a sufficiently new and innovative technology, and therefore has the potential to evolve over time, which will further broaden the field of its application. Considering current advancement on memristor technology it offers a wide spectrum of usage from digital memory, logic circuits, biological and neuromorphic sensing devices, in neural networks as well as analog electronics, analogic filter applications signal processing etc. Figure 2.5 below enlists the potential applications based on the type of memristor.
Non-volatile memories: Memristor-based nonvolatile memory has been the most obvious application of memristors [171]. The non-volatile, memristor-based memory cell compared to SRAM and DRAM, can exhibit non-volatility, good scalability, compatible with conventional CMOS electronics, and no leakage power. Several types of memories are introduced using memristor nanodevice, like Resistive RAM (RRAM) [172], Phase change memory (PCM) [173], Conductive Bridge memory (CBRAM) [174], ferroelectric memory (FeRAM) [175] and the spintronic memristor that can be a promising replacement for Magnetic memory (MRAM) [176]. A memory array of Memristors what is called a resistive RAM or RRAM is another form of memristor memory. RRAM operates faster than phase-change memory (PCRAM), and it has simpler and smaller cell structure than magnetic memory (MRAM). These retain memory for years rather than less than seconds. Compared to SRAM, however, whose read-write time is less than a nanosecond, memristors with current technology are one order of magnitude slower. In addition, in terms of read–write cycles, the technology of memristors and PCM is between 3–5 orders of magnitude less, but still much more durable than hard disk drive (HDD).
Aid digital computing: Another possible application of memristor is digital design and computation. Memristors can be applied in hybrid CMOS-memristor circuits, or as a basic component to shape the logic gates [177]. One remarkable logic application is using memristor as a reconfigurable switch (FPGA) [178]. The implication logic synthesis [179] and crossbar array architecture [180] are two alternatives presented as new approaches to make efficient digital gate library.
Building block for different analog devices: Memristive devices have been heavily employed for research in analog domain application such as neuromorphic computing, amplifiers, memristor oscillators, filters, chaotic circuits and neuristors [41, 53, 181-184]. Simple circuits of memristors with a single capacitor or inductor are discussed in [185]. Circuits employing memristors aim to achieve cognitive computing by emulating highly parallel processing capability of neurons. As most memristors function similarly to the biological synapses, they form proper building blocks in neuromorphic systems, where neurons and synapses are modeled as electronic devices [12]. The brain-like computing capability of the memristor-based complex spike time dependent plasticity (STDP) learning networks was demonstrated by Afifi et al[186].  Wang et.al demonstrated an artificial neuron with stochastic dynamics based on a diffusive memristor to implement 
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Figure 1.4. Displays various major domains for memristor applications. 


convolution layers, rectified linear units (ReLUs) and fully connected layers of a functioning neural network in order to demonstrate pattern classification capability enabled by unsupervised synaptic weight update in fully memristive neural networks [7]. This representation was one of the simplest, yet faithful realization of electronic neuronal functionality to date, achieved without the requirement of tens to hundreds of CMOS devices.  
Integration with sensors and transducers: The human brain can also classify tactile information and therefore development of neuromorphic system to emulate the sense of touch gained steam early on. These were mainly constructed using field effect transistor (FET)-based synaptic devices. Bao and co-workers displayed a mechanoreceptor combining a pressure sensor and a ring oscillator to transduce mechanical signals into action potentials in form of digital frequency output Tee, 2015 #481}. Lee and co-workers then integrated the mechanoreceptors with a synaptic transistor to convert the action potentials into postsynaptic currents. The synaptic transistor served as an interface with cockroach efferent nerves to form a hybrid reflex arc [187]. Recently, Lee et al. developed a groundbreaking organic optoelectronic sensorimotor by utilizing a stretchable synaptic transistor, which introduces optical signals to the sensory system to actuate artificial muscles [188].
Chen et.al exhibited that by connecting pressure sensors with a multi-gated transistor via a polyvinyl alcohol ionic cable, realization of the recognition of convex and flat patterns, enabling the perceptual learning of e-skin was possible [189]. Zhu and co-workers adopted dual transistors to acquire pressure data and process these data in a synapse-like manner [190]. Recently Zhang et.al demonstrated an artificial sensory neuron system by first integrating a piezoresistive pressure sensor with a Nafion based organic memristor [9]. The piezoresistive pressure sensor converts pressure stimuli into electrical signals with high sensitivity and durability. They wired the pressure sensor and memristor synapse. Now, external touch could activate the memristor-based synapse and this artificial sensory system was capable of processing and learning the pressure stimuli history with a series of amplitude, duration, frequency, and speed. As a proof-of-concept, implementation of supervised learning method in letter recognition could achieve 91.7% accuracy to illustrate perceptual learning process. These progresses promise energy efficient, biocompatible, and large-scale integration of memristor based systems towards next-generation neurorobotics and neuro-prosthetics.
Motivation for future research: Memristors display retention of memory without power supply and activity dependent adaptability (plasticity). The varied forms of plasticity of memristors stemming from their different volatilities motivates research on memristive networks for supervised and unsupervised learning [7] which can then revolutionize image processing, more specifically edge detection and face/object recognition [7]. Researchers are exploring the capability of memristors to perform quantum computation in addition to conventional neuromorphic and digital data processing [21], compute arithmetic operations in memristor-based structures (using both analog and digital approaches) [191] or be used in memristive Neuro-Fuzzy System [192]. Also in order to tackle the problem of miniaturization of transistor size, several specific transistors can be replaced with a crossbar of memristors and circuits could be shrunk by nearly a factor of 10 in area with improved speed relative to power consumption performance [10]. 
Till date different types of materials have been explored to build memristor to address speed of switching, introduce different mechanisms of RS, lower power needs, and find diverse applications. One common feature amongst significant majority of these devices is they change resistance states only after an input threshold. This loosely mimics the functioning of the chemical synapse in biology. It is believed that the chemical synapse via its threshold dependent communication and activity dependent plasticity helps in decision making and learning over time. Although Chua’s theory of memristors was purely based on physics, realization of the similarity of these devices with brain synapse has encouraged researchers to be on the lookout for newer materials and find newer applications. Since 2008, there have been rapid development and ever-growing interest in realizing memristors ready for commercial use and extending the research beyond just devices but to integrated systems for supervised or unsupervised learning [7, 9, 187]. Therefore, research for device technology shall continue, motivated by materials displaying newer mechanisms for memristive switching, lower threshold voltages for switching, higher speeds of switching etc. Mathematical models explaining the device physics with newer mechanisms shall help easier integration of these devices.  
Scientific Gaps, objectives, and research plan
My goal has been to fabricate and characterize electronic devices and systems capable of adaptive signal processing and memory. While reviewing the literature I identified several significant gaps in research including fewer examples of artificial electrical synaptic devices, less exploration of biomolecular components like synthetic membranes as neuromorphic devices or lack in understanding of resistive switching mechanisms of metal/PEDOT:PSS thin film memristive devices. These motivated my research objectives and my research plan to address those gaps.
Electrical synaptic mimic ignored and never studied:
[bookmark: _Hlk99881066]Efforts to create volatile or non-volatile memristors inherently mimic the discrete, threshold-dependent conductance switching used by chemical synapses. In contrast, electrical synapses (ES) have long been thought to form fixed-conductance connections (modeled as resistors) between neurons. However, it was recently reported that the magnitude of electrical coupling (i.e., proportional to synapse conductance) between neurons connected via electrical synapses can vary significantly through activity-dependent plasticity [193-195] to control the level of synchronization in neural networks. Similar to their chemical counterparts, ES exhibit multiple forms of plasticity (e.g., facilitation, depression) at timescales ranging from milliseconds to days [196]. Therefore, major research gap lies in the construction and characterization of artificial synaptic devices that emulate the synaptic plasticity and functionality of electrical synapses. In parallel, due to the recent introduction of biomaterials as components of memristor building, there are significant opportunities to advance our learning about the methods to build, characterize, use, and improve these devices.
The corresponding research objective is to construct synthetic bio-membranes doped with voltage-independent, pore-forming peptides, like gramicidin, which could then display continuous conductance with highly analog change in resistance states thereby exhibiting ion transport mechanisms of electrical synapses. This will provide faster signal processing and computational functionalities.
My approach here was to i) fabricate, characterize and model the gramicidin doped bio-molecular membranes to assess memristance, ii) understand the physical states that determine the response of the system and develop models to describe the dynamic responses to voltage, and iii) display synchronization of neurons brought in by synaptic plasticity of artificial electrical synapse device.
Limited types of membranes for bio-molecular devices:
Neuromorphic devices constructed from lipid membranes have low longevity because lipid membranes lack structural stability and modularity necessary for a long-lasting adaptive material system. Amphiphilic copolymers as lipid substitutes represents one route to improve biomimetic membranes. However, the use of co-polymers to form bilayer membranes using the DIB method is quite limited, and the membranes formed were substantially thicker than a lipid bilayer, which limits the use of stimuli-responsive transmembrane proteins to control transport in various applications. More robust yet thin enough membranes facilitating gating of ion channels will be ideal for durable bio-molecular synaptic devices. Research gaps prevail in the understanding of the effect of block co-polymers in a lipid membrane. Can these block copolymers as lipid substitutes represent one route to improve biomimetic membranes? Can these hybrid droplet interface bilayers (hDIBs) be similar in thickness to a lipid bilayer, which will then allow the use of stimuli-responsive transmembrane proteins to control transport in various applications.
[bookmark: _Hlk99883589]My research objective was to understand how doping lipid membranes with low molecular weight PBPEO (polybutadiene-co-polyethylene oxide, Mw=1000 g/mol) di-block species affect the bilayer, including its thickness, sensitivity to applied voltages, durability, and response to ion channel forming species.
My approach was to i) study composite monolayer assembly by measuring the interfacial tension of a pendant water drop in the oil solution. ii) Assess hDIBs properties at varying di-block: lipid ratios by monitoring the contact angle of the droplets and electrical capacitance (and resistance) in response to steady state and periodic voltages respectively. Analysis of images from confocal microscopy of di-block: lipid vesicles revealed arrangement of the di-block polymer with the lipids helping us determine a homogenous/heterogenous mixed presence in the hDIBs. Electrical characterization of the membrane revealed thicknesses similar to pure phospholipid membranes in hexadecane oil. Electrical characterization of membrane (with varying di-block: lipid ratios) doped with alamethicin ion channels in response to periodic voltage demonstrated effect of the di-block polymer towards any alteration in voltage dependent ion channel gating dynamics.
Limited attention on integration of memristors with traditional electronic components:
[bookmark: _Hlk99885830]In animals, and especially humans, trained neural networks form associative learning patterns that allow rapid classification and decision making (e.g. object identification via tactile inputs). In contrast, engineered systems are unable to sense and classify information without significant instrumentation and software. But this might be possible in hardware alone if a system were constructed in a way that combines materials for distributed sensing, intrinsic computing (for classification), and memory (for learning). But methodology and understanding to combine autonomous reconfigurable systems with distributed sensing and embedded memory—akin to a peripheral nervous system, and achieve onboard classification in engineered structures is yet to be demonstrated. Therefore, research gap prevails in understanding how tactile information received can be processed and memorized leading to learning. Research by Arrieta, et al recently showed that thin, flexible dimpled sheets, comprised of planar arrays of bi-stable domes, reconfigure their global shapes in emergent forms when specific domes are inverted.
The corresponding research objective is to reveal how mechanical signals from touch can be sensed via dome inversion events on the thin, flexible dimpled sheets (meta-sheet),  and remembered by integrating resistive strain sensors connected electrically to memory storage elements to process and learn temporal shapes of the meta-sheet.
My approach was to i) fabricate and characterize PEDOT:PSS thin film memristors. ii) develop techniques for integration of the memory storage elements with sensors on domes (constructed at Purdue University) for effective operation. ii) Study the dynamic and steady state response of the device to determine threshold voltage for switching of resistance states, volatility of the device and ball-park the high and low resistance states (HRS & LRS) of the device respectively. Based on this we studied how polymeric thin film memristors connected in series and biased with voltage to a transient change in sensor resistance caused by deformation of the dome encode a permanent change in the resistance of the memristor. 
Resistive switching mechanism of Cu/PEDOT:PSS device unknown:
The flexible polymeric thin film memristors used in combination with dome sheets for classification of spatial data, were constructed from PEDOT:PSS polymer. Significant gap lies in understanding the resistive switching mechanism and hysteretic current-voltage response of devices made with PEDOT:PSS and most semi-conductive polymers in general. While most research highlighted construction of a flexible memristive device with organic material, there is very little understanding about the working mechanism mainly limited due to lack of significant experimental evidence.
Therefore, my research objective is to reveal the physics behind the resistive switching mechanism and the hysteresis for a Cu/PEDOT:PSS device via electrical and elemental analysis of the device and device materials respectively.
My approach was to i) construct vertical sandwiched and planar PEDOT:PSS thin film devices and electrically characterize their response with different electrode materials (active metal/ inert metal), ii) perform HR-TEM and EDS at the interface of electrode-polymer interface and polymer bulk on a virgin device and the same device after multiple cycles of voltage cycling. Findings from the electrical response suggest the charge transport mechanism of the device. Elemental analysis reveal changes in the material because of voltage stimulation. Together, the procedures reveal contribution of all materials in the device towards the resistive switching mechanism and hysteresis. These findings will further contribute towards making the electrical behavior of the devices reproducible across multiple cycles and multiple devices which has been a lingering challenge with these devices [153, 197].
Contributions/novelty: The outcomes of this work include the following contributions:
i) This work on bio-molecular memristor displays ability of these devices to emulate synaptic behavior of electrical synapses. Therefore, it is a step forward towards broadening the potential of bio-molecular devices in displaying varied functionality beyond the threshold dependent change in resistance similar to a chemical synapse as shown by Najem.et.al [32]. It highlights the activity dependent plasticity of electrical synapses. This work displays that through short term potentiation it could regulate the resistance of the device (similar to gap junction in biology) from repeated excitation to synchronize two connecting neurons. Therefore, novelty lies in the fact that, this works displays importance of artificial electrical synaptic device in neural circuits, quashing aside the age-old understanding of electrical synapses as mere conducting pathways. This work also relies on a novel fabrication approach through highly modular design of the device. By changing the composition of the membrane, oil environment, the response of the device can be widely tuned, thereby delivering possibility to be integrated in systems aiming at achieving varied non linearities or a wide spectrum of resistance tuning (for example different neuron connections requiring different levels of resistance drops). 
ii) This work contributes towards expanding the types of membranes needed for robust biomolecular devices. Phospholipid membranes and co-polymer membranes have limitation of their own. These motivated research for hybrid membranes. Hybrid membranes comprising phospholipids and block co-polymers explored here reveal the bilayer membranes have decreasing levels of adhesive energy leading to smaller bilayer at formation, larger magnitudes of electrowetting, lower insertion thresholds for ion channel gating. Findings here contribute towards understanding the equilibrium and dynamic properties of DPhPC: PB12PEO8 hybrid membrane. Understanding here will help engineer modular hybrid membranes or pure low molecular weight polymeric membranes will expand the types of membranes required for bioelectronics or bio-medical purposes. 
iii) Our prototype introduced a new class of flexible metamaterials which demonstrate spatiotemporal mechanosensing and neuromorphic functionalities. While much attention has been focused on building memristors, few efforts were directed towards making use of these hardware devices in electronic circuits[9, 187]. Our work uniquely contributed towards the understanding required for the integration of memristors with traditional electronic components. The cumulative resistance changes of our metamaterial’s memristors allow for retrieving all the stored patterns from their final states. As a result, novelty also lies in the fact that our metamaterial encodes several input patterns without the need to store temporal information. We envision this unique capability as providing a route to continuously learning new spatiotemporal mechanical inputs which can be compared to known patterns of interest that may trigger specific control actions.
iv) Understanding of the resistive switching mechanism of Cu/PEDOT:PSS/Au device contributes towards a) further tunability of these devices for desired application, b) engineering materials processing techniques for metal-semiconductive polymeric devices for higher reproducibility in commercial applications. Novelty here lies in the incorporation of Cu as an electrode material on a p-type semiconductive polymer PEDOT:PSS. Also, with Cu electrodes these devices displayed significant enlargement of i-v hysteresis and RS at distinct voltage thresholds which makes it favorable for integration with other electronic transducers in a neuromorphic circuit. 
Summary
The literature review in Chapter 1 motivated me to focus on research gaps like under-development of memristive devices and networks utilizing functionalities of electrical synapse from biology, under-exploration of biomaterials for electronic devices, very less effort on integration of memristive devices with traditional electronic components for networks, understanding of the material physics driving resistive switching mechanism of most organic memristors. I believe the combination of different materials not only propose new research studies but also take the advantages of using more useful properties of each material in the device. Therefore, in chapter 2, I study an artificial electrical synaptic device and displayed in short term plastic properties and its application in neural networks. In chapter 3, I studied hybrid fluidic biomaterial-based membranes in order to better their robustness to stimuli over time. My interests to integrate memristors with traditional transducing components/systems took me to explore polymeric thin film memristors with soft strain sensors to build integrated networks processing spatial information received from tactile stimuli. Chapter 4 explains the integration process and learning from the integrated circuit. In chapter 5, I studied the conduction mechanism and resistive switching mechanism of polymeric thin film memristor I built and used in chapter 4. Chapter 6 concludes on my findings throughout these chapters and aims to establish the future research this dissertation motivates.
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It is now known that mammalian brains leverage plasticity of both chemical and electrical synapses (ES) for collocating memory and processing. Unlike chemical synapses, ES join neurons via gap junction ion channels that permit fast, threshold-independent, and bidirectional ion transport. Like chemical synapses, ES exhibit activity-dependent plasticity, which modulates the ionic conductance between neurons and, thereby, enables adaptive synchronization of action potentials. Many types of adaptive computing devices that display discrete, threshold-dependent changes in conductance have been developed, yet far less effort has been devoted to emulating the continuously variable conductance and activity-dependent plasticity of ES. Here, we describe an artificial electrical synapse (AES) that exhibits voltage-dependent, analog changes in ionic conductance at biologically relevant voltages. AES plasticity is achieved at the nanoscale by linking dynamical geometrical changes of a host lipid bilayer to ion transport via gramicidin transmembrane ion channels. As a result, the AES uniquely mimics the composition, biophysical properties, bidirectional and threshold-independent ion transport and plasticity of ES. Through experiments and modeling, we classify our AES as a volatile memristor, where the voltage-controlled conductance is governed by reversible changes in membrane geometry and gramicidin channel density. Simulations show that AES plasticity can adaptively synchronize Hodgkin-Huxley neurons. Finally, by modulating the molecular constituents of the AES, we show that the amplitude, direction, and speed of conductance changes can be tuned. This work motivates the development and integration of ES-inspired computing devices for achieving more capable neuromorphic hardware.
Introduction
Two-terminal synaptic devices hold promise to store and process information at significantly lower energy cost than three-terminal devices[1-4]. By emulating threshold-dependent conductance changes and multi-timescale memory and plasticity found in their biological counterparts, artificial synapses could radically transform computing hardware by mimicking the way the brain learns, remembers, and processes information through activity-dependent plasticity [5]—originally believed to be present only in chemical synapses. Accordingly, research to develop synapse-inspired computing devices has produced material systems, including non-volatile memristors [6-8] with hysteretic current-voltage relationships, that inherently mimic the discrete, threshold-dependent conductance switching used by chemical synapses.
In contrast, electrical synapses (ES) have long been thought to form fixed-conductance connections (modeled as fixed resistors) between neurons. However, it was recently reported that the magnitude of electrical coupling (i.e., proportional to synapse conductance) between neurons connected via electrical synapses can vary significantly through activity-dependent plasticity [9-11] to control the level of synchronization in neural networks. Similar to their chemical counterparts, ES exhibit multiple forms of plasticity (e.g., facilitation, depression) at timescales ranging from milliseconds to days [12]. For example, coupling between retinal photoreceptors can be very low in complete darkness or bright light and significantly elevated at moderate light intensities [13, 14]. This variation enhances the sensitivity of retinal circuits during transitioning between nighttime and daytime visual tasks. 
ES are composed of gap junctions, aligned protein hemi-channels (e.g., connexins or innexins) contributed from adjacent cells [15, 16], that span the 2-4 nm gap between plasma membranes. These water-filled structures mechanically and electrically link neurons [17, 18] as illustrated in Figure 2.1A. Unlike the voltage-triggered release of neurotransmitters in chemical synapses, the pre-synaptic terminal of an electrical synapse does not have to cross a firing threshold to transmit an action potential [19]. Instead, ions diffuse passively through the always-open hemichannels to cells at lower potentials. The lack of a threshold enables quicker communication and sharing of action potentials. But, while always conductive, the conductance (i.e., coupling) of an electrical synapse is not static, but rather continuously variable. The coupling level between neurons is often measured as the ratio of voltages accumulated in both the pre- and postsynaptic neurons [20]. These dynamic variations in coupling levels instill modulation of both the temporal and spatial transmission of information exchange [21]. Mechanistically, electrical synapse plasticity can result from dynamic alterations of existing connexin conductance states [22-24], increases or decreases in number of connexin channels [25-27], and modification of passive and active membrane properties by synaptic inputs [28-31]. 
Undoubtedly, the superior cognitive ability of the brain stems from collective functionalities of networks of chemical and electrical synapses adapting and communicating together. However, brain-inspired materials and neuromorphic devices seeking to achieve signal processing, learning, and memory capabilities of the brain have predominately focused on two- or three-terminal devices (e.g., memristors, transistors) with voltage-controlled, threshold-dependent changes in electrical/ionic conductance [2]. The vast majority of these systems exhibit sharp threshold-dependent switching [32, 33] between a small number of discrete conductance states [6, 33-38], thereby implicitly mimicking the functionalities of chemical synapses [39, 40]. On the other hand, the development of threshold-independent synaptic devices with activity-controlled, analog changes in conductance has received far less attention [41].
Here, we present an artificial electrical synapse (AES) constructed with a 5 nm-thick synthetic bio-membrane containing voltage-independent, pore-forming gramicidin peptides. Like biological ES, this assembly permits bidirectional ion transport via always-open channels and exhibits voltage-dependent memory resistance, with continuous conductance variations that occur across nominal ranges of 22-160 pS [16] and at biologically-relevant voltages. This contribution builds on our recent work [42], which demonstrated that insulating, lipid-only biomembranes formed between lipid-coated aqueous droplets in oil exhibit hysteretic, geometric reconfigurations stemming from voltage-driven modulation of membrane area and thickness. Introducing gramicidin peptides into the membrane creates always-conductive transmembrane ion channels similar to gap junctions—transforming the capacitive membrane into a memristive one that exhibits a pinched, hysteretic current-voltage relationship and displays short-term plasticity to successive voltage pulses. Experiments and modeling are performed to assess changes in membrane geometry and gramicidin channel densities in response to voltage and to explain the sources of resistance hysteresis and short-term plasticity. These allow us to show that the dynamic geometrical reconfigurations of the membrane dictate the rates of current-voltage hysteresis, even though the density of gramicidin channels also increases with applied voltage. Finally, we demonstrate through both experiments and modeling that the AES can be modularly configured to exhibit paired-pulse depression and that voltage-induced plasticity in conductance can synchronize the firing of Hodgkin-Huxley neurons.
Materials and methods
Materials. The aqueous droplets in each DIB-based AES consist of phospholipid vesicles, salt, and buffering agent in 99.99% pure deionized water. Sodium chloride (NaCl), 3-(N0morpholino) propanesulfonic acid (MOPS), sodium hydroxide (NaOH), agarose (C12H18O9), n-hexadecane (99% pure), n-decane (99%pure), ethanol, isopropyl alcohol was purchased from Sigma Aldrich. DPhPC, DOPC, and DOPhPC lipids are obtained from Avanti Polar Lipids, Inc and used without further purification. Lipid vesicles are prepared and stored at a concentration 2 mg/ml in aqueous buffer containing 500 mM NaCl, 10 mM MOPS at pH of 7.0 achieved via NaOH titration as described elsewhere [55]. Hydrogel (2% (w/v)) electrode coatings are prepared from agarose powder and the same buffer. A stock solution of gramicidin in ethanol (10 mg/mL) is diluted with the lipid vesicle solutions to yield the desired final concentration. 
Methods for DIB formation. DIBs are formed between two, 300 nL aqueous droplets suspended agarose coated wire-type electrodes in an oil-filled reservoir as described elsewhere [71]. The oil reservoir and droplets are centered above a 4X objective lens on an Olympus IX50 inverted microscope. The positions of both electrodes are controlled by three-axis micromanipulators. A lipid bilayer forms spontaneously within a minute after bringing droplets into contact following a brief incubation period to ensure lipid monolayer assembly. Bottom-view images (Figure 2.1B) of DIB-based AES obtained using a QIClick-F-M-12-C (SN: Q31274) camera controlled by MicroManager software are used to estimate membrane area for computing specific capacitance and thickness. Based on the work by Taylor et al [55], a correction factor of 1.773 is used to account for membrane ellipticity due to sagging droplets.
Electrical Measurements. Current measurements are made using an Axopatch 200B patch clamp amplifier and Digidata 1440 data acquisition system (Molecular Devices). All recordings are made at room temperature with appropriate shielding using a well-grounded Faraday cage in place to minimize noise. Necessary input voltage waveforms are generated using Hewlett-Packard 3314A function generator and customized LabVIEW VI codes with NI four channel analogue output module (NI 9263). Outputs from these sources are input to the headstage of the Axopatch 200B through the external input to the amplifier. Confirmation of bilayer formation and measurements of nominal capacitance stems from the bilayer’s current response to a 10 mV, 350 Hz triangular voltage waveform input as discussed earlier [55]. Sinusoidal cyclic voltammetry scans at various sweep rates are performed on the bilayer to generate the I-V relationships [72]. The pinched hysteretic loops presented in Figure 2.1 are obtained after filtering the residual capacitive current resulting from the lipid membrane as described elsewhere [73]. The short-term plasticity behavior is studied using rectangular voltage pulses at varying duty cycles.
Simulating the model. We numerically simulate the hysteretic responses and short-term plasticity of our AES and the variable synchronization of Hodgkin-Huxley neurons using the described model and measured parameters (e.g. Table 1) in MATLAB.
Results and discussions
A gramicidin-doped lipid membrane has similar structure and composition to biological ES.  Inspired by the biomolecular memristor featuring voltage-activated alamethicin channels  [43] and the capacitive, lipid-only biomolecular memcapacitor [42], the artificial electrical synapse (AES) studied herein represents a modular variation of those prior embodiments, one that is also based on a planar lipid bilayer membrane formed at the interface between two lipid-coated aqueous volumes in oil (also known as a droplet interface bilayer (DIB), see Experimental). Specifically, the ~5 nm-thick, insulating membrane is doped with gramicidin peptides that spontaneously insert [44, 45] in the absence of voltage into the membrane where monomers in each leaflet align end-to-end to form water-filled, conductive channels across the membrane. Illustrated in Figure 2.1B, this end-to-end alignment and the resulting ionic conductivity achieved with gramicidin channels closely mimic the structural configuration and voltage-independent transport properties of connexins in ES. Also, like gap-junctions in ES, this AES is always in a conductive (active) state. 
Current-voltage relationships reveal memristive behavior. The hypothesis motivating this study is that the voltage-dependent geometric reconfigurations we observe in lipid-only membranes provides a lever for affecting the number of gramicidin channels in the membrane to instill activity-dependent plasticity found in ES. Therefore, to characterize these responses and reveal the effects of lipid and oil types, we measure the current, I, induced by a sinusoidal voltage, V, on gramicidin-doped membrane s constructed separately from two types of synthetic lipids (diphytanoyl phosphatidylcholine, DPhPC, and dioleoyl phosphatidylcholine, DOPC) that form stable lipid I-V responses for final gramicidin concentrations of 0.5 µM in each droplet are shown in Figure 2.1C-E, with the current normalized by the zero-volt membrane area to minimize effects of differing starting synapse areas. bilayers [46] and two different alkane oils (hexadecane, C16, and decane, C10) that result in varying sensitivities to voltage-drive changes in membrane area and thickness [42]. Representative 
For all combinations, we measure pinched, hysteretic I-V loops at frequencies less than 50 mHz. Figure 2.1C shows that DOPC AES in C10 exhibit stronger nonlinearity and larger hysteresis when 
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Figure 2.1. Two terminal AES exhibiting nonlinear memristive behavior. (A) Cartoon depicting ES gap junctions formed by connexin hemi-channels. (B) Biomolecular AES with gramicidin monomers dimerizing end-to-end to form channels for ion passage (inset) through the membrane. I-V relationships for: (C) DOPC AES assembled in two different oils: hexadecane (red) and decane (magenta); (D) AES formed in hexadecane from either DOPC or DPhPC lipids; and (E) DPhPC AES in hexadecane. All currents are normalized per zero-volt initial area, . Applied bias consisted of a 200-mV bipolar sinusoidal voltage at 10 mHz, unless stated otherwise.


compared to hexadecane. Moreover, the instantaneous slopes of these data show that the DOPC AES in C10 exhibits relatively higher ohmic resistance (86 -cm2) near 0 V (flatter) and lower resistance (12 -cm2) near |200 mV| (steeper). In C16, both DOPC AES and DPhPC AES exhibit less variation in resistance versus voltage: 10 k-cm2 and 17 k-cm2 near 0 V, respectively, to 6.6 k- and 9 k-cm2 near 200 mV, respectively. In comparison, lipid-only membranes lacking gramicidin exhibit significantly higher resistances of 10-100 M-cm2 and do not exhibit I-V hysteresis at frequencies below 50 mHz (see Figure 2.7). Since the conductance of a gramicidin channel is relatively constant (5.8 pS) [47, 48], this suggests the number of gramicidin channels per unit area in DOPC AES in C10 is less than in a DOPC AES in C16.
Figure 2.1D compares the responses of AES formed from the two different lipids types (DPhPC and DOPC) in C16. Here, we see that a DOPC AES displays less I-V hysteresis and higher conductance, signifying a higher gramicidin channel density than in DPhPC. This difference is consistent with and can explained by prior research which demonstrated that gramicidin channels have higher affinity for [49] and greater stability (i.e., channel lifetime) [50] in DOPC membranes compared to DPhPC bilayers.
These measurements also reveal the frequency of the applied voltage sweep affects shape and hysteresis of the I-V relationship. The representative data in Figure 2.1E for a DPhPC AES in C16 show that the I-V response is most nonlinear at the lowest frequency (1 mHz) and the most linear at 100 mHz. These data also show that hysteresis is minimal at both the lowest and highest frequencies tested and significantly greater at the middle frequency of 10 mHz. While not shown, the same trend is observed for membrane-based AES constructed with DOPC or using decane. The disappearance of hysteresis at very low frequencies demonstrates that resistive hysteresis in the AES is volatile.
Moreover, unlike our prior study [43] using alamethicin-doped membranes that exhibited strong voltage-dependent increases in conductance and high nominal OFF resistances (>1 G, when channels fully exited the membrane), these data show that gramicidin membranes are always conductive ( 86 ), even at low voltages—just like ES. These trends remain across gramicidin concentrations (see Figure 2.8), which merely scales the number of channels in the interface, proportionally increasing the conductance of the membrane.  
Chua established that the fingerprint of a memristor is a pinched hysteresis loop on an I-V plane at certain frequencies and initial conditions when subjected to a voltage or current signal producing a periodic response of similar frequency [3, 51-53]. Therefore, the results in Figure 2.1 prove that a gramicidin-doped AES is a volatile memristor, one in which the I-V shape, hysteresis, and frequency range of memristance can be tuned based on membrane composition and also the oil type surrounding the droplets. In the context to synaptic plasticity, the hysteresis implies that the conductance of the membrane depends on its prior history of excitation, not just the present stimulus. And unlike the pinched, hysteretic I-V responses measured previously using alamethicin-doped membranes that exhibited exponential increases in current only at voltages above an insertion threshold for the peptides, these AES do not require a specific threshold to become conductive. The modulations in AES resistance are also continuously variable, unlike most solid-state memristors that demonstrate discrete switching [54]. 
Modelling gramicidin-doped membrane AES. As depicted in Figure 2.1C-E, gramicidin-doped membranes exhibit pinched and hysteretic current induced by a symmetric sinusoidal bias. Since the passage of ions is mediated by gramicidin dimers in the bilayer, these measurements indicate that nominal conductance of the membrane and thus the total number of dimers present depends on both voltage and time.  
We know that the membrane elastically reconfigures in response to a nonzero membrane voltage [42, 55] . These reversible changes occur with time constants on the order of seconds and can result from formation of new membrane area due to electrowetting (EW) and a reduction in hydrophobic thickness caused by electrocompression (EC). While not explicitly linked, these geometrically changes are implicitly coupled by the fact that changes in membrane thickness modifies the effective forces driving both EW and EC [42]. The fact that our data show larger currents upon a decrease in voltage from some maximum value compared to an increase in magnitude of voltage from zero is consistent with the idea that a recent increase in membrane are driven by EW and a decrease in membrane thickness from EC could help to increase the total number of gramicidin dimers present in the interface. Another possibility is that the kinetics of gramicidin insertion, and thus the net number of channels present at equilibrium, are themselves functions of voltage (or membrane thickness) as is common in many other types of ion channels.
To properly identify and separate these mechanisms driving voltage-induced plasticity, we perform a series of experiments to quantify the dynamic changes in membrane geometry (area and thickness) and area-normalized channel density as a function of voltage. The dynamics and sensitivities of these variables are assessed by applying stepwise voltages. Membrane area is tracked via bottom view images of the AES, and membrane capacitance is determined from the amplitude of ac current induced by a superimposed ac voltage [42, 56].
Figure 2A shows a representative measurement of dynamic membrane area normalized to its zero-volt initial value, , for a 200 mV, 10 mHz sinusoidal bias. The hysteresis observed here suggests that voltage-driven variations in channel density are not alone in causing the observed I-V hysteresis. Similar to the responses in Figure 2.1E, dynamical variations and hysteresis become very small at frequencies higher than 100 mHz (Figure 2.2A). And while hysteresis disappears at frequencies below 1 mHz (not shown), nonlinear quasi-static changes with respect to voltage become maximal at low frequencies [42].
Stepwise changes (0 to +200 mV) in voltage yield exponential rises in area (Figure 2.9), which we used to determine the characteristic time constant for EW, ,  for the two lipids and oils (Table 1). These results indicate that EW-induced growth in membrane area is faster for DOPC lipids compared to DPhPC, and for C10 compared with C16. The former is likely the result of greater lipid acyl chain flexibility and mobility that enables faster oil exclusion and rearrangement upon bilayer formation [57], while the latter is the result of lower viscosity in C10 [42]. At equilibrium, bilayer area increases linearly with respect to the square of voltage (i.e. polarity does not matter) [55, 56, 58]  , where the slope, , denotes the EW coefficient. The data in Figure 2.2B and the average  values in Table 2.1 show that DOPC membranes in both C10 and C16 exhibit larger fractional changes in area with voltage compared to DPhPC membranes. Further, DOPC membranes formed with droplets in C16 exhibit a slightly higher area change than those formed with droplets submerged in C10. These differences are likely the result of DOPC membranes having higher monolayer and bilayer tensions and, thus, smaller zero-volt areas, which we show in Figure 2.10 results in larger fractional increases in bilayer area with voltage.
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Figure 2.2. Characterization of the state variables at steady-state EW and EC conditions based of EW and EC time constants respectively. (A) Hysteretic geometric reconfiguration of the membrane interface when stimulated with a sinusoidal input bias voltage of 200 mV at different sweep rates, evaluated as mean of three (steady-state EW) cycles. (B) Response of the normalized area over initial area (at 0 mV) to step increase of bias voltage. (C) Relative thinning of the bio-membrane due to Electro-compression for different lipids in different oils in response to step increase in bias voltages. (D) Relative Channel density (normalized over 0 mV conditions) at the membrane interface for different lipid types in different oil environments.


Table 2.1: Summary of EW, EC, and gramicidin channel density dependencies on voltage.
Membrane/Oil
EW area growth
EC thinning
Channel Density 


 (s)

 (s)


DPhPC/C16
14.0 
(=5)
12.4 0.5
(=4)
N/A


DOPC/C16
5. (=5)
56.5  (=4)
 (=3)


DOPC/C10
1. (=3)
75.3 
(=4)
22.0.5 (=3)






We also assess changes in the hydrophobic thickness of these membrane AES by measuring the specific capacitance of the membrane versus bias using a method described elsewhere [56, 59]. Figure 2.2C shows that gramicidin-doped DPhPC membranes in C16 exhibit relatively constant membrane thickness versus voltage up to |160mV|, whereas gramicidin-decorated DOPC membranes in both C10 and C16 become significantly thinner (15% and 30%, respectively) at higher biases. In the absence of gramicidin, DOPC membranes are also relatively thicker at zero volts, which is attributed to greater oil retention in the hydrophobic region of the membrane upon bilayer formation compared with DPhPC as shown for lipid-only membranes in Figure 2.11. The larger initial thickness and steeper reduction in thickness with voltage for C10 is due to the fact that smaller molecule oils are retained in larger fractions in lipid bilayers [42, 60]. These trends, along with the fact that no significant change in thickness is recorded for DPhPC membranes containing <10% C16 by volume [42, 56], suggest that EC alters the thickness by compressive oil exclusion, not distortion or compression of the lipid molecules themselves [42].  While not shown, we have previously demonstrated that this mechanism for thickness reduction occurs on time scales of 5-25 s, slower than changes in area by EW [42].
The conducting unit in our system consists of a dimer (D) formed by two gramicidin monomers (M), aligned end-to-end across the thickness of the membrane [61-63]. Dimerization can be written as a reversible reaction given by,
	
	,
	(1)


with separate forward and reverse reaction rate constants,  and , respectively, that depend on membrane composition, temperature, ion concentration, etc. [44]. The accumulation of dimers (per unit area) in the system is thus given by:
	
	
	(2)


Assuming the total concentration (mol/cm2) of gramicidin in the interface is conserved (, the population of gramicidin in each leaflet of the bilayer reaches an equilibrium of non-conducting (M) and conducting (D) units at fixed conditions. 
Gramicidin channel formation does not require voltage, however prior research has established that  and  do vary with voltage. As a result, changing the voltage causes a transient reorganization of M and D to establish a new equilibrium in the system, where the time constant of this transient depends on the nominal values of  and .  Specifically, the fraction of conductive channels in a membrane increases with decreasing membrane thickness [64]—signifying that  increases with voltage [44]. Because  also decreases with increasing voltage [44], the speed of dimer formation () also increases at higher applied biases and at high peptide concentrations. With C16 (i.e., constant thickness), and at the relatively high peptide concentrations used in our study, channels insert in the absence of voltage and reach equilibrium at all fixed voltage levels in less than 5 ms (Figure 2.12). This is considerably faster than the kinetics observed by Bamberg and Läuger, in which a peptide concentration of only 2 nM was used [44].
These trends, along with the thinning responses in Figure 2.2C, are consistent with the likelihood that an increase of the applied voltage in our system favors a higher density of channels in the membrane, and thus higher conductivity. To confirm and quantify this relationship, we measure the nominal current at equilibrium through our gramicidin doped membranes at multiple potentials. Dividing the current by the product of the applied potential, V, the unit conductance of one dimer, , and the equilibrium area of the membrane at each voltage allows us to compute the channel density per unit area versus voltage (see Figure 2.2D and Figure 2.8). Here, we see that channel density increases linearly with respect to voltage squared and that a DOPC membrane in decane exhibits a larger fractional increase in channel density compared to either DOPC or DPhPC bilayers in C16. This finding is consistent with the fact that DOPC membranes in C10 retain more oil and, thus, exhibit greater fractional decreases in thickness with increasing voltage. The nominal data in Figure 2.8 also highlight the higher number of dimers in DOPC bilayers versus DPhPC and the higher number of channels in DOPC for C16 versus C10. The former is consistent with prior work [49, 50] which demonstrated a higher affinity of gramicidin with unsaturated DOPC lipids compared to DPhPC lipids, while the latter agrees with results by Hladky and Haydon which demonstrated that thinner membranes yield higher association rate constants and more dimers at equilibrium [47]. 
Based on these data, it is clear that both voltage-driven growth (fractional) in membrane area, , and channel density, , are the two states that influence the total nominal conductance, , of the membrane as given by:
	
	
	(3)


Without a direct relationship between thickness and channel density, we perform linear regressions on the equilibrium channel density data provided in Figure 2.12 and use these steady-state empirical expressions to identify the initial channel densities at 0 mV, , and voltage dependences, , as given by:
	
	
	(4)


Because the channels exhibit nearly instantaneous responses to changes in voltage (and thickness) (Figure 2.12), the time constant for electrocompressive thinning (), , dictates the speed by which changes in channel density occur as a result of voltage-induced reductions in thickness. This allows us to write an empirical first order differential equation of the form:
	
	
	(5)


to describe the dynamic changes in . For DPhPC bilayers in hexadecane which do not undergo EC, Equation 4 is used to define channel density at all points in time. Similarly, values of  and  (Table 1) are used as before [65] to describe the dynamic fractional area growth versus voltage, given by:
	
	
	(6)


Given that the total number of channels in the membrane is the product of nominal membrane area,  and , and the unit conductance of each channel is , the nominal conductance is written as
	
	
	(7)


where  is the area of the interface at zero bias. Using Equations 4-7 and values in Table 1, we simulate dynamic changes in channel density and membrane area in response to a sinusoidal voltage and use these to compute the total current. Figure 2.3A shows the changes in  and  versus time for a DPhPC AES formed in C16 subjected to a 10 mHz, 200 mV sinusoidal voltage. Without significant changes in thickness, the voltage induced changes in channel densities occur nearly instantaneously, which causes the dynamic response to remain in phase with the applied voltage.  EW-driven changes in membrane area occur more slowly (~14 s), resulting in a noticeable time lag behind the applied potential and causing a dc shift of ~+25%.  At steady state, the amplitudes of normalized channel density and membrane area are 90% and ~20%, respectively. 
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Figure 2.3. Simulated dynamic responses of AES. Membrane area and channel density using EW and EC parameters for a DPhPC membrane in C16 (A) and DOPC in C10 (B), respectively, in response to 200 mV, 10 mHz sinusoidal voltage (top). Simulated I-V relationships for: (C) (i) DPhPC AES in C16, and (ii) DOPC AES in C10; and (D) DPhPC AES in C16 at various electrowetting conditions with dynamic channel density. The black trace in (D) predicts the response of the device at a constant channel density. Vertical scales denoted using arrow length and value. All currents are normalized per zero-volt initial area, . Applied bias consisted of a 200-mV bipolar sinusoidal voltage at 10 mHz, unless stated.



But for AES that undergo significant thinning with increased voltage (e.g., a DOPC AES in C10), changes in  are slower than those in A as seen in Figure 2.3B. Note that this occurs because the rate of thinning limits the speed of gramicidin insertion in the membrane. Figure 2.3C and Fig 2.14 show the simulated nominal current versus voltage and time, respectively, at steady state for the same sinusoidal voltage input. Here, we see the models accurately capture the nonlinear changes in synaptic conductance that affect the induced current.  
In Figure 2.3D, we simulate the I-V response of a DPhPC AES in C16 at 10mV for varying  values to investigate the sources of nonlinearity and hysteresis. By setting  to zero (i.e., area is fixed), hysteresis vanishes and the nonlinear increase in current is explained by the instantaneous growth in channel density with voltage. Increasing  to a value of 50 amplifies both the total change in current and the hysteresis during a voltage.  Further, keeping  at the measured value of 12.4 and setting  to be constant yields in a nearly linear I-V relationship with only a small amount of hysteresis. In contrast, the larger, slow increases in  for DOPC AES add additional I-V hysteresis and nonlinearity due to time-varying channel densities independent of the membrane area. 
[bookmark: _Hlk7448805]Short-term facilitation and depression in AES. Activity-dependent short-term plasticity (STP) enables synapses to adjust their conductance strength in ways that either facilitate (strengthen) or depress (weaken) the activity of the post-synaptic neuron. The I-V hysteresis demonstrated in Figure 2.2 shows that at specific frequencies the AES exhibits a conductance that is dependent both on the present value and prior history of applied voltage. Because these hysteresis loops disappear at very low frequencies, the system can be classified as a volatile memristor for which the alterations in conductance return to an equilibrium level upon removal of the excitation. The prior section demonstrates that for gramicidin-doped bilayers with symmetric lipid compositions these alterations occur due to reversible increases in both area and channel density, processes that occur at characteristic time scales governed by the dynamics of EW and EC, respectively.
Plasticity of synaptic elements is commonly assessed by recording the responses to multiple, successive voltage excitations [66]. Therefore, we stimulate our AES with a train of positive, rectangular voltage pulses and study the dynamic current responses. As compared in Figure 2.4A, we consider gramicidin-doped AES membranes that have either symmetric and asymmetric lipid compositions—the latter, which we have previously shown can be used to enable asymmetric EW responses with respect to 0 mV [42]. Specifically, we compare the behaviors of a symmetric DOPC bilayer in decane to an asymmetric membrane consisting of one DOPC leaflet and one leaflet containing a 1:1 molar mixture of DOPC and 1,2-di-O-phytanoyl-sn-glycero-phosphocholine ( DOPhPC)—a combination that exhibits an intrinsic dipole potential difference of -85 mV. Unlike a symmetric membrane that exhibits zero intrinsic potential, the net potential across an asymmetric membrane is the sum of the applied voltage and the intrinsic potential [42]. This means that EW and EC are minimized when the applied potential is equal and opposite to the intrinsic potential, not at zero. Thus, the asymmetric membrane is larger in area and thinner at 0 mV than when +85 mV is applied. Here, we hypothesize that a voltage-dependent reduction in area and increase in thickness can be used to lessen the number of conductive channels in the membrane, thereby creating a depressive form of short-term plasticity.
Figure 2.4B shows the raw ohmic current measured across a symmetric gramicidin doped DOPC membrane in response to +150 mV, 50 ms ON pulses followed by 0 mV OFF periods.  For the first 10 s when the OFF time is 1 ms (95.2% duty cycle, VRMS = 95 mV), the peak current during ON times (normalized by the zero-voltage area) increases exponentially across many pulses with a time constant of 1.75 s.  This type of facilitative short-term plasticity is consistent with the time for gramicidin channels/bilayer area to increase in response to a non-zero RMS voltage. With sufficient preceding rise in synaptic conductance, a change in the OFF time of the pulses to 50 ms (28.5% duty cycle, VRMS = 29 mV) causes the membrane to gradually become less conductive as indicated by the reduction in ohmic current in Figure 2.4B after 10 s. This depressing response occurs as the area of the membrane drops, the thickness increases, and the channel density lowers a smaller positive RMS voltage. However, the fact that the steady-state peak current for 50 ms OFF times is still higher than the initial value prior to pulse train excitation means that if only this stimulus were provided instead, a symmetric membrane will not exhibit depressive STP without sufficient facilitative STP first occurring.
Yet, depression in electrical synapses is more common [10, 67], a trait that enables modulation of  electrical coupling [67], regulates response to the sensory surround and arousal  states [10]. Figure 2.4C shows the peak ohmic current versus time for an asymmetric DOPC: DOPC+DOPhPC membrane containing gramicidin at three different positive VRMS levels 
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Figure 2.4. Short term plasticity in symmetric and asymmetric AES. (A) Cartoon depicting symmetric and asymmetric assembly of droplets and the interfacial membrane. (B) Accumulation and depression of current per unit area of the membrane (facilitation and depression) for varying TOFF values. (C) Depression of conductance of the device even with increased stimuli (voltage input) because of reverse electrowetting stemming from dipole potential difference of asymmetric droplets. (D) Simulation of short-term facilitation and depression in symmetric (blue lines) and asymmetric AES (magenta line).  


(varying duty cycle, equal amplitude). Representative I-V measurements for an asymmetric AES are provided in Figure 2.15. Here unlike the response in Figure 2.4B, we observe that current only decreases upon
application of a positive voltage. This occurs because the net membrane potential drops when voltage increases  from 0 mV to +100 mV. The amount of decrease varies with the RMS value, which is consistent with the idea that the membrane becomes least conductive (see Figure 2.15) when the area is small, and the thickness is large which occurs at zero net potential. Quasi-static analysis (Figure 2.16) confirms that the interfacial area of an asymmetric AES responds to the transmembrane potential difference. However, we also observe the channel density to exhibit stronger increases with voltage at negative applied potentials, where the net membrane potential is larger, compared to positive stimuli. This effect is likely a combination of channel kinetics changing with the applied potential and the thickness of the membrane varying with respect to net membrane potential.
Figure 2.4D (i) and (ii) show simulated peak currents for symmetric and asymmetric AES subjected to unipolar square pulse inputs (150 mV, 20 ms ON, 0 mV, variable duration TOFF). These trends bear close resemblance to the measured behaviors of symmetric and asymmetric AES devices as seen in Figure 2.4B-C. For the asymmetric system, the voltage dependent channel density equation (Equation 5) and electrowetting equation (Equation 6) are modified to accommodate a net bias input of .
AES enable variable synchronization of neurons. Electrical synapses synchronize the activities of many neurons [68, 69] by allowing fast, threshold-independent sharing of action potentials and ionic gradients. The AES presented in this paper share several traits in common with ES, including a variable conductance that occurs at biologically relevant levels of voltage and which spans nominal conductance ranges similar to ES.  Therefore, to demonstrate that our voltage-dependent AES can synchronize neurons, we employ our model of AES conductance and simulate in MATLAB the responses of two Hodgkin-Huxley (H-H) neurons [70]  connected by our adaptive AES (illustrated in Figure 2.5A). The variable resistances in the neurons represent the voltage-gated sodium and potassium channels in addition to leakage pathways. The neuron on the left is stimulated with a dc current density of 10 µA/cm2, a level which is sufficient to elicit repeated oscillations. This injection charges neuron 1, whereby at a sufficient voltage the sodium channels open in neuron 1, causing rapid depolarization of the cell. Then, at sufficiently positive voltage, potassium channels open, hyperpolarizing the cell and resetting the voltage. This nonlinear, oscillatory response creates an action potential with a spiking period of 15 ms. By connecting two neurons with a threshold-independent AES, some of the injected current can also enter neuron 2, where it can similarly charge and fire. The amount of current through the AES depends on its conductance, which in this application is modulated by the relative neuron voltages, V1 and V2. For these simulations, we use the parameters defined in Supplementary Table 1 for a gramicidin doped DOPC membrane in C10. The voltage-dependent membrane capacitance of the AES ( = 0.496 µF/cm2) is also included in the calculation, and we assume the active areas of the neuron and synapse (zero-volt area) are equal to the DIB area (3.3 x 10-4 cm2) observed in experiments. 
Figure 2.5B shows the simulated voltages of both neurons versus time; Figures 5C-D show the computed nominal resistance of the AES and the spiking ratios (spike count of neuron 2 to that of neuron 1) and time lag between adjacent spikes, respectively. The simulation shows that only neuron 1 produces an action potential (Figure 2.5B (i)). The initial AES resistance (~80 ) limits charging of neuron 2, resulting in only sub-threshold oscillations with amplitudes of 6-8% of . This response shows that initially neuron 2 is completely desynchronized from action potentials from neuron 1.
However, over time the difference in neuron voltages (38 mV RMS) lowers the resistance of the AES to reduce to ~34  via bilayer area growth and increased channel density (Fig 2.17). Neuron 2 begins generating action potentials when the AES resistance falls below 74 . This voltage-dependent adaptation allows increasingly more current to enter neuron 2 and further increases the rate of action potential generation. Figure 2.5B (ii-iv) show this adaptation; here we see neuron 2 exhibiting action potentials with increasing frequency over time (total simulation time is 100 s to capture the full adaptation of the AES). The spiking ratio increases incrementally during this time, where after approximately 67 s, when the AES resistance drops below ~40 , every action potential by neuron 1 coincides with one from neuron 2. While synchronized in frequency at this point, action potentials from neuron 2 still lag by ~2 ms those from neuron 1. This time lag decreases non-monotonically during the AES adaptation; specifically, it appears to decrease exponentially in time for each period of constant spiking ratios. An electrical synapse mimic for synchronizing spiking neurons—e.g., for use in artificial neural networks—has real advantages 
Figure 2.5. HH neuron synchronization through AES plasticity. (A) Illustration of two HH neurons joined by an AES. (B) Simulated neuron voltages versus time in response to a constant injected current into Neuron 1. (C) AES resistance versus time during adaption. (D) Neuron voltage spiking ratios and lag time between neuron spikes versus time.
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compared to devices mimicking the one-direction, threshold dependent variable conductance of a chemical synapse. The bidirectional conductance of the AES means that if neuron 2 were stimulated with current instead, neuron 1 could become synchronized. Additionally, the lack of a voltage-threshold for ion channel formation allows ions to quickly pass through the AES to charge and fire neuron 2 with minimal lag. In contrast, a memristive synaptic mimic constructed using alamethicin [65] exhibits much slower channel insertion kinetics, which would prevent successful synchronization of the two neurons. The simulation shows how the voltage-dependent plasticity of an AES can be used to adaptively couple spiking neurons, and the conditions for the calculations require some tuning to demonstrate this 
functionality. Specifically, initial channel density, , and the voltage dependency, , of the synapse are set to 6.5 x 106 and 2 x 109, respectively, to ensure that the device exhibited an initial resistance of 80  and a large reduction in resistance at RMS voltages below 50 mV. In contrast, smaller values of  and  (such as those in Table 1) result in a highly resistive junction that does not sufficiently reduce to cause firing in neuron 2.  Nonetheless, the parameters used closely match experimentally obtained values on a symmetric DOPC membrane in C10 by mechanically reducing the membrane area after bilayer formation (see Supplementary Table S1 for measured values and Figure 2.10 for effect of membrane area on electrowetting sensitivity). In contrast, while an asymmetric AES displays short-term depression under a sufficiently large positive potential (see Figure 2.4C in the manuscript), the same device is unable to desynchronize H-H neurons because the average voltage across a highly conductive AES (required to synchronize neurons) is insufficient for appreciably changing AES. Figures 2.18 summarizes the response of an initially conductive AES placed between two Hodgkin-Huxley neurons.
In our simulation, the ratio of neuron area to synapse area is a parameter that strongly impacts the amount of nominal current flowing through the AES. This is based on the fact that Hodgkin-Huxley equations are normalized per area of the neuron membrane. Therefore, when the active area of the neuron is larger than that of the synapse, the synapse is considerably less conductive than the neurons. This change means that even less current passes through the AES, lowering the rate of firing of neuron 2. Less current through the AES also causes the VRMS difference between the neurons to shrink to 27 mV, which subsequently results in a smaller voltage-induced plasticity. Furthermore, higher neuron conductance means even larger reductions in AES resistance from the same initial value (80 ) are needed to fully synchronize the two neurons. For example, increasing the area ratio to just 10 raises the final synapse resistance to 50 , a value that now only results in sub-threshold voltage oscillations in neuron 2. This demonstrates that effectively matching the impedances of the neurons and the adjoining synapse is important for making use of voltage-activity plasticity in hardware-based neural circuits.
Conclusion
We present a threshold-independent, artificial electrical synapse that exhibits volatile memristance and which mimics the composition, structure, and transport properties of an electrical synapse found in the mammalian brain. Our unique, two-terminal AES consists of a lipid bilayer membrane doped with gramicidin peptides that form conductive ion channels through the lipid bilayer. Like connexins in ES, these channels feature an end-to-end connection across both leaflets of the membrane and do not require a threshold-voltage to conduct ions. The current-voltage relationships of gramicidin-based AES exhibit pinched hysteresis at excitation frequencies between 10-100 mHz. Experiments reveal that the volatile memristive device is affected by two voltage-dependent state variables: the gramicidin channel concentration per unit area and membrane area, the product of which dictate the total number of channels in the AES and, thus the conductance of the device. In addition, the current-voltage relationships show that combinations of peptide concentration, oil composition, and lipid type and arrangement modulate the conductivity, nonlinearity, and hysteresis of the AES. Using a mathematical model of AES developed from empirical expressions for both state variables, we also show that the voltage-induced plasticity in an AES can dynamically synchronize the firing of two HH neurons, illustrating one of the key uses of ES in neural networks. 
Like the brain, ES functionality in neural networks may also enable greater cognitive power in neuromorphic circuits. Our AES devices, unlike most neuromorphic devices, mimic the continuously variable conduction, bidirectional ion transport, and activity-dependent plasticity of ES. These results also highlight that a biomolecular approach is one that enables uniquely modular transport properties and tunable plasticity that can be achieved at biologically relevant voltages.
The contents of this chapter have been published in Nanoscale journal published by the Royal Society of Chemistry in 2019,
DOI: 10.1039/c9nr07288h.        To be cited as : Nanoscale, 2019, 11, 18640
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Appendix 

Derivation of state equations for an artificial electrical synapse
The nominal current through our artificial electrical synapse (AES) is given by:
	
	
	S1



where  is the non-linear conductance and  represents multiple, voltage-dependent state variables [1]. The dynamic equations defining the voltage-dependence of the state variables is given by:
	
	
	S2



The nonlinear and hysteretic plots of I-V in Figures 1 C-E display the voltage-dependent conductance of a memristive AES. Since ions cross the membrane through gramicidin dimers and not via the insulating membrane, the nominal conductance is determined by the total number of gramicidin channels present in the interface. Our experiments further reveal that the number of gramicidin channels per unit area, , and the fractional increase in area, , are the two, independent, voltage-controlled state variables in an AES. Therefore, equation S1 is rewritten as:
	
	.
	S3



Voltage dependent dynamic change in membrane area
The area of a droplet interface bilayer (DIB) increases dynamically in response to an increase in net transmembrane voltage due to electrowetting (EW), which reduces the net interfacial tension of the membrane [2-5]. This relaxation increase changes the contact angle between droplets and, through conservation of droplet volumes, leads to a larger contact (i.e., bilayer) area. The steady state fractional increase in bilayer area at constant thickness, , is given by:
	
	
	S4



where  and α are the bilayer area at zero volts and voltage sensitivity constant, respectively[4]. Based on observations that changes in area display first-order exponential time responses, we express dynamic fractional changes in area as:
	
	
	S7


where  is the characteristic time constant for electrowetting. 
Nominal conductance, 
With the empirical expressions for voltage-dependent channel density (equations 4 and 5) and the fractional change in area upon electrowetting (equation S7), we write the total conductance term of equation S3 as:
	
	
	S5



where  is the unit conductance single gramicidin channel (5.8 pS).
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Figure 2.6. Experimental setup used to assemble and characterize droplet-interface bilayer-based artificial electrical synapse. Two lipid-encased aqueous droplets in oil are brought in contact to form a planar lipid bilayer. Ag/AgCl electrodes inserted into the droplets enable application of voltage and measurement of ionic current via a patch clamp amplifier. The ball-shaped electrode tips are coated with hydrophilic agarose gel to aid adhesion to the hanging droplets. A 3-axis micromanipulator supporting each electrode/droplet provides accurate droplet positioning and manipulation for the study. The lipid bilayer devoid of any peptides can be modelled as a parallel resistor-capacitor circuit with typical values of 10 GΩ and 0.63 μF/cm2, respectively for the nominal resistance and specific capacitance [4].
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Figure 2.7. I-V relationship of an insulating DOPC membrane in hexadecane oil (C16) in response to a 200 mV sinusoidal bias voltage. In absence of any ion conducting gramicidin channels, the elliptical current response stems from frequency-dependent capacitive current.

[image: ]
Figure 2.8. I-V relationship of AES at varying gramicidin concentrations when excited with 200 mV sinusoidal bias voltage at 10 mHz frequency. The 0 mV pinching points are shifted here for discrete pictorial representation. The data show that increased number of gramicidin pores leads to higher currents due to higher numbers of ions traversing the membrane in the same voltage range.
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Figure 2.9. Bilayer area growth and decay. The bilayer is allowed to form at 0 mV applied bias. Once the bilayer reaches an equilibrium area, a step voltage of +200 mV is applied for 60 s and then removed. The growth and decay in bilayer area are assessed via image analysis of the connected droplets. For each lipid/oil combination, we report the average time constant from the two dynamic processes.




[image: ]
Figure 2.10. Steady-state normalized area of a DOPC bilayer in C16, for different starting areas prescribed through electrode/droplet positioning in response to discrete voltage steps. Each bilayer that forms can have a different nominal area depending on droplet volumes and positioning on electrodes. Therefore, all data reported in the manuscript represent those obtained from bilayers of equal zero-volt areas (either 7.0 x 10-4 cm2 for C16 or 3.3 x 10-4 cm2 for C10). To reach this target, the droplets were either brought closer or separated as needed.  The data provided here show that when droplets are separated slightly to reduce the nominal area of the bilayer, the membrane exhibits a stronger normalized electrowetting sensitivity. 
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Figure 2.11. Steady-state dielectric thickness versus applied voltage for a DOPC and DPhPC lipid membrane without gramicidin peptides in it. It reflects the thinning of a DOPC from an initially thicker (electrocompression) state in response to increase in bias voltage. Whereas a DPhPC membrane does not undergo significant thinning.
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Figure 2.12. Transient current measurements following step-wise changes in applied voltage on a gramicidin-doped DOPC AES formed in C16. (B) is an enlarged representation of (A). The data in (C) show the slower, long-term changes in current that occur at the same time constant of electrowetting, indicating a rise in the number of channels due to an increase in membrane area. Importantly and unlike the work by Bamberg, et al [6, 7] which showed exponential current rises in the first second after a voltage increase, which they used to quantify the kinetics of gramicidin insertion, the data in (A-B) shows that current is flat immediately following the brief capacitive spike. This difference is attributed to much higher concentration of gramicidin used and indicates that the kinetics of channel rearrangement with voltage are nearly instantaneous, which means that hysteretic changes in current are rate-limited by geometrical changes to the bilayer and not due to voltage-dependent channel kinetics.
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Figure 2.13. Nominal channel density versus voltage for different lipids in both oils (C16 and C10). DOPC in C10 exhibits a lower concentration of channels at 0 mV and a steeper rise with increasing voltage compared to DOPC in C16 or DPhPC in C16. This is due to the fact that DOPC in C10 is thicker at 0 mV (which limits channel insertion) and thins considerably with increasing voltage.
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Figure 2.14. Comparison of experimental data (red) and simulated (blue) dynamic current (in blue) for a DPhPC AES in C16 in response to a 0.01Hz, 200mV bias (top) and a DOPC AES in C10 subjected to a 0.001Hz, 200 mV bias (bottom).
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Figure 2.15. I-V response of an asymmetric AES consisting of one DOPC leaflet and one leaflet containing a 1:1 molar mixture of DOPC and 1,2-di-O-phytanoyl-sn-glycero-phosphocholine (DOPhPC) and formed in C10 environment to 100 mHz sinusoidal voltage. The red trace depicts the first cycle of the I-V sweep, where the device starts from an elevated membrane area (compared to A0, the area at zero membrane potential) stemming from the non-zero net transmembrane potential difference that exists when 0 mV is applied. The blue trace represents the current response after it has reached steady state conditions of electrowetting (EW) and electrocompression (EC).
[image: ]

Figure 2.16. Experimental characterization of voltage-dependent state variables for an asymmetric AES. (A) Quasi-static membrane area versus applied voltage reveals a parabolic relationship with a minimum that occurs when the applied voltage is equal and opposite to the intrinsic membrane potential ( mV). The drop in the membrane area with applied positive voltages results from a compensation of net transmembrane potential (), whereas the steep increase in the area with negative voltages stems from the increase in the total net potential across the membrane. (B) Quasi-static total number of gramicidin channels versus voltage. (C) & (D) displays the rise in channel density which is fueled by an increase in number of channels with voltage and a decrease in membrane area. The slope is steeper for negative voltages because electro compression is playing a crucial role along with electrowetting to help the channels populate the membrane.

[image: ]
Figure 2.17. Simulated bilayer area (top) and channel density (bottom) versus time for the AES during constant current injection of 10 µA/cm2 into neuron 1.
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Figure 2.18. Simulation of asymmetric AES interfacing two fully synchronized Hodgkin-Huxley neurons. (A, B) Changes in membrane area and channel density versus time (over 100 s). (C) Neuron voltage spiking ratios and lag time versus time. This simulation included a constant current injection of 10 µA/cm2 into neuron 1 and assumed an initial AES resistance of 30 M, a value low enough to synchronize the action potentials of both neurons. The channel density voltage-dependency was empirically modeled using a linear fit of the quasi-static channel density versus squared voltage data for positive applied potentials (Figure 2.16D); the fitting results are provided in Supplementary Table S1.



Table 2.2. EW, EC, and gramicidin channel density dependencies on voltage obtained when the membrane area was reduced through mechanical droplet manipulation.
	Membrane/Oil
	EW area growth
	EC thinning
	Channel Density 

	
	 (s)
	
	 (s)
	

	DOPC/C10
	1. (=3)
	75.3
(=4)
	22.30.3
(=3)
	

	DOPC/C10
	1. (=3)
	75.3
(=4)
	22.30.3
(=3)
	

	DOPC: DOPC+DOPhPC/C10
	1. (=3)
	69.9
(=4)
	22.30.3
(=3)
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CHAPTER III.  Comprehensive assessment of homogeneous hybrid droplet interface bilayers assembled from binary mixtures of DPhPC phospholipids and PB-b-PEO di-block copolymers





















Abstract
Hybrid membranes built from phospholipids and amphiphilic block copolymers seek to capitalize on the benefits of both constituents for constructing biomimetic interfaces with improved performance. However, hybrid membranes have not been formed or studied using the droplet interface bilayer (DIB) method, an approach that offers advantages for revealing nanoscale changes in membrane structure and mechanics and offers a path toward assembling higher-order tissues. We report on hybrid droplet interface bilayers (hDIBs) formed in hexadecane from binary mixtures of synthetic diphytanoyl phosphatidylcholine (DPhPC) lipids and low molecular weight 1,2 polybutadiene-b-polyethylene oxide (PBPEO) amphiphilic block copolymers and use electrophysiology measurements and imaging to comprehensively assess the effects of PBPEO in the membrane. This work reveals that hDIBs containing up to 15 mol% PBPEO in DPhPC are not phase-separated into lipid-rich and polymer-rich domains, remain highly resistive to ion transport, and are stable—including under applied voltage. Moreover, they exhibit hydrophobic thicknesses similar to DPhPC-only bilayers, but also have significantly lower values of membrane tension. These characteristics coincide with reduced energy of adhesion between droplets and the formation of alamethicin ion channels at significantly lower threshold voltages, demonstrating that even moderate amounts of amphiphilic block copolymers in a lipid bilayer provide a route for tuning the physical properties of a biomimetic membrane. 
 Introduction
The many active and passive functions performed by cellular membranes motivate the need for effective materials and methods to obtain biomimetic model membranes with similar capabilities. For example, biomimetic membranes in the form of spherical vesicles and planar bilayers are needed for researching biophysical mechanisms related to selective transport, ion channel gating, and stimuli-responsive transmembrane signaling. They are also key to developing functional materials that offer either similar capabilities to membranes or controlled interactions with cellular interfaces. Such technologies hold significant promise for applications such as biosensing[1], nanoparticle-assisted drug-delivery[2, 3], DNA sequencing[4], artificial tissue development[5], and  desalination and bio-separations[6-8]. 
Biomimetic membranes are usually assembled from either phospholipids (PL)[9, 10] or amphiphilic block copolymers (BCP)[11-14] (e.g., diblock or triblock architectures with alternating hydrophilic and hydrophobic blocks) organized into a bilayer. Amphiphilic BCPs are most frequently constructed from poly(2-methyl oxazoline) (PMOXA) or poly(ethylene oxide) (PEO) hydrophilic groups, linked to poly(butadiene) (PB), poly(dimethyl siloxane) (PDMS), or poly(isoprene) (PI) hydrophobic blocks[15, 16]. While synthetic or naturally derived PL closely resemble lipid compositions in cells and yield membranes with similar dimensions and physical properties, their use ex vivo is often curtailed by chemical degradation, higher permeability to water, and limited mechanical strength (e.g., bending rigidity, lysis strain) [17-20]. In contrast, while many BCP-based membranes hold advantages in these same metrics, using BCP in place of PL can result in artificially large hydrophobic thicknesses [21, 22] and reduced lateral fluidity[17], which limit the ability to host transmembrane biomolecules for selective signaling and transport.
Alternatively, hybrid membranes combine BCP and PL, seeking to leverage the most favorable properties of each constituent in the resulting biomimetic membrane. This approach has been taken by several groups, many of which used PB-b-PEO BCPs in combination with phosphatidylcholine (PC) lipids [17, 21, 23-35]. The results from these studies demonstrate that hybrid PL-BCP membranes in the form of vesicles or planar bilayers can exhibit properties superior to PL-only or BCP-only models[28]. Depending on the types of PL and BCP used and their relative fractions in the membrane, hybrid membranes can exist as homogeneous mixtures or as laterally phase-separated PL and BCP domains. Thus, the local environment (e.g. hydrophobic thickness, lateral fluidity, chemical functionality) of a hybrid membrane can be tailored to recognize membrane-active species [25] and host integral membrane proteins including OmpF [32, 36] and potassium channels [35], whilst also improving the global characteristics (e.g., permeability, stability, dehydration resistance) [17, 27, 28, 37].  However, the benefits of hybrid membranes may not materialize until methods to assemble and comprehensively assess them move beyond closed vesicles and fragile planar bilayers.
The droplet interface bilayer (DIB) technique permits assembling a fluid bilayer membrane between two surfactant-coated water droplets immersed in oil [38-40]. Compared to planar membranes painted across apertures or resting on solid surfaces, a DIB membrane (or DIB) offers key advantages: a simpler formation that demands less user skill, greater longevity due to removed interactions with a substrate, independent aqueous volumes needed to perform electrophysiology and establish leaflet asymmetry and direct control over bilayer area. These plusses translate into greater control for use in a wide variety of experimental studies. Hence DIBs have been used by microbiologists, chemists, and physicists to explore in situ a variety of basic biophysical questions and processes[41-44] as well as by engineers to develop biomimetic sensors[45, 46], energy conversion devices[47, 48], and even brain-inspired computing elements[49-52]. Moreover, because an adhesive droplet-based approach is inherently modular, the DIB technique translates well to microfluidic environments for high throughput analyses[53-55] and it permits connecting many droplets together to construct 3D tissue-like synthetic materials[56-58]. In the latter, droplet networks enabled by bilayer-stabilized adhesive droplets result in a compartmentalized soft material that closely mimics the hierarchy of living cells and tissues achieved via membrane barriers. This approach at synthetic tissues establishes the potential to obtain emergent functional properties within biological membrane-inspired—and perhaps biocompatible materials—that sense, actuate, learn, and remember.
DIBs are typically formed from either synthetic PL or natural lipid extracts. Far less research has been reported on assembling DIBs from non-PL surfactants, such as BCPs, despite a potential payoff of improved biomimetic membranes. We previously examined the dynamics of DIB formation using ABA-type block copolymers, which exhibited voltage-triggered reversible adhesion[59, 60]. This behavior resulted from the hair-pin arrangements of the surfactants at the oil-water interface. Depending on the oil, these bilayer interfaces exhibited hydrophobic thicknesses of 10-20 nm, far too thick for supporting transmembrane species (e.g., proteins, ion channels) needed to selectively regulate transport between compartments. This work reiterated the importance of molecular-scale interactions between the solvent and the hydrophobic portion of the BCP molecule in determining whether bilayer formation (via oil exclusion from between droplets) is energetically favorable[59]. Alternatively, our attempts to assemble DIBs from similar types of diblock BCP (e.g., PMOXA-b-PDMS, PDMS-b-PEO, MW >= 2kDa) have thus far failed to yield stable polymeric DIBs.
Motivated by the potential advantages of hybrid membranes and the opportunity to investigate them using electrophysiology and the DIB technique, we report on hybrid DIBs (hDIBs) assembled in hexadecane from symmetric binary mixtures of DPhPC phospholipids and PBPEO diblock copolymers, components that individually yield membranes with low permeabilities to small molecules, ions, and water [37, 42]. The diblock selected for this study is a carboxylic acid terminated 1,2 poly(butadiene)-co-poly(ethylene oxide) copolymer (PBPEO from here on). We chose a low molecular weight (short-chain) variant (PB12PEO8-COOH, MW ~ 1000 g/mol) because it results in sufficiently thin polymer bilayer membranes capable of hosting both biological OmpF membrane proteins [61, 62] and artificial transmembrane channels [63]. The objectives of the study are to use a combination of simultaneous electrical measurements and imaging to comprehensively characterize the effects of PBPEO concentration on the equilibrium physical properties (e.g., electrical resistance, thickness, stability under voltage, membrane tension, and adhesion energy), the distribution of PBPEO within the bilayer, and the insertion of voltage-activated ion channels in DPhPC:PBPEO hDIBs. This approach shows how electrical measurements of hDIBs can reveal greater understanding of the effects of BCPS in hybrid membranes.
Materials & Methods
Materials. The aqueous droplets used to construct DIBs consisted of phospholipid vesicles, salt, and buffering agent in 99.99% pure deionized water. Potassium chloride (KCl), 3-(N-morpholino) propanesulfonic acid (MOPS), sodium hydroxide (NaOH), agarose (C12H18O9), sucrose, n-hexadecane (99% pure), ethanol, and isopropyl alcohol were purchased from Sigma Aldrich. DPhPC lipids (>99% purity) were obtained from Avanti Polar Lipids, Inc and used without further purification. The diblock material used in this work is a carboxylic acid terminated 1,2 polybutadiene-block-polyethylene oxide (PB12-b-PEO8-COOH, MW ~ 1000 g/mol, PDI = 1.18) synthesized via anionic polymerization as described elsewhere [61].
Large unilamellar vesicles (LUVs) preparation. To prepare a solution of hybrid LUVs, PBPEO was first solvated in chloroform at a concentration of 10 mg/mL and then mixed with DPhPC lipids dissolved in chloroform at the desired lipid:polymer molar ratio. The chloroform was then evaporated first using a gentle nitrogen stream and then under vacuum for 3 h. Once the solvent fully evaporated, the lipid:polymer film was then rehydrated with 500 mM KCl 10 mM MOPS buffer to a final lipid concentration of 2 mg/ml (see Table S1 in the supplementary information (SI) for total amphiphile concentrations of mixed vesicle solutions). The hydrated suspension was subjected to 5 freeze-then-thaw cycles with passive cooling and heating at -20 C and ~20 C, respectively, to create a solution of multilamellar vesicles. Large unilamellar vesicles were formed by extrusion, using 11 passes through a 100 nm-pore polycarbonate membrane (Whatman) in an Avanti Mini Extruder. Extruded LUV solutions were stored at 4 C until further use.
DIB formation. DIBs were formed at room temperature (22 C) between two, 300 nL aqueous droplets of LUV solution suspended on agarose-coated wire-type electrodes in an oil-filled reservoir as described elsewhere [64]. The oil reservoir and droplets were centered above a 4X objective lens on an inverted microscope. The positions of both electrodes were controlled by manual, three-axis micromanipulators. A lipid bilayer was formed by bringing droplets into contact following a brief incubation period to ensure lipid monolayer assembly. To aid in holding droplets, electrodes were lowered in the oil such that the bottom of the droplets gently rest on the substrate. Bottom-view images (Figure 3.1A) of connected droplets were obtained using a QIClick-F-M-12-C (SN: Q31274) camera controlled by Micromanager software.  Side view images of connected droplets (Figure 3.5 in the appendix) were obtained using an IDS-UI-3360CP-M_GL R2 camera controlled by IDS suite software. Images from both views were used to estimate membrane area for computing specific capacitance and thickness as described elsewhere [65]. 
Giant unilamellar vesicles (GUVs) formation and confocal imaging. Giant unilamellar vesicles (GUVs) were formed via gel-assisted swelling. PBPEO and lipids dissolved in chloroform are mixed at various PL:BCP molar ratios: 100:0, 90:10, 80:20, and 50:50. Nile Red hydrophobic dye was added to all mixtures at a final concentration of 0.1 mol%. A petri dish was plasma cleaned for 1 min and then spin-coated with a warm 1 wt/vol% agarose solution, which was left to dry at room temperature. Small droplets of lipid/BCP mixture were deposited onto the agarose coated petri dish that was then placed under a gentle stream of nitrogen for a few min and then in a desiccator for one h to evaporate the chloroform. The GUV growth buffer containing 400 mM sucrose in water was added and left for 30 min for swelling to proceed and form GUVs. For harvesting the GUVs, the narrow end of a 100 µl pipette tip was cut to create a larger opening and avoid damaging GUVs. Confocal fluorescence imaging was performed at room temperature using a Nikon Eclipse Ti2-E confocal microscope equipped with a 60X oil immersion objective and a 561 nm laser line.
Electrophysiology. Bilayer current measurements were made using an Axopatch 200B patch clamp amplifier and Digidata 1440A data acquisition system (Molecular Devices). All recordings were made at room temperature with appropriate shielding using a well-grounded Faraday cage in place to minimize noise. Voltage waveforms were generated using either a Hewlett-Packard 3314A function generator or a National Instruments Compact DAQ with a NI 9263 analog output module controlled by a custom LabVIEW script. Voltages from these sources were sent to the headstage of the Axopatch 200B via the external input to the amplifier. Current measurements were lowpass filtered at 1 kHz on the Axopatch 200B and then sampled at 20 kHz. All data were processed using Matlab.
Monolayer formation and interfacial tension measurement. Pendant drop tensiometry was performed on a Dataphysics OCA 15EC to assess monolayer formation at the oil-water interface, including measuring equilibrium tension. A Teflon-coated blunt tip needle with a 0.72mm inner diameter was used for dispensing 1µL volumes of the aqueous phase into a quartz cuvette filled with hexadecane. Images of the hanging droplets were collected once per second, and interfacial tension was calculated using Laplace-Young fitting in DataPhysics SCA20 software. Experiments were performed at room temperature.
Results and Discussion
hDIB formation and electrical characterization
In addition to DPhPC-only DIBs that are well characterized [66-68], hDIBs with symmetric leaflet compositions were assembled in hexadecane oil with 300 nL droplets of LUV solution consisting of binary mixtures of DPhPC phospholipids and PBPEO diblock copolymers. The chemical structures for these amphiphiles are compared in Figure 3.6 in the appendix, and Table 1 in the SI shows that these solutions spontaneously reduce the interfacial tension from a value of ~45-50 mN/m for the neat oil-water interface within a few minutes, indicating the adsorption of amphiphiles and formation of well-packed monolayers [69]. At PBPEO fractions up to 15 mol%, which produced equilibrium monolayer tensions below 1 mN/m at the oil-water interface, we observed spontaneous bilayer formation between contacting droplets in hexadecane; i.e., no applied voltage was needed to induce bilayer thinning as previously observed with triblock BCPs[59]. However, unlike lipid-only DIBs that exhibit bilayer thinning within ~1 min, hDIBS often required more than 10 min for thinning to initiate after droplet contact. This delayed response is especially prominent at PBPEO molar ratios above 10 mol% in the LUVs. Interfacial thinning (and removal of excess oil) results in visual changes to the shared interface between droplets, as well as an increase in the amplitude of capacitive current induced by an AC voltage applied between the two supporting electrodes. In hexadecane, the area, A, (and thus the contact angle, ) of the interface reaches an equilibrium state within 60 s. Figure 3.1A compares bottom-view images of a DPhPC-only DIB and an hDIB formed with 15 mol% PBPEO in the LUVs, both taken at their equilibrium zero-volt configurations. Compared to the DPhPC only case, the addition of PBPEO resulted in a smaller equilibrium bilayer area and lower contact angle (see Figure 3.3a). Finally, though, the proportion of PBPEO in the droplet interface may differ from that found in the LUVs, we denote hDIB compositions from here on using the molar ratio of polymers to lipids in LUVs, as is common in describing DIBs from mixtures of species[70, 71].   
At PBPEO molar fractions greater than 15 mol%, contacting droplets routinely coalesced (i.e., no stable membrane was formed) either before or shortly after thinning began. This same result was observed for 100% PBPEO LUV solutions, which is consistent with the finding that polymer-only monolayers display higher values of equilibrium monolayer tension (>5 mN/m, Table S1) at the hexadecane water interface, indicating a lower packing density is obtained with only PBPEO amphiphiles. Lower monolayer tensions correspond to higher packing density, a requirement for stabilizing a bilayer between droplets [69]. Alternatively, we found that incorporating PBPEO into the oil phase instead resulted in an average equilibrium tension of only ~0.5 mN/m (Table S1). Yet, while putting DPhPC lipids in hexadecane is a viable route to forming a DIB, droplets submerged in PBPEO-hexadecane did not connect to form a thinned bilayer, even under the application of voltage. Therefore, ensuing measurements focus solely on hDIBs formed with aqueous LUV solutions at PBPEO molar ratios from 0-15 mol%.
To approximate how PL and BCP distribute in an hDIB, we assembled and imaged giant unilamellar vesicles (GUVs) from mixtures of the two species and added 0.1 mol% Nile Red, a lipophilic fluorescent dye. As control cases, DPhPC vesicles were found to be uniformly fluorescent (Figure 3.1B), while PBPEO- only GUVs exhibited no fluorescence, despite being visible in brightfield with phase contrast (Figure 3.7). For the latter, the dye precipitated into irregular clumps in the viewing chamber. However, mixtures of lipids and PBPEO were observed to be fluorescent, either uniformly or locally depending on the lipid type. Vesicles appeared uniformly fluorescent at the tested molar ratios of 5%, 10%, 20%, 50%, and 80% PBPEO (Figure 3.1B, and Figures S4-S6) when PBPEO was combined with DPhPC, and we did not find evidence of GUVs visible in brightfield but not in fluorescence mode, which would have occurred if there 
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[bookmark: _Ref89281649]Figure 3.1: Hybrid DIBs and GUVs. (A) bottom-view images of a DPhPC DIB (left) to an hDIB with 15 mol% PBPEO (right). (B) Confocal images near the equators of lipid-only and hybrid lipid-polymer GUVs containing 0.1 mol% Nile Red. % denotes molar fractions.













were PBPEO-only vesicles present. This was true even at a PBPEO concentration of 80 mol % (Figure 3.8), where PBPEO outnumber DPhPC 4:1. The observation that fluorescence intensity is noticeably lower for GUVs with 80 mol% versus 20 mol% PBPEO (Figure 3.10) shows that more PBPEO leads to less Nile Red in the vesicle and a weaker fluorescent signal. In contrast, we observed locally non-fluorescent regions in GUVs comprised of 20 mol% PBPEO and 80 mol% DPPC (Figure 3.1B), suggesting co-existing lipid-rich (fluorescent) and polymer-rich (non-fluorescent) regions in these membranes. Phase separation was routinely observed in many (>10) separate DPPC:PBPEO GUVs (Figure 3.11), which we qualitatively confirmed by viewing multiple vertical slices on separate GUVs. Phase separation in hybrid vesicles is common, especially when a high melting point lipid such as DPPC is used [26, 35, 36]. 
Therefore, in combination with our finding that mixtures of DPhPC and PBPEO (even at high copolymer:lipid ratios) do not produce visible non-fluorescent GUVs, we conclude that PBPEO is present in the GUVs and that DPhPC and PBPEO are evenly mixed. Thus, we expect DIBs formed from mixed vesicles to consist of similar lipid:polymer ratios and remain homogeneously mixed. Mixing of these constituents makes sense given that DPhPC is in a liquid crystalline fluid phase at room temperature[72] and the low molecular weight of the PBPEO polymer chosen for this work is expected to minimize the difference in hydrophobic thickness that can drive phase separation. These conditions are consistent with those from Gettel et al, who observed that a low molecular weight PIPEO diblock copolymer forms well-mixed hybrid bilayers when combined with fluid-phase POPC lipids [28].
To evaluate the equivalent electrical parameters and assess structural differences in DPhPC-based hDIBs, we applied a 10 mV, 10Hz triangular voltage waveform between connected droplets and measured the induced square-wave current using a patch-clamp amplifier. As discussed elsewhere [67], the square wave current response can be analyzed to extract nominal values of bilayer resistance, R, and capacitance, C. A DC voltage can also be superimposed onto the AC signal to evaluate these quantities at nonzero average transmembrane potentials. Bottom view images of the connected droplets are intermittently obtained during electrical measurements to assess A and  versus membrane composition and applied voltage. Figure 3.2A and Table 1 present average values of specific membrane resistance, , (where ) measured at 0 and 200 mV DC for varying percentages of PBPEO. Across all compositions, we observe values of specific resistance on the order of 1-25 MΩ cm2, which indicates that both lipid-only and hybrid.interfaces create an effective ionic seal between the two droplets. Increasing the transmembrane potential to 200mV significantly reduces the values of specific resistance (possibly due to electroporation aided by voltage-induced thinning or electrowetting-driven reductions in membrane tension); however, all values remain above 1 MΩ cm2, and there is no clear trend that increasing amounts of PBPEO lowers the specific resistance under applied voltage. 
Similarly, Figure 3.2B and Table 1 compare the average values of specific capacitance, Cm (), measured for hDIBs with various percentages of PBPEO. Specific capacitance is determined as described elsewhere [67]. These data reveal that hDIBs containing up to 10 mol% PBPEO exhibit values of Cm similar to DPhPC-only DIBs at 0 mV DC (Cm = 0.64 µF/cm2 [67]). Since Cm represents the ratio of dielectric permittivity, , to hydrophobic thickness, , matching values of Cm and similar hydrophobic region dielectric constants (2.2 for DPhPC [67] vs. 2.5 for PB [73]) imply that hDIBs formed with 10 mol% or less PBPEO have similar hydrophobic thicknesses at 0 mV (Table 1). However, at 15 mol% PBPEO, the value of Cm measured at 0 mV DC decreases to ~0.55 µF/cm2, which corresponds to a 3-4Å increase in hydrophobic thickness. Additionally, measurements of Cm at 200 mV DC are used to gauge changes in thickness due to voltage-induced oil exclusion or bilayer compression [51, 68]. All membrane types show higher values of Cm at 200 mV DC compared to their respective values at 0 mV DC, and the largest increase is observed for 15 mol% PBPEO, where Cm increases to an average value of ~0.62 µF/cm2. This higher sensitivity to voltage correlates to the larger initial (zero-volt) thickness, and it suggests that a greater amount of oil-exclusion or membrane compression can occur when approximately 1 in 7 molecules in the membrane is PBPEO. Unfortunately, we failed to form bilayers with a PBPEO composition higher than 15 mol%. Therefore, it remains unknown how much thicker a PBPEO-only bilayer would be or how much its thickness decreases when a DC voltage is applied. 
Equilibrium energetics of hDIBs
As observed in the image of 15 mol% PBPEO hDIB in Figure 3.1A, the presence of PBPEO in the interface results in adhered droplets with smaller values of contact area and contact angle at 0 mV than are observed for a DPhPC-only DIB. Figure 3.3A confirms this trend, showing that the average 
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[bookmark: _Ref89281603]Figure 3.2. Electrical properties of hDIBs. (A) Membrane resistance measured at 0 mV (blue, n = 7) and 200 mV (red, n = 5). (B) Specific capacitance at 0 mV (green) and 200 mV (orange). Error bars represent one standard deviation; *denotes significant differences, where p < 0.05.








contact angle at 0 mV, , decreases linearly from 34 at 0% PBPEO to ~24 at 15 mol% PBPEO. This reduction in contact reflects a lower gain in free energy through spontaneous adhesion [74]. To quantify how much the PBPEO alters the tensions of the monolayers, ,  and bilayer, , and the resulting adhesive energy describing the connected droplet pair, we employed an established technique [67] to first determine equilibrium values of . This is achieved by measuring changes in  caused by applied voltage.
Due to electrowetting, an applied voltage charges the capacitive interface and lowers the apparent bilayer tension,  [67]. This relaxation in bilayer tension leads to concomitant increases in contact area and angle needed to satisfy the three-force balance (Figure 3.1A) and conserve the fixed droplet volumes. Figure 3.3b 
shows these changes in contact angle due to electrowetting, quantified as the change in the cosine of  versus the square of the applied DC voltage for each membrane type. These data exhibit   linear relationships, where the slope for a given series is governed by the ratio . Therefore, performing a linear regression on each data series resulted in values of slope for each membrane composition that were used with their corresponding value of  (Table 3.1) to determine average values of  [30]. Figure 3.3C and Table 3.1 show that  decreases from 0.95 mN/m for a DPhPC-only DIB to ~0.56 mN/m for a DIB containing 15 mol% PBPEO. These differences in  show that PBPEO molecules present in the membrane reduce interactions between oil and water molecules at the droplet surfaces. This could stem from hydrophobic PB blocks increasing the lateral packing density of amphiphiles in the monolayers or hydrophilic PEO blocks adopting mushroom like conformations that shield the hydrophobic lipid tails from water. Spectroscopy techniques such as vibrational sum frequency generation [75, 76] could be used to reveal PBPEO’s specific mechanisms of action. The zero-volt tension of the bilayer  was then computed 
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Values reported in Table 1 show that PBPEO in the interface lowers the by an amount proportional to the molar percentage of PBPEO. Thus, these measurements reveal that an hDIB formed by DPhPC and PBPEO has a similar hydrophobic thickness but a reduced lateral tension, a relationship that may affect the interactions of membrane-active species, such as transmembrane channels or engineered particles. Finally, the free energy of formation, , was calculated using:
Table 3.1. Summary of measured hDIB physical parameters* at 0 mV.
	PBPEO mol%
	Specific Resistance, Rm [MΩcm2]
	Specific Capacitance, Cm [µF/cm2]
	Hydrophobic thickness†, 
t [Å]
	Contact Angle,

	Monolayer Tension,
 [N/m]
	Bilayer Tension,
 [N/m]
	Free Energy of Formation, ∆F [mJ/m2]

	0
	13.9  3.92
	0.65  0.01
	30.00  0.04
	33.5  0.33
	0.95  0.10
	1.58  0.10
	0.31  0.03

	5
	10.5  1.04
	0.64  0.02
	30.46  0.06
	30.7  0.27
	0.90  0.06
	1.56  0.05
	0.25  0.02

	10
	10.7  1.03
	0.62  0.04
	31.34  0.21
	26.8  2.14
	0.70  0.09
	1.31  0.08
	0.15  0.04

	15
	21.0  2.40
	0.56  0.47
	34.81  0.13
	25.1  1.60
	0.53  0.09
	0.96  0.08
	0.09  0.01


*average values and standard deviations computed from  independent measurements.
†computed from values of Cm using a value of  for the dielectric constant.
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This quantity reflects the reduction in free energy of the system gained by replacing the opposing monolayer-coated regions of the droplets with a shared bilayer interface.  Alternatively, it can be interpreted as the energy per unit area (mN/m = mJ/m2) required to separate the attached droplets. The specific value of  is strongly dependent on both the choice of surfactant and oil [59, 74]. Here, the  data in Figure 3.3D and Table 1 show that increasing the % of PBPEO reduces the free energy of formation from ~0.3 mJ/m2 for 0% PBPEO to ~0.1 mJ/m2 at 15 mol% PBPEO (a 66% reduction). Despite lower values of  corresponding to bilayers containing PBPEO (a factor itself that can reduce ), this trend suggests that DPhPC:PBPEO monolayers favor interactions with hexadecane molecules over those with an opposing monolayer of DPhPC:PBPEO. This trend is revealed in the data as well; the free energy gained during bilayer formation is a larger percentage of the monolayer tension when PBPEO is absent (for 0% PBPEO) versus when it is present (for 15 mol% PBPEO). More-favorable surfactant-oil interactions can also lead to a greater amount of oil retained in the membrane after thinning, a result that is consistent with the reduction in Cm (and the increase in t) observed for hDIBs containing 15 mol% PBPEO.
Ion channel formation and hDIB stability under applied voltage
The prior sections examined changes in membrane structure and energetics when PBPEO is present in both leaflets of the bilayer. Because the addition of PBPEO to DPhPC DIBs results in an increase in average hydrophobic thicknesses of less than 20 mol%, homogeneous mixing of the two components, and reduced membrane tension, we hypothesized these conditions may affect the voltage-driven insertion and ion channel formation of alamethicin (alm) peptides. To test this hypothesis, we performed cyclic voltammetry (CV) measurements on hDIBs of varying PBPEO% with 0.5 µg/ml alm added to both droplets.
Representative measurements of bilayer area-normalized ion currents versus applied voltage (120 mV amplitude, 10 mHz sinusoidal waveform) are shown in Figure 3.4A. The low current densities at voltages below 80mV correspond to alm residing in a surface-bound state on the membrane [77, 78].  At higher applied voltages, however, alm peptides are driven into the membrane, where they oligomerize and form conductive channels with neighboring monomers. This change of  conformation by many alm peptides leads to an exponential increase in the measured ion current 
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[bookmark: _Ref89282299]Figure 3.3. Energetics of hDIBs. (A) Contact angles measured at 0 mV. (B) The change in the cosine of the contact angle versus the square of the applied voltage for different PBPEO mol% in DPhPC. Data have been offset vertically for clarity of presentation. (C) In situ monolayer tensions calculated from the slopes obtained in (B). (D) Free energy of formation at 0 mV determined from monolayer tensions in (C) and contact angles in (A). A minimum of n=5 measurements were made of each quantity; error bars represent one standard deviation.







[49, 79], as is observed in Figure 3.3A at voltages near and above 100mV. The voltage threshold, , is a thermodynamic parameter dependent on peptide concentration, temperature, and membrane fluidity, tension, and thickness [70, 80, 81].  can be quantified and compared across measurements by locating the voltage at which the conductance of the bilayer increases above an arbitrary level. Herein, we select 100 μS/cm2 as the threshold specific conductance for the membrane (shown as a dashed line) [82].It is visually apparent from 3.4 that an increased percentage of PBPEO leads to a lower intersection voltage between the measured current density and the threshold conductance (100 μS/cm2). Specifically,  for 15 mol% PBPEO is 92 mV, versus 111 mV for 0 mol% PBPEO. This difference means that alm inserts and oligomerizes in an hDIB more easily (i.e., at lower voltage) than in a DPhPC-bilayer; i.e. there is a lower barrier to insertion and oligomerization. One reason for the drop in  is that macromolecular crowding (caused by the hydrated PEO groups) enhances peptide association on the membrane [83]—an increase in peptide concentration corresponds to an apparent reduction threshold voltage. Also, it may be that PEO groups extending past the lipid head groups blanket nearby regions of the membrane, which causes alm to adsorb in higher concentrations in remaining unshielded areas. A third possibility is that PBPEO interspersed in the membrane increases the fluidity of the bilayer by disrupting DPhPC tail order Nonetheless, this trend is interesting because it shows that the PEO hydrophilic groups, which extend past the phosphate head groups of the lipids into the bulk aqueous phase, do not inhibit membrane association/binding necessary for alm insertion. Thus, these measurements on alm show proof of concept that BCPs can be used to tune membrane properties in ways that could assist the interactions of other membrane-active species.
We observed a second change caused by PBPEO in alm-doped hDIBs. Figure 3.4B presents bar graphs of the average rupture potential of DIBs with (0.5 µM) and without alamethicin versus the percentage of PBPEO. Membrane rupture occurs when an electric field creates and drives unstable growth in voltage-induced pores (or defects) through the membrane [84]. The rupture potential for each composition was recorded when the two droplets coalesced under a slowly increasing DC voltage. Without PBPEO, the average rupture potential of a DPhPC DIB with and without alm is statistically similar (~250mV). However, as PBPEO% increases, the average rupture potential decreases steadily in the absence of alm (~200 mV for 15 mol% PBPEO). The energy required to 
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[bookmark: _Ref89334865]Figure 3.4. Behavior of alm in hDIBs. (A) Current-voltage curves of hDIBs with 0.5 µM alamethicin added to both droplets. Each current response is normalized by the initial membrane area at zero volts. The black line represents the specific conductance threshold (100 μS/cm2) used to determine the voltage threshold for alamethicin insertion. Inset: Voltage threshold versus PBPEO mol% (n=5). (B) Bar graphs of the average rupture potential (n=5) measured with (0.5 µM) and without alamethicin versus PBPEO mol%. Error bars represent one standard deviation.



increase the size of a voltage-induced pore in the bilayer, and thus drive it to an unstable state that causes rupture, is proportional to membrane tension [84]. Therefore, the reduced rupture potentials of hDIBS correlate to the PBPEO-induced reductions in bilayer tension reported in Table 1. This relationship shows that the presence of PBPEO in the membrane, and its corresponding disordering effect on DPhPC tails, fails to equally penalize electroporation, which results in a lower rupture voltage.  However, this relationship also suggests that the maximum rupture potential of a hDIB could be increased by understanding and controlling the lateral organization of lipids and diblocks in a bilayer. For example, some combinations of hybrid membrane constituents enhance molecular packing, as seen when cholesterol is added to bilayers constructed from low-melting point lipids [85].
In contrast, the rupture potential increases steadily when alm peptides are present. No error bars are provided for the 10 mol% and 15 mol% conditions because membranes were still intact despite the measured current exceeding the limits of measurement equipment; the reported rupture potential values for these conditions are therefore lower limits. However, the fact that rupture occurred at potentials well above 300 mV for these higher fractions of PBPEO strongly demonstrates the opposite trend. While the cause of this result is not fully understood, it appears to indicate a collective stabilizing effect caused by PBPEO and alm in the membrane. Differences in bilayer tensions, including under high voltages, may be a reason. Unfortunately, our method for extracting monolayer tension via changes in contact angle versus voltage is not well suited to assessing the tensions in alm-doped membranes due to the difficulty in measuring Cm at voltages where ion channels are open, and the conductance of the membrane is high. Moreover, due to the fact that membranes containing PBPEO exhibit lower threshold voltages for alm insertion, which leads to larger currents at a particular voltage, the resistance to rupture may be helped by more open ion channels in the bilayer. Nonetheless, this result adds to the possibility that doping lipid membranes with amphiphilic di-block copolymers can be used to augment the properties of a membrane while retaining a sufficiently biomimetic structure and function.
Conclusion
Herein, we examined the effects of adding a low molecular weight di-block copolymer amphiphile into lipid bilayers assembled between aqueous droplets in oil. We found that DPhPC DIBs doped with 0-15 mol% PBPEO form homogeneously mixed hybrid bilayers. These hybrid membranes demonstrated similar (within 0 to +20 %) average hydrophobic thickness to lipid-only DIBs, are leak-free to ion transport, and are stable under applied potentials, which enabled a comprehensive assessment of the effects of added PBPEO on the physical properties of the interfacial bilayer. Our data show that increasing the fraction of PBPEO lowers both the monolayer and bilayer tensions by nearly 50% compared to DPhPC DIBs in hexadecane. Also, the energy of adhesion fell by 66% for 15 mol% PBPEO, which explains the reduced contact areas between droplets. It was also observed that an increased percentage of PBPEO in hDIBs reduces the voltage threshold for alamethicin channel formation and raises the rupture potential of membranes containing alm. 
These results show proof of concept that BCPs can be used to selectively preserve and modulate the properties of hybrid membranes in ways that favor the interactions of other membrane-active species, yet also make them stable at higher voltages. These improvements, when combined with targeted studies of membrane permeability, could lead to further tunability of biomimetic membranes, such as enabling the development of bioelectronic devices for sensing, signal processing, and selective transport via ion-channels. Finally, this work also motivates research to better understand conditions and polymer architectures that allow for polymer-only DIBs with similar thickness to lipid membranes but significantly greater mechanical durability and resistance to chemical degradation.
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Figure 3.5:  Side view images of connected droplets suspended in hexadecane oil.
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Figure 3.6.  Chemical structures of DPhPC phospholipids and PBPEO diblock copolymers, with hydrophilic portions, highlighted.
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	Figure 3.7. Brightfield with phase contrast (A) and fluorescence (B) images of PBPEO-only GUVs.
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	Figure 3.8. Brightfield with phase contrast (A) and fluorescence (B) images of GUVs containing 20 mol% DPhPC and 80 mol% PBPEO plus 0.1 mol% Nile Red.
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	Figure 3.9. Brightfield with phase contrast (A) and fluorescence (B) images of GUVs containing 80 mol% DPhPC and 20 mol% PBPEO plus 0.1 mol% Nile Red.
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	Figure 3.10. Confocal fluorescence images of GUVs containing 80 mol% DPhPC and 20 mol % PBPEO (A) versus those with 80 mol% DPhPC and 20 mol % PBPEO (B).
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Figure 3.11. Representative confocal slices of unique hGUVs formed with 80 mol% DPPC, 20 mol% PBPEO, plus 0.1 mol% NR, showing phase separation. The non-fluorescent regions of the perimeters are polymer-rich regions. Scale bar: .


Table 3.3. Equilibrium interfacial tension (IFT) values obtained on DPhPC and PBPEO monolayers.
	% PBPEO
	Amphiphile phase
	Final Conc. (mg/ml)
	Equilibrium IFT (mN/m)*
	Time to Steady State (min)

	0% (100% DPhPC)
	aqueous
	2.00
	1.02
	4.0

	5% 
	aqueous
	2.12
	0.95
	8.0

	10% 
	aqueous
	2.24
	0.68
	12

	15% 
	aqueous
	2.36
	0.55
	20

	100% 
	aqueous
	3.00
	9.8
	8.3

	
	
	5.00
	7.0
	6.7

	
	
	8.00
	6.3
	9.2

	100% 
	oil
	0.50
	0.48
	0.5


* average of  measurements

CHAPTER IV. Neuromorphic metamaterials for mechanosensing and perceptual associative learning.






















Preface to the chapter IV

This chapter is a realization of combined effort of multiple people from two research groups at University of Tennessee and Purdue University. 
The bistable meta-sheet with strain sensors used in this project was designed and manufactured by my colleagues at Purdue University. Polymeric thin film memristors were integrated via other traditional electronic components to create a smart system capable of classification of spatial information originating from any tactile activity on the bi-stable meta-sheet. The usage of memristors as components for both processing and memory reflects the advantage of these devices and highlights the importance of these devices in building novel systems capable of autonomous learning. 
My efforts were towards delivering feedback on strain sensor development via electrical characterization the same, design and fabrication of memristors, integration of memristors with other transducers ( guided and helped by my colleague at UTK), and analyzing output of the network. 











Abstract
Physical systems exhibiting neuromechanical functions promise to enable structures with directly encoded autonomy and intelligence. We report on a class of neuromorphic metamaterials embodying bioinspired mechanosensing, memory, and learning functionalities obtained by leveraging mechanical instabilities and flexible memristive materials. Our prototype system comprises a multistable metamaterial whose bistable units filter, amplify, and transduce external mechanical inputs over large areas into simple electrical signals using piezoresistivity. We record these mechanically transduced signals using non-volatile flexible memristors that remember sequences of mechanical inputs, providing a means to store spatially distributed mechanical signals in measurable material states. The accumulated memristance changes resulting from the sequential mechanical inputs allow us to physically encode a Hopfield network into our neuromorphic metamaterials. This physical network learns a series of external spatially distributed input patterns. Crucially, the learned patterns input into our neuromorphic metamaterials can be retrieved from the final accumulated state of our memristors. Therefore, our system exhibits the ability to learn without supervised training and retain spatially distributed inputs with minimal external overhead. Our system’s embodied mechanosensing, memory, and learning capabilities establish an avenue for synthetic neuromorphic metamaterials enabling the learning of touch-like sensations covering large areas for robotics, autonomous systems, wearables, and morphing structures.
Introduction
The nervous systems of animals comprise networks of distributed sensory, memory, and control elements that enable perception, reaction and adaptation in response to varied external stimuli. The coevolution of the nervous system and body morphology is thought to reduce the complexity of sensed signals due to morphological computing and short neuronal connections. This results in a form of neuromechanical control that requires few inputs to fulfil complex functions[1, 2]. Some organisms, such as comb jellies (phylum Ctenophora[3]), perform complex tasks even without a central nervous system. This capability stems from coevolved neuromechanical systems that exploit morphological and sensory couplings to create autonomic responses,[2] which constitute one of the simplest forms of learned behavior. Typical autonomic behaviors include reflexes[4], preflexes, and central pattern generators,[5] all of which leverage fast, decentralized sense-compute-actuate control loops.[1] At the most basic level, this is achieved through the synergy of morphology, sensing, computation, and actuation systems that perceive stimuli,[6] filter noise,[7] and store valuable information in the physical state of the systems. Achieving similar capabilities in synthetic systems is important for realizing the next generation of autonomic, multifunctional, power-efficient materials, devices, and systems. Single artificial neuromechanical functions encoded into material systems have been demonstrated, including sensing,[8, 9] filtering and thresholding,[10, 11] and different forms of mechanically-encoded memory [12, 13].
Learned autonomic biological responses are thought to be created when groups of neurons reinforce synaptic connections, resulting in simultaneous firing.[14, 15] Inspired by synapses and neurons, neuromorphic computing has emerged as a field leveraging history-dependent responses and electrical tunability of materials and devices to approximate brain-inspired computation.[16] Many neuromorphic systems exploit memory resistive, or memristive, materials to achieve the characteristics of synaptic plasticity, memory storage, and even threshold-gated neural spiking. Thus, memristors offer a low-power, analog route for highly parallelized computation.[17] Recently, neuromorphic materials have been integrated with sensory systems to encode and process external inputs that enable the formation of memory and learning.[18] In a seminal work, afferent nervous functions have been mimicked via neuromorphic circuits to convert information from mechanical inputs into motor functions, thereby completing a synthetic reflex arc.[19] Artificial neuromechanical perception has also been demonstrated in flexible substrates embedding synaptic transistors[20] and Nafion-based memristors[21] capable of durably encoding spatiotemporal tactile excitations into signals amenable for ex-situ classification using supervised learning. Spatiotemporal, long-term memory formation and retention has also been shown using a 3x3 array of CNT/PDMS piezoresistive sensors and Pt/HfO2/TiN memristors.[22]
Online learning (implying adaptation as data is sensed) is a crucial function of neuromechanical systems that has so far been much less explored in mechanically reconfigurable, neuromorphic material systems. Thus, synthetic material systems enabling integrated mechanosensing, memory, and autonomic learning capabilities remain rare. Realizing synthetic systems that embody natural neuromechanical systems’ functions promises to enable structures with advanced functionalities such as autonomy and intelligence. We report on a class of neuromorphic metamaterials embodying bioinspired mechanosensing, memory, and learning functionalities achieved by leveraging local mechanical instabilities and soft memristive materials. Our prototype consists of a multistable metamaterial whose mechanosensing units filter, amplify, and transduce into simple electrical signals external mechanical inputs applied over large areas (c.a. 102 cm2) using threshold-dependent structural bistability and embedded piezoresistive sensors (Figure 4.1). We encode the transduced signals using non-volatile flexible memristors, thus providing a means to store spatially distributed mechanical signals in analog material states. Notably, the additive nature of the accumulated memristance changes allows us to physically encode into our neuromorphic metamaterials a Hopfield network[23, 24] that learns a series of applied spatially distributed mechanical inputs. This is achieved with memristor arrays connected to capture pair-wise interactions between different mechanosensing units yielding the Hopfield network’s connectivity matrix. Crucially, the learned, mechanically applied patterns can be retrieved from the final electrical resistance states of the memristors. Therefore, our system displays the ability to learn online, retaining spatially distributed inputs exceeding a critical threshold with minimal external overhead.
The combined mechanosensing and thresholding behavior of our neuromorphic metamaterial is reminiscent of event cameras[25, 26] in which pixels asynchronously record events when light intensity exceeds a specified threshold, offering power-efficient and low-latency visual perception. In such systems, pixel triggering events are timestamped and recorded in silicon-implemented memory components. Our metamaterial provides a tactile analog to an event camera where recording occurs when the mechanical input exceeds a threshold value; however, it is augmented with the capacity to sequentially encode these input events as memories in the form of accumulated final memristance states. In the sense that the Hopfield network is continuously updated as tactile events exceed a threshold, our neuromorphic metamaterial offers a new route for realizing engineering systems with online learning through tactile perception for applications in robotics, autonomous systems, wearables, and morphing structures.
Materials and Methods
Unit cell and metasheet fabrication– The unit cells are 3D printed using fused deposition modeling (FDM) on a Raise3D Pro2 printer using the settings in Table S1. We use Ninjatek Cheetah TPU filament (E = 26 MPa)[27] for the dome and base and BlackMagic3D PLA + graphene composite filament (E = 3767 MPa) for the sensor.[28, 29] Due to the PLA + graphene material being two orders of magnitude stiffer than the TPU, the sensors are embedded in the TPU base to avoid delamination. A connection point is left exposed at each end. To address the high contact resistance,[30, 31] we paint each connection point with a thin layer of highly conductive carbon paint[32] before attaching copper wire, using another layer of conductive paint. After drying, we apply a dot of hot glue on each connection to secure the wire in place. Metasheets are manufactured following the same procedure, with one continuous 3D print.
Unit cell resistance measurements– The resistances of the dome sensors are measured using a voltage divider circuit with a 2 kΩ shunt resistor. The voltage drop over the sensor is measured using a National Instruments USB-6251 data acquisition system and a simple National Instruments Labview multimeter program. The DC power supply (Keysight E36313A) applies 2 V to the circuit.
Mechanical tests– Inversion force and thresholding tests are performed on an Instron 3345 Universal Testing Machine with
Bluehill software. Test domes are printed with a 2 mm diameter hole in the center, where an M2 screw is attached with a nut and washer. The other end of the screw attaches to a machined aluminum block, which is held by the Instron machine grips. The dome sample to be tested sits on a 3D printed base with a 20 mm x 20 mm square hole centered under the dome to allow for free inversion (Figure 4.18). The sensor is hooked up to the same voltage divider circuit as used for other resistance measurements. Resistance data is gathered for 10 seconds before the Instron test begins in order to capture the initial state of the sensor. For each test, the head of the machine moves down at a rate of 20 mm/min. Once inversion is detected via a drop in the reaction force, the test stops, and the machine returns the dome to the starting position. The sensor data is collected until the total test time reaches 2 minutes. The dome is then reset manually and the test rerun. Each specimen tested first undergoes 10 full inversion tests. Then, the threshold behavior is tested following the same settings as for the inversion force, but with the end of test triggered by a maximum applied load. This maximum load is incrementally increased each test until the inversion force threshold is reached.
Finite element analysis– The unit cells are modeled in Abaqus using linear elastic material properties and S4R shell elements. To capture the bistable behavior, geometric nonlinear analysis is used. The unit cell is initially modeled in the stress-free ground state. Snap-through is triggered using an enforced displacement applied to the center node of the dome while the edges are pinned. These boundary conditions are then released while the center node is fixed to show the free inverted state of the unit cell.
Fabrication of memristors– ITO glass slides (10-15 Ω/sq) were cleaned with (in the following order) soap-water, de-ionized water, ethanol, acetone, propanol via sonification for 15 minutes each and dried using ultra-pure Nitrogen. The conductive face of clean ITO slide was oxidized in an oxygen plasma chamber using a PE 50 XL Benchtop low-pressure plasma system for 1 minute to increase the hydrophilicity of the surface, which encourages wetting of PEDOT:PSS solution resulting in uniform distribution. 3 wt % PEDOT:PSS solution bought from Sigma-Aldrich was spin-coated on to a clean ITO glass slide at 3000 rpm for 40 seconds. It was then dried at 120 ◦C for 20 minutes and vacuum annealed for more than 24 hours. This results in a thin film (∼ 60 nm thickness) measured using a F20 device from Filmetrics. Portions of the ITO were covered with insulating tape, which when removed post-fabrication recovered a naked ITO surface to be used as a bottom electrode as seen in Figure 4.12b.
Characterization of memristors– Electrical characterization of the fabricated devices was done using a SP 200 Potentiostat from Biologic. Spring-loaded copper contacts were used as the top electrode as shown in Figure 4.12b. Bipolar sinusoidal voltage waveforms of 5 V and 100 mHz were used for the current-voltage (i-v) characterization of the devices.
Programming of pulsatile input– A function generator (Hewlett–Packard 3314A) was used to generate unipolar square voltage pulses as supply V(t) and Vref to the circuit. Multiple Op-Amps were used to build the amplifier circuit as shown in Figure 4.14. A DC power source (BK precision Triple Output DC power source 1762) was used to tune Vin(t) for reading and writing pulses. An Arduino (DUE R3) was used to record the response signals across the memristor, i.e Vm.
Results and discussions
Mechanosensing– The mechanosensing unit cell is comprised of a bistable, compliant dome with a piezoresistive sensor embedded in the flat membrane surrounding the dome. This membrane may connect multiple dome unit cells to form a metasheet. The geometry of the unit cell is defined by the dome height, h; thickness, t; and radius, rd; as well as the base width, w, and piezoresistive sensor dimensions (Figure 4.5).[33] Each dome-shaped unit is geometrically bistable with two stable states: the stress-free, as-printed ground state and the inverted state (Figure 4.2a). The state of the dome determines the deflection and strain in the surrounding base membrane (Figure 4.2b). The bistability of the dome consequently means the sensor at the base also exhibits two stable configurations with corresponding resistance levels. Thus, the electrical resistance of the piezoresistive sensor, R, and the structural behavior of the dome are intrinsically linked.
We demonstrate this mechanoelectrical coupling over multiple inversion cycles using 3D printed unit cells composed of TPU with conductive PLA sensors (Figure 4.2c). The initial cycles differ from the steady-state largely due to the strain softening behavior of the TPU substrate, which is most significant in the first inversion cycles (Figure 4.6).[34] This effect is compounded by permanent damage induced by strain in the stiffer and more brittle conductive PLA sensor.[35] Thus, repeatedly strained sensors show higher ground state resistance than the as-printed resistance.[30, 34-36] This baseline drift can be reduced by inverting the domes several times before use. After this initial phase, the unit cell has two distinct, repeatable resistance levels (Figure 4.2c), with the lower resistance level,[image: ], indicating the ground state and the higher resistance level,[image: ], indicating the inverted state. The difference in resistance between the two states is on the order of several hundred Ohms. The short transient spikes in between steady-state values are due to the high strains experienced during dome snap-through between states, which cause the sensors to briefly lose conductivity.[11, 30]
Filtering and Thresholding– Filtering is a critical function of neuromechanical systems that allows them to consolidate external stimuli to those which which meet a particular threshold. In our neuromorphic metasheet, switching between the stable states of the dome is a threshold-dependent process: a minimum force, Fth, is required to trigger snap-through of the dome from the ground state to the inverted state. The force and energy required for snap-through are proportional to the material properties and geometry as follows, where E is the elastic modulus and ν is the Poisson’s ratio:[33, 38]
	Fth ∼ Inversion energy [image: Shape  Description automatically generated with medium confidence]	(1)
Forces below the inversion threshold, F < Fth, do not cause the dome to snap-through to the inverted state. Therefore, when a sub-threshold force is removed, the deflected dome returns to the ground stable state, and the sensor reverts to its ground state resistance, Rg. Consequently, no 
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Figure 4.1. Neuromorphic metamaterial composed of mechanosensing unit cells with inherent filtering, transduction, mechanoelectric signal amplification, and memory capabilities. The units’ transduction drives non-volatile memristors that display cumulative memristance variation when excited above a voltage threshold mediated by the dome state-dependent piezoresistive sensor. These characteristics allow for realizing physical Hopfield networks capable of encoding several spatiotemporal patterns as attractors of the network’s interaction matrix, the synaptic weights of which are stored as the final (current) states of the memristors. The physical Hopfield networks enabled by our neuromorphic metamaterials are trained online by continuously changing distributed mechanical inputs (such as pressures over wings). This allows for realizing substrates exhibiting event camera-like tactile perception[37] with online learning and reduced external memory as several patterns can be retrieved from the memristors’ final states.


memory is written into the structure. However, forces at or above this threshold, F ≥ Fth, trigger snap-through to the inverted stable state, and memory of the force application event is encoded in the structure. The strains associated with the inverted state cause the sensor to remain at Ri (Figure 4.7). This filtering capability is schematically illustrated in Figure 4.2d.To demonstrate tunable thresholding capabilities in our metasheet design, we compare unit cells with domes of two different thicknesses: 0.8 mm and 0.9 mm (Figure 4.2e). All other parameters are preserved for both domes (h = 7 mm, rd = 8 mm). Using a tensile testing machine, we apply point loads to the top of each dome (Figure 4.8). When the load is limited to 16 N, F < Fth for both domes, so neither dome inverts, and the applied load is filtered out: the sensors return to their original ground state resistance values once the load is removed. When the load is increased to 18 N, the inversion threshold is met for the t = 0.8 mm dome, and the final resistance of the sensor shifts to its inverted state value, thereby demonstrating memory of the event. For the thicker t = 0.9 mm dome, 18 N < Fth, so the load is again filtered out. By increasing the applied load to 22 N, the inversion threshold is met for the t = 0.9 mm dome, and this is remembered by the change in the sensor resistance. This comparison illustrates the geometry-dependent thresholding that enables filtering of insufficient mechanical signals. The same threshold force tunability can also be achieved by varying the dome height (Figure 4.9).
Nonlinear Signal Amplification– The second key function of mechanosensing units is the amplification of input signals for easier detection. Switching the states of the bistable domes amplifies the local mechanical strain in the metasheet, a nonlinear response that produces large changes in sensor resistance in response to dome inversion. This amplification is critical for writing memory to the linked memristors; at least a 10% change in sensor resistance is preferred. To quantify this amplification of local mechanical strain, we conducted finite element analyses (FEA) to examine the stresses and strains in the membrane surrounding the dome, where the sensors are located. These simulations reveal that the stresses and strains in the membrane are inversely proportional to the radial distance from the center of the dome, r (Figure 4.2b, Figure 4.5b). This relationship between r and the radial and tangential stresses, σr and σθ, follow the below analytical expressions, where D2, D3, and D4 are constants:[39]
	σr = D2(1/r2) + D3 + D4 log(r)	(2)
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Figure 4.2. a) The bistable unit cell in its ground and inverted states. The sensor is flat in the ground state and curves out-of-plane in the inverted state. Scale bars are 16 mm, the diameter of the dome. b) FEA stress plots of the unit cell dome without an embedded sensor. c) The resistance of the sensor, R, over 18 inversion cycles with 30 second intervals between snap-through events. After the initial increase in resistance, the unit cell displays two distinct, consistent levels of resistance corresponding to the stable states. The dome has dimensions h = 7 mm, t = 0.8 mm, and rd = 8 mm. d) The bistability thresholding functionality is schematically illustrated. Forces below the threshold, F < Fth, do not induce snap-through and are filtered out: the sensor’s initial and final resistances correspond to the ground state, Rg. Forces at or above the threshold, F ≥ Fth cause the dome to undergo snap-through to the inverted state, and the event is recorded via the sensor’s final resistance corresponding to the inverted state, Ri. e) The filtering tunability is experimentally demonstrated by the changing snap-through load for unit cells of two different thicknesses, t = 0.8 mm and t = 0.9 mm (h = 7 mm, rd = 8 mm). f) Linear and curved sensors at distances of 10, 12, and 14 mm from the center of the dome (h = 7 mm, t = 0.8 mm, rd = 8 mm) are compared to demonstrate changing nonlinear signal amplification. g) Isolated FEA strain plots for the linear and curved sensors at 10 mm from the center of the dome in the inverted state.


	σθ = −D2(1/r2) + D3 + D4(1 + log(r))	(3)
Therefore, changing the location of the piezoresistive sensor relative to the dome changes the effective amplification factor of the mechanosensing unit, which govens the magnitude of the change in sensor resistance in response to dome inversion. We experimentally demonstrate this first with a basic linear sensor, measuring 24 mm x 1.75 mm x 0.3 mm. Using a dome radius of 8 mm, we print unit cells with sensors placed at 14, 12, and 10 mm from the dome center (Figure 4.2f). To compare the changes in sensor resistance and remove the variations due to 3D printing, we normalize the resistance values using each sensor’s as-printed resistance. At a distance of 14 mm, there is little discernible change in the sensor’s resistance value when the dome is inverted. At 12 mm, the observed spikes indicate snap-through, but the sensor lacks two distinct resistance levels. At 10 mm, the sensor exhibits both the snap-through spikes and distinguishable ground and inverted state resistance levels. By placing the sensor closer to the dome, we increase the strain in the sensor in the inverted state and therefore its corresponding change in electrical resistance.
The amplification can be further increased by changing the geometry of the sensor. To target the region of high strain close to the dome perimeter, we print and test sensors with the same dimensions but following circular arcs with varying radii from the center of the dome. At r = 14 mm and r = 12 mm, the spikes indicating snap-through are clearly displayed. Unlike a linear sensor at a distance of 12 mm, the curved sensor displays two distinct levels of resistance, differing in value by 10-15%. At 10 mm away, the difference between the two resistance levels is 90% of the initial resistance, compared to only a 40% difference for the linear sensor. This increase in signal amplification may be explained by inspecting the longitudinal (1-direction) strain in each type of sensor with FEA (Figure 4.2g). We are most interested in the 1-direction strain because the conductivity is highly directionally dependent due to the internal alignment of conductive microparticles in the direction of extrusion.[40] The linear sensor shows bands of very low strains, which should not significantly contribute to a change in resistance. Furthermore, the presence of both tensile and compressive strains in the linear sensor causes resistance fluctuations that result in partial signal cancellation. In contrast, the curved sensor shows a uniform compressive strain, with no regions of strain below 1%. This uniform strain means the effects of dome inversion are more strongly displayed throughout the sensor, resulting in increased signal amplification. For simplification purposes and to avoid the increased damage that occurs with more highly strained curved sensors (Figure 4.10), we use metasheets with linear sensors to connect to memristors. Curved sensors could be made more practical by using a less brittle conductive filament; this is left to future work.
Spatiotemporal Memory– The mechanosensing functionality of our metasheets can be used to encode the transduced distributed mechanical inputs into memories. When mechanical inputs cause certain domes to invert, the events’ occurrence and spatial pattern are recorded by the metasheet’s deflection. The pattern formed in the metasheet indicates the sites experiencing a force exceeding a programmed threshold, F ≥ Fth. To catalogue sequentially applied patterns, we couple the dome strain sensors to non-volatile memory resistors, resulting in an auxiliary memory layer. Specifically, this layer consists of voltage-dependent polymeric memristors based on flexible polymer films and off-the-shelf components and aims to electrically remember dome inversion events transduced by the mechanosensing units. Figure 4.3a illustrates the scheme we used to convert discrete (and even repeated) changes in dome sensor resistance, R, into multi-bit memristive states, M (Ω). Other integration schemes are also feasible, such as for a 1:1 dome-memristor pair (Figure 4.3a) or scaled in parallel across larger m × n arrays.
Because the dome sensors are passive devices and the memristors are voltage-activated, a fixed amplitude voltage waveform, V (t), is supplied to induce a current through the sensor and a proportional voltage drop across a resistor in series with the sensor. A rectangular voltage waveform (where Vmin = 0 and Vmax > 0) is chosen to reduce the DC power consumption and enable incremental programming of the memristor during times when the dome is inverted (i.e. the applied force is ≥ Fth, and thus the sensor resistance is high:[image: ]). To enable this signal to program a voltage-controlled memristor, we implemented a fixed gain amplification circuit that outputs a voltage proportional to [image: ]and fed this through a switch regulator with a 5 V switching threshold (See Figure 4.11 for details). The switch regulator ensures that the voltage transmitted to the memristor, Vin(t), has a consistent amplitude, even when successive dome inversions affect the total change in R. In this way, Vin(t) represents the convolution of V (t) and the time when the dome is inverted (i.e.,[image: ]	): the resulting response yields Vin(t) equal to 0 V
when the dome is not inverted and a peak voltage value of 5 V when the dome is inverted. Voltage signal Vin(t) is then applied to the memristor and a resistor wired in series (see appendix section A.6 for details on how Rs was selected), which enables the divided voltage across the memristor, Vm(t), to be sampled as a measurable state of electrical memory for the corresponding dome. Table 1 shows the scheme’s logic, illustrating that changes in memristance (|∆M| > 0) can only occur when the dome is inverted and Vm(t) (which is also proportional to V (t)) is sufficiently high to induce a change in M.
The polymeric memristors used herein consist of a PEDOT:PSS thin film (∼ 60 nm thick) sandwiched between indium tin oxide(ITO) and copper (Cu) electrodes (effective electrode diameter ∼ 1.8 mm; see Figure 4.13 for device architecture). PEDOT:PSS forms a strong, flexible polymer matrix[41, 42] that enables mixed ionic-electronic transport, and it has been used to create organic memristive devices interfaced with reactive and noble metal electrodes displaying high OFF/ON ratios.[43, 44] Furthermore, the fact that PEDOT:PSS films can be fabricated through simple, low-temperature processing to make functional memristors makes it a promising memristor material candidate for enabling a conformal memory layer in mechanosensitive neuromorphic metasheets.
Representative voltage-controlled current measurements obtained on six distinct PEDOT:PSS memristors are shown in Figure 4.3b. The arrows denote the direction of the measured current path in response to one cycle of a 100 mHz sinusoidal voltage. The significant hysteresis in these i − v curves indicates that the devices can reversibly switch between a high resistive state (HRS ∼ 15.2 kΩ) and a low resistance state (LRS ∼ 1.31 kΩ) in response to varying the applied voltage. The counterclockwise direction of current flow at positive voltages and the clockwise direction of current flow at negative voltages shows that these memristors exhibit a non-volatile memristance.[45, 46] Specifically, when the applied voltage on the Cu electrode relative to the grounded ITO electrode increases above +3 V (Vth) (See S10 Figure for measurement technique details), the devices switch (i.e., SET) from the HRS to the LRS as reflected in the sharp increase in current. Only when the probe voltage is lowered below -4 V do the devices RESET to the HRS. This means that programmed states of resistance can be stored in the sample even when the voltage to the device is removed (or set to zero). While the precise mechanism of voltage-activated resistive switching in these devices is still under investigation, these simple, low-cost, potentially conformal devices yield consistent performance across dozens of batches (Figure 4.14) and suitable cycle-to-cycle stability (Figure 4.15).
The 1:1 dome-memristor pair operation scheme described above and shown in Figure 4.3a seeks to incrementally reduce from HRS the memristance of a specific memory device in response to 
Table 4.1. Dome inversion and memristance logic.
	Applied force
	Dome state
	Sensor resistance, R
	Input voltage
	Memristor voltage
	|∆M|

	< Fth
	Ground
	Low (Rg)
	Vin(t) = 0
	Vm(t) = 0
	0

	≥ Fth
	Inverted
	High (Ri)
	Vin(t) ∝ V (t)
	Vm(t) ∝ Vin(t)
	> 0
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Figure 4.3. Integration scheme for transducing dome inversions into electrical memories. a) Schematic layout of 1:1 dome-memristor pair connection to incrementally program the memristor in response to changes in dome state. b) Current-voltage relationship for ITO/PEDOT:PSS/Cu memristors shows non-volatile memristance. c) Incremental reductions in memristance (from HRS) induced by 6 subsequent dome inversions corresponding to when the input voltage is 5 V, following the scheme in a). d) Cumulative reduction in memristance with each simulated dome inversion event across different pulse widths.


discrete dome inversions. Based on the i − v behaviors in Figure 4.3, we tested the ability to incrementally program the memristors using a series of 5 V rectangular pulses. Each pulse lasts 5 sec and occurs once every 15 sec, an intentional choice that corresponds closely to the 100 mHz sweep frequency used for i − v measurements (Figure 4.16). A low-amplitude voltage (1 V < Vth) is used to read the new resistance state of the memristor between pulses. Figure 4.3c shows the incremental reductions in M(t) induced by successive 5 V pulses, i.e., it is partially switched from HRS to LRS with each pulse. Adjusting the pulse width and tuning the pulse amplitude relative to the SET voltage can be used to design the memristance variation per event and extend the number of programmable resistance states that each memristor can access. By varying the amplitude of Vin(t) from the switch regulator, we observed that a 4 V amplitude of Vm results in a steady cumulative change in resistance across subsequent pulses (Figure 4.17). For Vm values below 3.5 V, we observe smaller total changes and greater variability per subsequent pulse. This information allowed us to determine the necessary amplitude of Vin(t) supplied by the switch regulator. We also explored the duration of the writing pulses to determine a suitable pulse width. We compared the cumulative reductions in a memristor’s resistance for three different pulse widths(Ton), revealing that for 1 and 2 second pulses, the cumulative changes in the resistance are small and unsteady (Figure 4.3d). This is because the pulse is too brief to drive adequate memristance changes. In contrast, using 5 sec pulses yielded consistent, monotonic changes in device resistance, validating the 1:1 dome-memristor operational scheme. While this writing pulse is long compared to other memristors, we expect they could respond significantly faster by reducing the thickness and electrode dimensions and unveiling the mechanisms of switching. For comparison, PEDOT:PSS-based organic electrochemical transistors can exhibit voltage-driven conductance changes in less than one millisecond [47].
Spatially distributed input learning: physical Hopfield networks– The combined mechanosensing and history recording capabilities of our metamaterial allow us to implement a physical learning system based on Hopfield networks[23] and the Hebbian learning rule.[48, 49] Hopfield networks consist of interconnected neurons and synapses that learn a series of input patterns stored as minima (i.e., attractors) in their energy landscapes. These patterns can be retrieved following the associative memory paradigm.[48] Hopfield networks achieve this by utilizing a fully connected network architecture that strengthens the synaptic connection between activated artificial neurons. Specifically, patterns ascribed to neuron states, such as images represented by pixels, are stored in the network’s interaction matrix (J) (Appendix section A.12 for details), which form different attractors in the networks’ energy landscape (Figure 4.19).[49] We leverage the cumulative resistance changes in our memristors, triggered by dome inversions, to capture the interactions between dome units, thus updating the synaptic weights Jij and storing the spatial patterns sequentially input into our metamaterial.
The physical Hopfield network consists of a m × n dome metasheet array (Figure 4.4a), with each unit cell (dome + sensor) acting as an individual artificial neuron[footnoteRef:1] and the interconnecting memristors acting as synapses. Each unit can adopt two possible states: (+1) ground state and (-1) inverted state (Figure 4.2a). The interactions between unit cells can be captured by connecting different dome pairs to an XOR gate, as illustrated for a 2 × 2 (n = m = 2) array in Figure 4.4a. This writes a resistance change for every “on” and “off” neuron pair interaction (Figure 4.20). The number of memristors was reduced by considering the convergence properties of the networks (Jii ≤ 0 and Jij = Jji), which reduces the number of needed interactions to the upper triangular positions of the mn × mn interaction matrix labeled as[image: ]; see Figure 4.4a). By using this scheme, the Hopfield network can be trained directly by physical inputs with different external patterns as they occur (i.e., the network is trained online). [1:  The term artificial neuron refers to a unit in Hopfield networks jargon; however, the terminology does not imply biomimetic neural functionality.] 

A 3-stage measurement scheme was implemented to capture the interactions between dome units by using the cumulative memristor response (Figure 4.4b). In stage 1, an initialization pulse (INIT) of 4.3 V for 20 sec was used to pre-set each memristor to a value that changes linearly in response to subsequent voltage pulses (described in Figure 4.18). Stage 2 involves a calibration procedure consisting of a series of four 4.3 V, 5 sec writing pulses (simulating dome inversion events) preceded and followed by 1.5 V, 10 sec reading pulses. The voltage across the memristor (Vm) is measured correspondingly, which directly reflects the resistance state of the memristor. The first read pulse reflects the initial HRS of the memristor ([image: ]), and the second read pulse reflects the resistance state of the memristor after the four calibration writing pulses (VfiC). The difference between the two read pulses accounts for the net change [image: Shape  Description automatically generated with medium confidence] due to four simulated dome inversions. In stage 3, the memristor network is subjected to a series of training pulses generated by actual dome inversion events (physically induced), which are also preceded and 
[image: Diagram, schematic  Description automatically generated]
Figure 4.4. Physical Hopfield network implementation and test for different input patterns. a) Schematic of physical Hopfield network and connection between memristors to capture the interactions between mechanosensor units. b) 3-stage scheme designed to capture the interaction between mechanosensors with memristor response. c) Voltage across six different memristors, input patterns (light gray), and initial and final voltage reads (dark gray). The y−axis of U4 is extended to show the difference between voltage reads. d) The Hopfield network energy landscape projected into the (V1,V2) plane by dimensionality reduction shows the input patterns as energy minima/attractors. Input patterns ∈ R4 are visualized using the directions with the two largest variances (V1,V2 ∈ R2).


followed by reading pulses. The measured difference in Vm read between the third ([image: ]) and final (VfiT) read events reflects the net change in[image: ] (resistance) due to pair-wise interactions between dome inversion events. The entries to the interaction matrix are calculated as Ui = round[image: Shape  Description automatically generated with medium confidence]. By performing this procedure across the six memristors in parallel, we can automatically store and update interaction values between units (Figure 4.4c), generate the interaction matrix between dome units, and learn the input patterns using the physical Hopfield network.
We demonstrate the Hopfield network’s online learning capability with a 2 × 2 metasheet array (n = m = 2, with unit cell dimensions w = 30 mm, h = 7 mm, t = 0.8 mm, rd = 8 mm; see Figure 4.4). The array was trained by applying a sequence of patterns using physical dome inversions (see Movie S1). The resulting inter-unit firing is captured by constructing the interaction matrix from the memristor voltages read before and after the patterns are input (Figure 4.4c dark gray shaded region). As the Hopfield network’s interaction matrix stores several patterns additively in the final values of the weights (see SI section A.12), only the differences between initial and final memristance measurements are necessary to retrieve the stored collection weights of the trained network. Once the interactions are stored, the network’s weights are set, and the unique patterns are retrieved offline by presenting corrupted images to the network and performing an energy minimization process with asynchronous neuron update (see SI/appendx section A.12).
The training performance was evaluated by examining the Hopfield network’s energy landscape to determine whether the physically input patterns were successfully stored as energy minima (Figure 4.4d). To achieve this, we utilized a dimensionality reduction technique[50] that uses random data generated based on the trained interaction matrix and the energy function to visualize the network’s attractors using the two largest variance directions (V1 and V2). This procedure reveals four different attractors within the landscape (Figure 4.4d), each corresponding to the input patterns (ξi) and their reflections (−ξi). This behavior is expected as the Hopfield network’s energy function is quadratic, yielding equal values for ξi and −ξi. This leads to the system learning both configurations (i.e., ξi and −ξi) since both are energy minima. Moreover, it is worth mentioning that ξ2 and ξ3 are the reflections of one another. This implies that during the training process the network learns this pattern twice, resulting in deeper energy wells (see Figure 4.4d). The obtained results indicate that the training procedure captured all interactions between dome units, and the metasheet’s memory layer successfully remembers the input patterns. Classification accuracy of the physical training is evaluated by presenting 3000 different corrupted patterns (Figure 4.19) to the network and then determining the number of correct identifications (i.e., implying no errors with respect to the stored patterns during training). A 91% overall accuracy is found with the pattern sequence shown in Figure 4.4c (see appendix section A.14), which has a 5% difference from the offline trained Hopfield network (Table S3). These results show that one of the learned patterns during the physical training is retrieved with no error 91% of the time a pattern is tested. The energy minimization process entailing the weights’ updating when several corrupted patterns are presented to our physically trained network is shown in Movie S2.
Conclusion 
We introduce a new class of flexible metamaterials which demonstrate spatiotemporal mechanosensing and neuromorphic functionalities. Our prototype leverages the structural bi-stability of dome-shaped units to filter, amplify, and transduce external mechanical signals into electrical states that are used to induce non-volatile (permanent) changes in memristance. The proposed architecture allows for producing neuromorphic properties in metamaterials that can cover large areas (102 cm2), in contrast to many examples of neuron-inspired sensing and perceptual systems. We use the spatial organization of our dome units and the cumulative changes in memristance of our metamaterial to realize a physical Hopfield network capable of learning a series of mechanical input patterns online. Specifically, we leverage the bistability-based filtering and amplification of our dome units to generate threshold-dependent changes in sensor resistance that can themselves be used to program a corresponding memristor state. We use the memristance value to populate associated interaction matrix weights, thus capturing the firing of units following a well-known Hebbian rule. Crucially, the cumulative resistance changes of our metamaterial’s memristors allow for retrieving all the stored patterns from their final states. As a result, our metamaterial encodes several input patterns without the need to store temporal information. In this sense, our metamaterial exhibits analogous behavior to threshold-dependent event cameras augmented with a type of memory that encodes the captured episodes directly into the physical network’s weights. We envision this unique capability as providing a route to continuously learning new spatiotemporal mechanical inputs which can be compared to known patterns of interest that may trigger specific control actions. For example, known pressure patterns associated with dangerous aerodynamic conditions could be presented to the current state of the physical Hopfield network connectivity matrix (see equation S.6). Reaching an energy minimum would indicate that such a pattern has been learned (see Figure 4.1), indicating with minimal computational cost that a control action is needed. Thus, our mechanosensitive neuromorphic metamaterials reduce the need for costly online data storage, transmission, and processing of spatiotemporal inputs in situations where tactile pattern identification is of interest, including for robotics, autonomous systems, wearables, and morphing wings.
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Appendix
A.1	Mechanosensing Unit Cell
The key dimensions of the dome unit cell are shown in Figure 4.5. Print settings are listed in Table S1.
[image: Diagram  Description automatically generated]
Figure 4.5 a) Cross-section of the dome showing the height, h; thickness, t; and radius, rd b) The dome is in the center of a w × w unit cell; r is the distance from the center of the dome.



Table 4.2: Mechanosensor print settings
	TPU
	

	Nozzle Diameter
	0.40 mm

	Layer Height
	0.10 mm

	Extruder Temperature
	230◦C

	PLA + graphene
	

	Nozzle Diameter
	0.40 mm

	Layer Height
	0.10 mm

	Extruder Temperature
	200◦C

	Print Bed
	

	Bed Temperature
	50◦C

	Bed Material
	Glass





A.2	Dome Behavior
[image: Diagram  Description automatically generated]
Figure 4.6. Typical of viscoelastic structures, the first loading cycle is always noticeably different than subsequent cycles. This stress-softening is reflected in the resistance values of the sensor. As shown in Figure 4.2c, the first loading cycle generally shows different behavior from subsequent cylces for a mechanosensing unit cell. This is due to the stress-softening behavior, as shown in Figure 4.6.31 The ground and inverted state resistances are steady over time, showing the mechanosensor retains information about whether or not an inversion has occurred (Figure 4.7).



[image: A picture containing text  Description automatically generated]
Figure 4.7. The resistance of the inverted state is maintained over time.


A.3	Instron Tests
The Instron test setup used to demonstrate the thresholding capability is shown in S4. The threshold load for filtering may be determined by changing the geometric parameters of thickness (Figure 4.2d,e) and height (Figure 4.9).
A.4	Curved Sensors
While curved sensors offer significantly higher signal amplification, there are several practical drawbacks. Because they follow a region of higher stress and strain, they are more prone to cracking (Figure 4.10) and failures at the connection points. While the damaged sensors may still function, the damage alters the ground state resistance. The curved shape also makes them more sensitive to the hysteresis and viscoelastic effects of the TPU base; this can be seen in changing slopes of the resistance after snap-through and the gradual increase in the ground state resistance over cycling. Furthermore, the conductivity of printed conductive filament is highly dependent on the internal alignment of the conductive microparticles.[40] The effects of printing along a curve rather than in a straight line on this alignment are not fully understood.
A.5	Circuit diagram for signal amplification
The model of Op-Amp is LM741, which is the most used model. OpAmp1 is used as a voltage follower circuit, which can also be considered as a buffer amplifier. Here, the op-amp does not amplify the input signal, and the gain is 1. Therefore, the output voltage is same as the input voltage. Because the voltage follower circuit has a very high input impedance, it can provide a stable voltage output, which follows the input voltage. In this circuit design, the input voltage is decided by Vin1 and the resistance ratio between Rref and resistance of the dome ([image: ]). Originally, the Rref is adjusted to equal to dome resistance. Therefore, the output voltage is half the input voltage (Vin11 = 0.5Vin1). Whereas OpAmp2 is a typical differential amplifier circuit. The Vout is defined as:
	[image: Shape  Description automatically generated with medium confidence]	(S.4)
When R1 = R3 = 100Ω and R2 = R4 = 2000Ω. The equation can be simplified as:
	[image: Shape  Description automatically generated with medium confidence]	(S.5)
From the equation, it can be seen that the OpAmp2 circuits are amplifying the difference between Vin11 and Vin2. In our design,
Vin2 is set to 1 V and[image: Shape  Description automatically generated with medium confidence] , which is 1 V as well. Therefore, originally, there is no voltage output from op-amp circuits. By inverting the dome, the resistance of the dome changes, which leads to a change in resistance ratio between[image: ]. This event will change the Vin11 because of the characteristic’s voltage follower circuits. Therefore, a voltage difference will be created between Vin11 and Vin2. This voltage difference will be picked up and amplified by the OpAmp2 circuits.
A.6	Scheme for selection of resistor in series with memristor
We use a resistor in series with the memristor to read the voltage across the memristor Vm by using an Arduino circuit. Therefore, a careful choice of a resistor in series is required for ensuring i) majority of the voltage amplitude (> Vth) from the pulse is felt across the memristor for effective drop in resistance, ii) resolution of change in Vm is adequately above any noise level. A 500 Ω and 2000 Ω resistor was tested in series with the memristors. Initially, a pulse of 4.3 V was applied for 20 seconds to the resistor-memristor duo to drive the first big non-linear change in the memristor and set the memristor in the more linearly increasing conductive region. This was followed by cycles of a read pulse (1.5 V, 10 seconds) and five write pulses (4.3V, 5 seconds). Figure 4.12 compares the voltage drops across the memristor (Vm) using the read pulses, which are proportional to the current resistive state of the memristors. It’s observed when the 500 Ω resistor is connected in series, upon subsequent voltage pulses, there is a significant drop in read voltage compared to the 2000 Ω. These distinguishable drop in Vm above noise level represent change in memristance (M).
A.7	Device architecture and electrical characterization
Figure 4.13a displays the device architecture for a Cu/PEDOT:PSS/ITO device. The film is sandwiched between a copper top electrode and ITO glass bottom electrode to form a vertically stacked device. For electrical characterization of the device, voltage
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Figure 4.8.  Instron testing setup for measuring snap-through load of domes.
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Figure 4.9. The filtering tunability is demonstrated by the changing snap-through load for three different heights for domes of thickness 0.8 mm. Loads below this threshold load are not recorded by the sensor.
[image: A group of kites flying in the sky  Description automatically generated with low confidence]
Figure 4.10. Curved sensors are more prone to cracking after repeated inversion cycles due to the higher strains. A pristine/as printed sensor (left) is compared with a sensor after 15 inversion cycles (right). Arrows indicate visible crack locations
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Figure 4.11. Circuit diagram for amplification of input signal.
[image: Chart, bar chart, histogram  Description automatically generated]
Figure 4.12. Selection of a resistor in series to achieve distinguishable change in Vm (∼ resistance of memristor).




[image: Diagram  Description automatically generated]
Figure 4.13. (a) Schematic describing polymeric thin-film device architecture. (b) and set-up for electrical characterization. Voltage is directed to the top electrode via a function generator (enabling the supply of different voltage waveforms). Current is measured via the bottom electrode.
A.8	Scheme for estimation of Vth, HRS and LRS
Current-voltage (i-v) characterization of the Cu/PEDOT:PSS/ITO devices reveal non-volatile hysteretic behavior with distinct switching regimes as seen in Figure 4.3b. Calculations were done using Matlab software to reveal the voltage threshold (Vth) of switching of resistance states of the devices as well as the estimated values of high resistance state (HRS) and low resistance state (LRS) of the devices. A conductance line of 0.033 mS was established as shown by the horizontal black dotted trace. A red dotted trace was made to fit the slope of the i-v response as the device switches to a lower resistive state. The voltage corresponding to the intersection of the red and black dotted trace highlights the voltage threshold of switching given by the blue dotted trace. Also, to estimate the nominal values of HRS and LRS, we measured the slopes of the i-v response corresponding to the two regions as given by the brown and green trace respectively. The table displays the calculated voltage thresholds, HRS, and LRS values of 12 devices. The standard deviation reveals variability across devices within a batch which reflects device-to-device reproducibility. This highlights an important challenge in using memristive analog devices: no two devices are exactly the same.
A.9	Repeatability of i-v behavior across cycles of periodic input
Measurements were performed across multiple voltage sweeps to assess cycle-to-cycle variations in setting and resetting the resistive states of the devices. The former displayed more variability than the latter. Also, the slope of the i-v when the device is in the conductive domain decreases from cycle-to-cycle.
A.10	Scheme for selection of required Vm
To achieve a change in resistance of a memristor, the voltage across the memristor (Vm) needs to be above the Vth of switching for the device. Figure 4.17 displays the cumulative conductive response of six memristive devices to a series of pulses for various pulse amplitudes and fixed pulse width (Ton) of 5 seconds and Toff ∼30 seconds. The selected pulse amplitudes demonstrate the response of the memristor at Vth (3 V), slightly beyond Vth (3.5 V), and considerably beyond Vth (4 V). For 3 V, we notice there is a drop in the cumulative resistance of the memristors. We also observe for pulse amplitude of 3.5 V, initially, the cumulative drop in resistance is relatively steady with respect to that of 3 V but there is significant variability or the direction of change varies significantly after several pulses. These inconsistencies motivated the usage of pulses with higher amplitude ∼4V, where we observe a steady cumulative decrease in resistance across 20 pulses. This comparison shows that applying a voltage well above the switching threshold improves the consistency of incremental changes in the memristive state.

A.11	Response of device to step input and pulsatile input
Response of a Cu/PEDOT:PSS/PSS device to a step voltage input of 4 V for 50 seconds revealed a significant shift in conductance from a low conductive state (HRS) to a very conductive state (LRS). The low conductive state recorded for this device was 0.8 mS which equals to 1.25 kΩ, roughly around the same values for LRS recorded from i-v measurements as shown in Figure 4.18. Similarly, the response of the device to consecutive pulses of amplitude 4 V and width 5 seconds revealed a cumulative increment in conductance of the device. We also observed a region of non-linear increase in conductance followed by a more linear increment in conductance indicated by the dotted green trace in Figure 4.18b. Therefore, a step voltage for 20 seconds can enable to shift the device conductance to a linearly incrementing domain.
A.12	Associative Memory and Hopfield networks
Associative memory problems mainly focus on storing/learning a set of patterns ([image: ]) such that when presented with new patterns (ζi), the system responds by retrieving the closest pattern/memory[49] (Fig S15a).
Hopfield networks are a type of associative memory network which can store different memories as attractors or fixed points in their energy landscape that can then be retrieved using asynchronous neuron update and energy minimization of the network. The network is trained by computing the outer product between the patterns intended to be learned (Jij = ξiξj), strengthening the synapse/interaction between neurons which are both "on" (+1) or "off" (-1) and storing all the pattern information within the interaction matrix (Jij). This same procedure can be applied to learn multiple patterns by adding the interaction matrix of each pattern as[image: ][12] It can be observed that the training of these types of networks is just based on the strength of the interaction between neurons and a sum of the interactions matrix; hence, a physical system that can capture the additive neuron interaction over time can train the Hopfield network and store the desired patterns. The Hopfield network mathematical model is based on the neuron state, either firing (+1) or not (-1). The state of the pattern can be calculated using the dynamics of the network,[49] as follows:
	[image: Shape  Description automatically generated with medium confidence]	(S.6)
Where stored patterns are labelled by µ = 1,2,...,p, while the units/neurons are represented by i = 1,2,....,M , sgn(x) is the sign function, Jij ∈ Rmn×mn is the interaction matrix between the neurons. Memories can be retrieved from the network using two different methods:
· Asynchronous updating: The state of a random neuron of the input pattern ζi is changed (-1 to +1) independently until an energy minimum is achieved within the state ζi.
· Synchronous updating: All neurons are updated simultaneously by multiplying the interaction matrix (Jij) and the initial pattern (Jijζj). This process is repeated until the input pattern is the same as the stored memory (ξi = ζi).
The energy of the network is calculated using a simplified version of the Ising model[49, 51] :
	[image: Shape  Description automatically generated with medium confidence]	(S.7)
One can see that asynchronous updating is more suitable for any application. It does not require knowing the outcome of the network or the stored patterns, just the minimization of the network’s total energy.
A.13	Calculated interaction matrix using memristor data
To capture the interaction between dome units/neurons for the Hopfield network, an XOR gate connected to two different units was utilized. By doing this, the resistance of the memristor was reduced every time two units were not in the same state (see Figure 4.20 and Movie 4.1). This guarantees that the values within the interaction matrix J are weakened when both neurons are activated at the same time, as expected from the Hopfield network training.
The number of times two units interact with each other (Ui in Figure 4.4) can be calculated for every memristor by taking the resistance drop. However, to reduce the noise within the memristor response and considering that R ∝ V , this difference was calculated using voltage drop as shown in Figure 4.4b:
!
[image: Shape  Description automatically generated with medium confidence][image: Shape  Description automatically generated with medium confidence]Ui = roundround(S.8)
Where Ui is the interaction at the i memristor,[image: ] is the initial resistance, RfT is the resistance value after the dome inversion events and ∆R is the average resistance change for every memristor. Experimental tests were performed by inverting the domes with the patterns shown in Figure 4.4c, but alternating the order within the patterns. Ui results for four different experimental tests can be observed in Table S2.
Ui values are arranged on the upper triangular positions of a mn × mn matrix. For a 2 × 2 dome array, we can write the interaction matrix as:
	[image: Shape  Description automatically generated with medium confidence]	(S.9)
As memristors can only strengthen the interaction between units with opposite states, a linear transformation was stabilized to consider the weakening of units with the same state. The linear transformation for m = n = 2 can be written as
	J = −2JM + ||JM||maxI	(S.10)
Where J is the Hopfield network interaction matrix, JM is the interaction matrix obtained from the memristor data, [image: Shape  Description automatically generated with medium confidence]is the maximum value within the matrix, and I is a mn × mn identity matrix.
A.14	Physical Hopfield network statistics
The physical Hopfield network and the interaction matrix performance were evaluated using the network’s accuracy. This was calculated by training the physical Hopfield network with the memristors and running the energy minimization problem with 3000 corrupted patterns (see Movie S2).
A maximum of 20 iterations and four asynchronous updates are utilized to find the stored patterns. The corrupted patterns were variations of the original ones, but with an added normally distributed noise between -1 and +1. Accuracy was calculated by counting the number of retrieved patterns that exactly match the ones on which the network was trained. Results for the network performance for every experimental test can be observed in Table S3.
[image: Graphical user interface, line chart  Description automatically generated]
Figure 4.14. Technique for calculating Vth, HRS ,and LRS of PEDOT:PSS devices and the corresponding nominal values of 12 devices.

[image: ]
Figure 4.15. Cycle to cycle behavior of Cu / PEDOT:PSS / ITO device studied here.
[image: Diagram  Description automatically generated]
Figure 4.16. Response of PEDOT:PSS device to 50 mHz and 100 mHz sinusoidal voltage waveforms. When the Cu/PEDOT:PSS/ITO device is stimulated with 100 mHz and 50 mHz sinusoidal voltage stimuli, minimal change in the i-v properties of the device was noticed.
[image: Chart, scatter chart  Description automatically generated]
Figure 4.17. Cumulative change in resistance of six memristors from a higher resistive state (HRS) to a lower resistive state (LRS) across different voltages of 3,3.5 and 4V for a fixed pulse width of 5 seconds.

[image: Chart, histogram  Description automatically generated]
Figure 4.18. Response of a Cu/PEDOT:PSS/PSS device to (a) step voltage input (b) pulsatile voltage input.


[image: Diagram  Description automatically generated]
Figure 4.19. a) Associative memory energy landscape and stored memories b) Energy minimization path. Initial distorted pattern ζ to retrieved memory ξ
[image: Diagram  Description automatically generated with low confidence]
Figure 4.20. Interaction of pairwise domes displaying non-volatile writing of memristance only for dissimilar dome states.




Table S2: Ui experimental test values obtained from memristor data. Comparison with expected U vector.
	Expected U
	Test 1 U
	Test 2 U
	Test 3 U
	Test 4 U

	1
	1
	1
	1
	1

	2
	2
	4
	2
	2

	3
	3
	3
	3
	3

	3
	3
	3
	3
	3

	2
	0
	1
	1
	1

	1
	1
	0
	1
	0





Table S3: Hopfield network accuracy. Expected results with regular training and results with experimental tests.
	Expected Accuracy
	Test 1
	Test 2
	Test 3
	Test 4

	97.43%
	95.8%
	81.5%
	96.93%
	89.86%
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Figure 4.21. Probability of occurrence of errors in final retrieved memories from physical Hopfield network. To further explore the network accuracy, we determine the probability of errors by counting the number of state errors in the retrieve patterns and the number of times the error was present. 
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CHAPTER V. Understanding the influence of electrode material on the bipolar resistive switching mechanism of a Cu/PEDOT:PSS memristor.





















Abstract
PEDOT:PSS polymer has been used as a sandwiched thin film between metal-metal or metal-inorganic oxides to display resistive switching (RS) characteristics. Various conduction mechanisms have been proposed till-date co-related to the RS mechanism. However, the specific physical mechanism(s) for RS, and the ensuing changes in the materials, remains unknown for Cu/PEDOT:PSS device. Here, we reveal the voltage driven changes in the device material composition that contribute to the RS mechanism via elemental analysis of the device material composition before and after RS. These findings will motivate engineering of material combinations and materials processing techniques for required applications and maximize reproducibility of the devices respectively.
Introduction
Organic two terminal resistive switching (RS) devices are commonly built by sandwiching an insulative organic layer/organic electrolyte between two metal electrodes [1]. These metal electrodes can be chemically inert or active (react with other materials to form different compounds). These devices have gained interest from researchers because of their potential applications in integrated flexible neuromorphic circuits [2, 3] due to a high level of scalability [4], flexibility, ultra-low-cost electronics [5] such as neuromorphic skins [6]. An understanding of the RS mechanism of these devices is therefore very crucial for designing the device architecture to maximize device performance and repeatability. 
Depending on the composition and active nature of the electrode, switching between high and low resistive states of these devices has primarily been described through the formation and dissolution of electrochemically metalized (ECM) conducting metal filaments [7, 8]. First, these devices require a high voltage for conductive filament (CF) formation and growth through the insulative region as well as considerably high working voltage [9]. Second, they also need a thick insulative layer to avoid leakage currents [9, 10]. Together they become highly energy invasive [9].
Organic RS devices have been built to work at lower voltages than ECM cells, just by replacing the insulative polymeric layer with a semiconductive polymeric thin film [11]. PEDOT:PSS (p-type) is a semiconductive material [12] which has been widely used. PSS is used as an dopant or counterion for better dispersion of PEDOT in the solvent [13]. PEDOT:PSS is an attractive material due to its adaptable RS characteristics in ITO/PEDOT:PSS/Au devices [11], unipolar resistive switching in Au/PEDOT:PSS/Au devices [14], and bipolar resistive switching (URS) in ITO/PEDOT:PSS/Al [15] and Al/PEDOT:PSS/Al devices [16]. ITO/PEDOT:PSS/Au devices [11] revealed write once read many time (WORM) type device which was limited by non-repeatable RS and hysteretic current-voltage (i-v) behavior. Various charge transport mechanisms have been proposed for these two terminal PEDOT:PSS devices, like voltage-driven redox reaction of the polymer [11, 14, 15], and space charges induced by interface reaction between the top active metal electrode and bulk PEDOT:PSS thin films [16, 17]. But scientific gaps prevail in revealing the switching mechanism and understanding the contributions of electrode material, exploration of newer electrode materials, electrode-polymer interface, and the bulk towards the voltage threshold for switching, and the current-voltage (i-v) hysteresis.
Here, our research objective was to understand the RS in Cu/PEDOT:PSS/ITO devices.  We also studied the charge transport mechanisms of the device and the role of all the materials in the device. We built vertical sandwiched devices with PEDOT:PSS as the semiconductive material and Cu (biased first) and ITO as the ground electrode.  I-V characterization of the devices revealed Cu in contact with PEDOT:PSS as the necessary condition for bipolar RS and i-v hysteresis of the device. Also, copper is cheap, readily available, has low internal resistance (resistivity ~ 7 x 10-6 Ω-m), and exhibits efficient hole injection with good contact between electrodes and polymer [18]. Through mathematical analysis of the current-voltage traces, we revealed the dominant charge transport mechanism of the device. But the transformation in the active material contributing to RS between HRS to LRS and vice-versa could not be revealed. Therefore, we studied lateral devices with symmetric (Cu-Cu) and asymmetric (Cu-Au). The results suggest dominant influence of the material composition at the Cu/PEDOT:PSS interface towards the RS. 
Materials and Methods
Fabrication of vertical device: Glass slides/silicon wafers were cleaned with (in the following order) soap-water, de-ionized water, ethanol, acetone, propanol via sonification for 15 minutes each and dried using ultra-pure Nitrogen. The clean substrates were oxidized in an oxygen plasma chamber using a PE 50 XL Benchtop low pressure plasma system for 1 minute to increase hydrophilicity of the surface, which encourages wetting of PEDOT:PSS solution resulting in uniform distribution. 3 wt % PEDOT:PSS solution bought from Sigma-Aldrich was spin-coated on to the substrates at 3000 rpm for 40 seconds. It was then dried at 120 ◦ C for 20 minutes and vacuum annealed for more than 24 hours. This results in a thin film (∼ 50 nm thickness). 
Electrical characterization of devices: Electrical characterization of the fabricated devices were done using a SP 200 Potentiostat from Biologic. For vertical devices, spring loaded copper(Cu) and gold(Au) contacts were used as the top and ground electrodes respectively. Bipolar sinusoidal voltage waveforms of 5 V and 100 mHz were used for i-v characterization of the devices. For lateral devices, tungsten micro probes purchased from Microprobes, were mounted on a semiconductor probing station were used for current-voltage measurements. Bipolar sinusoidal voltage waveforms of 5 V and 100 mHz were used for i-v characterization of the devices.
I-V mathematical analysis: Current-voltage responses obtained were plotted on a double logarithm (base 10) scale. The slope of the traces was measured by fitting the data for different voltage regimes using a power log fitting routine for a R2 value of 0.99. The slopes indicate the possible charge transport mechanism through the device as shown elsewhere [19].
X-ray Photoelectron Spectroscopy (XPS): XPS measurements were done using an Advanced photoelectron spectrometer at Institute for Advanced Materials and Manufacturing at UTK.
Results and discussion
Cu plays crucial role in the resistive switching: For the inorganic-organic Cu/PEDOT:PSS device it is crucial to determine the role of the materials of the device towards the i-v response. Response of  Cu/PEDOT:PSS/ITO were compared to responses of Au/PEDOT:PSS/ITO, Cu/ITO (no PEDOT:PSS), and Cu/PEDOT:PSS/Au devices as shown in Figure 5.1 to determine materials which are crucial for the hysteretic i-v behavior observed in a Cu/PEDOT:PSS/ITO device.
Figure 5.1A displays response of a device with Au electrodes atop PEDOT:PSS/ITO. It reveals a similar i-v response to when Cu electrodes are put on bare ITO (no PEDOT:PSS film). The linear, non-hysteretic large current traces without any resistive switching characteristics are indicative of very low Ohmic resistance at the contact. Cu electrodes on ITO (~15 Ω cm2) should form a short-circuit and the response in Figure 5.1A is reflective of that. A very similar response from Au/PEDOT:PSS/ITO device indicates a highly conductive path from Au through PEDOT:PSS to ITO through the thickness of PEDOT:PSS thin film. While the conduction pathway for this device 
[image: Chart  Description automatically generated]
Figure 5.1. Responses of vertically stacked (sandwiched) devices with and without PEDOT:PSS for different electrode combinations.


has not been exclusively investigated here, highly conductive linear response has been earlier associated with filament formation and short-circuit [20]. Figure 5.1B displays change in the i-v behavior of the devices when we replace Au electrodes with Cu atop a PEDOT:PSS/ITO combination. A non-linear, non-volatile, hysteretic current response is observed with clear bipolar resistive switching beyond voltage thresholds. These attributes establish Cu/PEDOT:PSS/ITO device is a memristor. Response Cu/PEDOT:PSS/ITO in comparison to Au/PEDOT:PSS/ITO and Cu/ITO clearly indicates the combination of Cu metal electrode and PEDOT:PSS plays a crucial role in the memristive response of the device. However, advanced measurements of Cu/PEDOT:PSS/Au displayed very similar i-v response to that of Cu/PEDOT:PSS/ITO device. This indicates dominant contribution of the Cu/PEDOT:PSS combination towards the RS mechanism and hysteresis and negligible contribution of ITO for the same. Equivalent electrical circuitry of an electrode/PEDOT:PSS/electrode device can be written as 
	
	
	                 (1)



where,  = internal resistance of electrode material Au or Cu,  = impedance of the electrode-PEDOT:PSS interface, and = impedance of PEDOT:PSS.
For an Au/PEDOT:PSS/ITO device,  (internal resistivity ~ 2.4*10-8 Ω-m) is very low (cite) and  can be considered very low.   can be considered to have maximum impedance in the circuit, which accounts to 0.023 kΩ. Similarly, for a Cu/PEDOT:PSS/ITO device,  can be considered to have maximum impedance, which amounts to 190 kΩ. As kΩ, therefore, simplified version of equation 1 indicates  must be the region of maximum impedance ~ 190 kΩ.
Eliminating involvement of PEDOT:PSS bulk in the RS of the device: For electrode/polymer/ electrode devices, if the bulk of the polymer stretching across the inter-electrode distance contributes towards the total impedance of the device, the total amount of current, voltage threshold of switching, and high and low resistance values of the device should be affected with change in the inter-electrode gap (g) (PEDOT:PSS bulk) of the device. Multiple different co-planar devices were formed with different inter-electrode gaps for Cu-Cu and Au-Au electrodes. Symmetrical electrode combinations were chosen for easier and quicker fabrication as it was concluded that the Cu-PEDOT:PSS was the crucial in these devices, and Au/PEDOT:PSS can form control/comparable cases. If   and for identical resistive area, with increased resistive length (inter-electrode gap ‘g’), the impedance () of the device should vary proportionately. Figure 5.1A and table 1 reflects decrease in conductivity of the device with increase of PEDOT:PSS bulk (because of increase in ‘g’). 
For a Cu/PEDOT:PSS/Cu device current voltage measurements were also done across g= 5,10,50,100 µm with electrode width configurations (w) of 20 µm as shown in Figure 5.2B. GxWx reads as inter-electrode gap and width of the electrodes respectively. It is observed that with symmetric Cu electrodes, the response of the device changes from non-volatile in Cu/PEDOT:PSS/ITO or Au to a volatile response as shown by arrows in Figure 5.2B. 
It is also observed that, with change in gap distance (g), the conductivity of the device does not vary proportionately at similar voltages. The values in Table 1 also reflect no proportionate change in resistance of the HRS values for devices with 10-fold to 20-fold increase in the bulk PEDOT:PSS. This contrasts with the i-v response of Au/PEDOT:PSS/Au devices. Although the internal resistance of Cu () is very low (resistivity ~ 7 x 10-6 Ω-m),  must be comparable or higher than . But, as the total impedance () does not vary with increase in the ‘g’ (bulk)  must not be changing or  , where major voltage drop happens across  . HRS listed in table 1 for Cu/PEDOT:PSS/Cu device displaying much higher nominal values comparable to Au/PEDOT:PSS/Au device (precisely of the bulk) also suggests . Also, the observed voltage threshold for resistive switching does not vary for Cu based devices (Figure 4.2B). Therefore, we can say i) conductive path spanning through the bulk of PEDOT:PSS connecting two electrodes is unlikely and ii) Cu/PEDOT:PSS interface dominantly contributes towards the RS and hysteretic i-v behavior in Cu/PEDOT:PSS devices. 
Charge transport mechanism: With Cu/PEDOT:PSS/Au and Cu/PEDOT:PSS/ITO devices yielding similar i-v response, we analyzed the response of a Cu/PEDOT:PSS/Au device. Mathematical techniques as described in the methods section were used to determine the conduction mechanism of the device in both polarities as shown in Figure 5.3 A & B respectively. In the increasing positive voltage sweep, the HRS has two different slope regions as shown in Figure 5.3A. Initially, current is linearly proportional (slope ~ 1.09) to voltage (< 0.4V) signifying
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Figure 5.2. Response from Cu/PEDOT:PSS/Cu and Au/PEDOT:PSS/Au electrode combinations.



Table 5.1. Resistance values of Cu/PEDOT:PSS/Cu and Au/PEDOT:PSS/Au devices. These represent average values across n=5 devices.
	Gap (µm)
	Cu/PEDOT:PSS/Cu (HRS) 
	Au/PEDOT:PSS/Au 
(kΩ)

	5
	4.11  0.33
	0.019  0.013

	10
	-
	0.027  0.007

	20
	-
	0.026  0.010

	50
	3.99  0.13
	0.036  0.011

	100
	4.07  0.20
	0.044  0.020





Ohmic conduction [17] stemming from thermally excited free electrons as discussed elsewhere[16]. At moderate voltages (slope ~ 1.77), the space charge limited current (SCLC) starts dominating due to traps in the material as discussed elsewhere[17]. Plotting the i-v data in the HRS region on a plane reveals a perfect linear fit which is indicative of Schottky emission current as shown in Figure 5.6 in the Appendix. At higher voltages the current transitions into Child’s Law region (slope ~ 7.87) where  [21]. This is the region of RS and transition from HRS to LRS. The rapid rise in current indicates overcoming of the possible Schottky barrier and free pathway for the charge carriers. With saturated SCLC [17], the slope can decrease (slope ~ 3.77) displaying a less abrupt increase in current which can be correlated to the traps being filled/saturated [16]. During the decreasing positive scan, the current again follows a trap-free SCLC regime (slope ~1.57) and a Ohmic conduction (slope ~ 1.2) region as seen in Figure 5.3A. Though the slopes of current traces in the HRS, transition and LRS region indicate the charge transport/conduction processes of the device, they fail to reveal any change in the material properties of the device resulting in RS and hysteretic response. 
In the increasing negative voltage scan, the current continues to display Ohmic conduction (slope ~ 1.12) and un-trapped SCLC behaviors (slope ~ 1.73). These slopes are in similar ranges for current slopes corresponding to the decreasing positive voltage region indicating similar conduction processes underway. At higher negative voltages (> 4V), the high value of negative slope (-11.88) signifies change in the conduction process, and this corresponds to the resetting of the device. Thereafter, we see Child’s law region of conduction (slope ~3.77) with accelerated drop in current and Ohmic conduction (slope ~ 1.09) of very low current which indicates a reversible change in the material occurred to induce a barrier to the flow of charge carriers.
Resistive switching mechanism and hysteresis:  From Figure 5.1 & 2 we have strong evidence that ITO or Au contact has negligible contribution towards the observed i-v behavior of the device and Cu/PEDOT:PSS interface plays a dominant role. The possible charge transport mediums for holes in a Cu/PEDOT:PSS/Au device will be from i) Cu metal to PEDOT:PSS to Au ii) Cu metal to an interlayer of copper oxide to PEDOT:PSS to Au because reactive metals like Cu can oxidize to its transition metal oxide states easily under favorable conditions or electrode deposition processes [16]. Therefore, formation of Cu2O or CuO or a combination of both is likely at the interface of Cu/PEDOT:PSS. This can then make the composition of electrode-polymer interface to be Cu/Cu- 
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Figure 5.3. Slopes of current versus voltage traces at (A) positive and (B) negative polarities indicate different charge transport mechanisms of the device in the different voltage regions.


oxides/PEDOT:PSS. The HRS region for Cu/PEDOT:PSS displays there is a barrier to charge flow. The i-v behavior here can possibly be explained based on the Schottky contact model as shown in Figure 5.4 because of the Schottky diode like i-v traces as seen in Figure 5.4B & 5.2B.
Both Cu2O and CuO are known to be p-type semiconductors [26, 27] with band gap of 2.1 and 1.2 eV respectively. The difference in work function for the metal-semiconductor combination contributes to the Schottky barrier. Here, as the work function of the metal (Cu ~ 5.1 eV) is lower than the work function of the p-type semiconductor (CuO ~ 5.32 eV), therefore there is no barrier to the flow of holes under positive bias. But the heterojunction at the CuO (5.32 eV)/PEDOT:PSS (5 eV) creates a barrier for the holes which results in a region of low current or the HRS as shown by the blue trace in Figure 5.4. With sufficient energy supply via voltage, this barrier is crossed at the voltage threshold (Vth ~ 3V for these devices), transport of holes can happen unhindered to the semiconductive PEDOT:PSS region (which effectively acts as an electrode [28]) as seen from accelerated growth in current for voltages 3- 5 V as shown by the green trace in Figure 5.4B. This results in RS from HRS to LRS and the Schottky diode like behavior also seen elsewhere [22].  If Cu2O is the oxide at the inter-layer, then a Schottky energy barrier is created at the Cu (5.1 eV)/ Cu2O(4.84 eV) interface, which can also result in a HRS region. At sufficient positive voltages, the oxidized state of Cu as present in copper oxides get reduced significantly (cite) which will lower the work function of the overall oxide region. This  results in reduced energy barrier for hole movement and thus higher current for decelerating voltages (5 V to 3V). We observe a non-linear, mild Schottky diode like i-v response (also seen with Cu2O/Cu interface elsewhere [22]), in contrast to a linear filamentary response when the sweeping voltages drop, which further indicates modification of the Schottky barrier height. This results in the hysteretic current loop we observe in the positive polarity.
With reversal in polarity holes move towards the Cu metal electrodes. Negative polarity now favors oxidation of the previously reduced Cu and the doping of the oxide interface changes and the material becomes more resistive. Negative polarity regions (0 to -4V) in Figure 5.4B again displays a mild Schottky diode like i-v response and it is evident that de-doping induced modification of Schottky barrier height requires a sufficient negative voltage (Vreset ~ 4V). With increased de-doping of the oxide layer, the resistance to flow of holes increases from the 
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Figure 5.4. Schematic displaying the modulation in energy barrier to hole movement giving rise
to bipolar resistive switching in Cu/PEDOT:PSS/Au device. 













Table 5.2. Field emission work function of metals, metal-oxides, and polymer [22-25].
	Material
	Work function (eV)

	Cu
	5.1 

	ITO
	4.68 

	Au
	5.2 

	CuO
	5.32 

	Cu2O
	4.84 

	PEDOT:PSS
	5.0  


















PEDOT:PSS layer back to the CuO or Cu2O to Cu and the device returns to the HRS. This explains the resetting mechanism and the hysteretic current we observe in the negative polarity. Identification and then recording of changes in the doping of the oxide at Cu/PEDOT:PSS interface can be ascertained via X-ray photoelectron spectroscopy (XPS) measurements prior to and post voltage excited RS. XPS analysis can confirm existence of the type of transitional metal oxide at the interfacial region. Basic TEM diffraction analysis or XPS of the oxide interlayer pre and post unipolar i-v sweeps can reflect changes in the oxide composition. These findings can confirm the RS mechanism suggested here, thereby explain the hysteretic i-v response of Cu/PEDOT:PSS devices.
Conclusion
A Cu/PEDOT:PSS/ITO or Au device was fabricated and characterized via electrical measurement, and electron microscopy and elemental analysis of its material composition. We revealed that Cu metal electrode on PEDOT:PSS thin film is a necessary combination for RS and non-volatile i-v response. Also, only asymmetric electrode combinations can produce bipolar RS, else we get a volatile device with symmetric RS in both polarities. We also revealed that the Cu/PEDOT:PSS interface is crucial for the RS. For a newly built device, there is rapid oxidization of the copper electrode. With positive bias, holes encounter a Schottky energy barrier at the Cu/Cu oxide interface or a heterojunction energy barrier at the copper oxide polymer interface. With voltage across eclipsing a threshold, the holes can cross the energy barrier and accelerated growth in current is observed. The supplied voltage also causes reduction of the copper oxide contributing to drop in the Schottky energy barrier height and switching the device to a different resistance state. With sufficient negative bias, oxidation of copper undertakes and the Schottky barrier height is regained contributing to a higher resistive state. Via XPS analysis and TEM imaging of the Cu/PEDOT:PSS interface we aim to reveal the changes in the material composition at the Cu/PEDOT:PSS interface that contribute to the RS of the device thus supporting the proposed mechanism.
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Figure 5.5. Schottky emission detected from fitting of current response in the HRS region in positive polarity.








CHAPTER VI. Conclusion






















In the current times, where data and time are of prime importance, there is an ever-growing need for electronic devices amongst consumers which come with faster processing of huge amounts of data, have denser memories and are also not power invasive. As modern-day electronics still use traditional electronic components like transistors which are hindered by the Von Neumann bottleneck [1, 2], efforts have been made to build tinier transistors and increase their density in the network all aimed to increase processing capacity and speed. This has pushed researchers towards a physics-based limit of making atomistical small transistors. This is where the biological brain inspires modern day research to develop newer electronic devices. The brain consumes very less power and can yet process diverse types and large number of data simultaneously. The brain has dense network of neurons and it leverages adaptable interconnections of neurons (which are strengthened or weakened depending on past activity) for information processing and memory. 
[bookmark: _Hlk101823938]Synapses form this interconnection and can adaptively process signals as well as store processed data. Therefore, devices which can mimic the history dependent change in connection strength of synapses via alteration in the physical properties of its materials based on previous excitations can revolutionize conventional computing techniques. Memristors [3] have emerged as potential solutions to the Von Neumann bottleneck problem. Very recently Modor Intelligence market research reported that memristors are popular in the wearable electronics industry whose demand is expected to grow from 593 million units in 2018 to 1105 million units by 2022 [4]. They also stated that increasing demand for higher graphics systems with better processing speeds is expected to increase the adoption rate of memristors during the forecast period. Since 2008,  huge amount of effort has been invested to build different types of memristors using different types of materials. But with increasing demands of memristive systems in diverse applications, exploration of newer materials is required.
In this dissertation, I demonstrate the different potentialities of using alternate material compositions for construction of memristors and memristive systems. I briefly review the literature about memristors encompassing its properties, functionalities, mathematic model, and its applications. I also discuss different types of memristors based on diverse kind materials used to build the devices. Three general types studied in the first chapter are solid state (phase change, oxides, spintronic), organic (polymeric) and biomaterial based memristors. The potential applications, advantages, limitations, and consequences of those limitations from using each one has been presented too. The solid state memristor has been widely used in comparison to others in different research works from non-volatile memory, artificial synapse, and in networks for supervised/unsupervised learning mechanisms. The organic memristor bears potential applications in the flexible electronics and biomedical devices industry. Biomolecular memristors built from biomaterials closely resemble the composition of biological synapses and capable of geometric reconfigurability alike the morphological growth seen in synapses. While solid state memristors are compatible with current CMOS architecture and fabrication techniques, they are limited in shelf life and device tunability. Organic memristor better them in tunability, flexibility, and easier fabrication, they are limited by poor reproducibility. Biomolecular devices though provide lower working voltages and closer similarity to bio-synapses, they are limited by their chemical degradation in shorter span of time.
[bookmark: _Hlk99882865]Although all types of memristors had varied mechanism of functioning and advantages, they had one thing in common amongst them, i.e. they all loosely mimicked the threshold dependent change in conductance strength of a chemical synapse. This is because the threshold dependent functioning of the chemical synapse is believed to inspire filtering of signals above a threshold, eliminate noise in signals, better decision making via history dependent plasticity. But brain neurons also employ electrical synaptic connections for communications. Traditionally thought to be mere conductive wire like connections because they do not display threshold dependent behavior, recent research highlighted importance of plasticity of electrical synapses in neuron communication, like synchronizing of neuron firing. Therefore, as shown in chapter 2, I constructed an artificial electrical synaptic (AES) device using a biomolecular lipid membrane via droplet interface bilayer technique and doped with gramicidin peptides.  These peptides created always-conductive transmembrane ion channels similar to gap junctions—transforming the otherwise capacitive membrane into a memristive one that exhibits a pinched, hysteretic current-voltage relationship and displays short-term plasticity to successive voltage pulses [5]. I also demonstrated through both experiments and modeling that the AES can be modularly configured to exhibit paired-pulse depression and that voltage-induced plasticity in conductance can synchronize the firing of Hodgkin-Huxley neurons. Therefore, this work addressed a major research gap in the construction and characterization of artificial synaptic devices that emulate the synaptic plasticity and functionality of electrical synapses. In parallel, due to the recent introduction of biomaterials as components of memristor building, there continues to be opportunities to advance our learning about the methods to build, characterize, use, and improve these devices. While methods to better characterize these biomolecular devices was advanced, improvement of these devices like making them more robust and durable remained to be explored.
In chapter 3, I studied the effect of amphiphilic block co-polymers as lipid substitutes or in hybrid environment with lipids on biomolecular membranes to investigate ways to make thin, durable, and robust biomolecular membrane.. I doped lipid membranes with low molecular weight PB12PEO8-COOH (polybutadiene-co-polyethylene oxide, Mw=1000 g/mol) di-block species to study the effect on the membrane thickness, geometric sensitivity of membrane to applied voltages, durability of the bilayer, and its response to ion channel forming species. Through experiments and analysis of  results I showed proof of concept that BCPs can be used to selectively preserve and modulate the properties of hybrid membranes in ways that favor the interactions of other membrane-active species, yet also make them stable at higher voltages. The findings should encourage future research to employ hybrid membranes in construction of memristive devices working at lower voltage thresholds and stable to higher voltage inputs. Hence, I contributed to the understanding of the electrical and structural effects of BCPs in lipid bilayers.
Chapter 4 investigated the construction, characterization and integration of polymeric thin film memristors with strain sensors on a bistable meta-sheet for unsupervised classification of spatial information received from tactile sensing. With inversion of a dome on the bistable dome meta-sheet, we (me and team) recorded the mechanically transduced signals using non-volatile flexible memristors that remember sequences of mechanical inputs, providing a means to store spatially-distributed mechanical signals in measurable material states. The accumulated memristance changes resulting from the sequential mechanical inputs allowed us to physically encode a Hopfield network into our neuromorphic metamaterials. The physical network learns a series of external spatially distributed input patterns. Crucially, the learned patterns input into our neuromorphic metamaterials can be retrieved from the final accumulated state of our memristors. Therefore, our system exhibits the ability to learn without supervised training and retain spatially distributed inputs with minimal external overhead [6]. Hence, we could reveal understanding on how tactile information received can be processed and memorized leading to learning. These capabilities set the stage for an era of smart sensing and memory (via memristors) applications with emerging systems (reconfigurable sheet) that interact with the world for autonomous classification of tactile information.
Although we could reproduce the electrical behavior of  Cu/PEDOT:PSS/ITO memristors used for integration with other transducers as described in chapter 4, its resistive switching mechanism was yet to be revealed at the time. In chapter 5, I investigated the mechanism for resistive switching and hysteresis and demonstrated that these devices exhibit a Schottky barrier at the Cu/PEDOT:PSS interface that undergoes a change in response to applied voltage, which enables either volatile or non-volatile hysteresis depending on symmetric or asymmetric electrode material composition. Unpublished results indicate the Cu/PEDOT:PSS interface as the dominant contributor to the resistive switching (RS) and hysteretic memory of the device. Through experiments with varied electrode materials and dimensions, I revealed the Cu/PEDOT:PSS interface as the dominant contributor to the RS. With advanced elemental analysis via XPS and TEM imaging of the Cu/PEDOT:PSS interface pre and post electrical excitation, I aim to reveal changes in the material composition which modulates the Schottky barrier height between metal electrode and semiconductive material resulting in the RS of the device. Findings will deliver an understanding of the physics via which organic/ organic-inorganic devices display RS in general, which has been a long-standing research gap as discussed in chapter 1 due to concrete evidence usually filled with proposed mechanisms.
Therefore, chapter 1 reviews memristor properties and lays down the upside and limitation of different types of memristors, prevalent research gaps, proposed research plans to execute specific research objective in my effort to address some of those gaps. It also highlights the contributions of the subsequent chapters that follow. Chapters 2-5 highlights the fabrication, characterization, different types of memristors, their potential applications, and description of the memristive mechanisms. Prototype of embedded intelligent material system using memristors was also displayed with physical integration techniques and learning mechanisms achieved.
Thus, this dissertation addressed some of the research gaps discussed in Chapter 1 via fulfillment of the research objectives laid down in Chapter 1. The findings in Chapter 2 and 3 motivates future research on biomolecular devices using different types of membranes and ion-channels as it successfully demonstrated uniquely modular transport properties and tunable plasticity that can be achieved at biologically relevant voltages. Chapter 4 demonstrates unique capability of our prototype which provides a route to continuously learning new spatiotemporal mechanical inputs which can be compared to known patterns of interest that may trigger specific control actions. The findings demonstrated here opens avenues for: i) integrating printed memristors on the bistable dome sheets; ii)scaling up from a 2x2 array to a much larger configuration; and iii) training of robotic systems to recognize shapes of objects etc. Better understanding of the working mechanism of the memristors used here motivates engineering to tune the material combinations for 3-D printing of memristors on flexible materials such a dome sheets used here.
In conclusion, this work answers the gaps stated earlier in Chapter 1 and provides direction for research to i) to develop fully biomolecular circuit with signal processing and propagation. Based on work demonstrated here, it can be envisioned to build biomolecular neuristors which can generate neuron like firing of signals. These neuristors can then be connected via a biomolecular synaptic mimic for signal processing and propagation, ii) to interface biomolecular memristors to with biological components like tissues/cells in-vivo which can then find applications in medical devices iii) understand how to fabricate and densely integrate Cu/PEDOT:PSS memristors on flexible materials which act as contact surfaces to build autonomous systems capable of learning and decision making.  ways to integrate newer types of memristors with different types of electronic circuits to achieve brain like signal processing, dense memory, and learning. 
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Analog devices like amplifiers, neuristors, oscillators.

Integration with actuators and transducers like neuromorphic skin.
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