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ABSTRACT OF THE DISSERTATION 

 

Carbon Nanotube-based Synapses for Neuromorphic Circuits 

 

by 

 

Cameron Dean Danesh 

Doctor of Philosophy in Materials Science and Engineering 

University of California, Los Angeles, 2018 

Professor Yong Chen, Chair 

 

A crossbar array of non-volatile memory devices based on carbon nanotubes (CNTs) is 

developed to emulate the localized, massively parallel, power-efficient learning capabilities of 

biological synapses. By incorporating signal processing, memory, and learning into a single 

element the data transmission overhead present in typical digital systems is eliminated. The 

electronic synapse is operated as a two-terminal device, in a fixed-amplitude pulse mode, and 

its resistance depends on the polarities and duration of overlap of the pulses occurring on the 

two electrodes. The materials and structure of the synapse is optimized to symmetrically 

increase or decrease its resistance state, or synaptic weight, depending on the correlation 

between the signals on each terminal and to retain the resistance state in the presence of 

uncorrelated signals on the terminals. A crossbar array of 400 synapses are fabricated and 
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interfaced with an ‘integrate-and-fire’ circuit to implement a learning algorithm. A speech 

recognition task is demonstrated to study the overall performance and power efficiencies of the 

circuit elements. The power efficiency during online, unsupervised learning is  >1014 

FLOPS/W, exceeding previous learning demonstrations with resistive memory-based crossbar 

arrays. 
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1. Introduction 

1.1. Motivations for Neuromorphic Engineering  

In contrast with conventional computers based on a von Neumann architecture, a biological 

neural network does not separate memory and logic processing into different elements. Signals 

are transmitted through networks of neurons via their connections, biological synapses, 

simultaneously modifying the connections’ strengths, or synaptic weights. The synaptic 

connections correlate stimuli and strengthen their connections, or synaptic weights 

accordingly. The earliest bio-inspired circuit was Rosenblatt’s perceptron1 shown in Figure 1, 

which demonstrated the ability to perform linear classifications using custom-built analog 

circuits to recognize light patterns from a photodiode array. A set of input signals, xi, are 

weighted by their synaptic weight, w, summed and transferred through an activation function 

producing the output. The extension of the perceptron algorithm to multiple layers is the 

foundation of artificial neural networks, such as the deep neural networks (DNN), ubiquitous 

today. 

 

Figure 1. A single-layer perceptron schematic of M input stimuli, x , with synaptic weights, w, 

are summed and sent through an activation function which, upon reaching a threshold, produces 

the output. 

wm
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Carver Mead a pioneer of very-large-scale integrated (VLSI) circuit design and coined the term 

‘neuromorphic’ to describe bio-inspired computing at architectural and device levels.2 

Neuromorphic circuits could enable low power operation and learning for embedded systems 

applications and mobile devices with local processing of information driven by sensory inputs. 

For over 50 years the scaling-down of transistor feature dimensions has driven exponential 

increases in the performance of microprocessors by increasing operation frequency. Moore’s 

law and Dennard scaling describe the reductions in areal cost and power consumption of 

microprocessors over time, respectively. As shown in Figure 2, Koomey’s law predicted the 

doubling in power efficiency of microprocessors every 18 months.3 The frequency bottleneck, 

or von-Neumann bottleneck, caused by the serial operation is alleviated by reduction of 

transistor channel lengths. Up until 2005, the improvements in performance have come by 

channel length reduction. However, transistor leakage currents, increasingly complex 

manufacturing challenges, and short-channel effects such as drain-induced barrier lowering 

and quantum mechanical tunneling, present major roadblocks to continued improvements 

purely by reduction of feature size. Over the past decade, advancements have largely come 

from architectural developments, particularly in parallelization. The graphics processing unit, 

or GPU, is the most prominent example. The energy efficiencies of the human brain6 (green 

line), Summit supercomputer5, personal computers (squares), Volta V100 graphics processing 

units (GPUs) from Nvidia12, tensor processing units (TPUs) from Google13, Stratrix 10 field-

programmable gate array (FPGA) from Intel14, TrueNorth spiking neuromorphic circuit from 

IBM15 (triangles), memristor circuits from UCSB26 and UMass/HP27,28, and phase change 

memory (PCM) from IBM34 (circles).  
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Figure 2. Koomey’s law, the dashed black line which estimates the energy efficiency of silicon-

based digital microprocessors (black squares) will double every 1.5 years (dashed black line) 

and nonlinear fit to the trend in microprocessors (including manycore designs) for 32-bit MAC 

operations (green line). Recently, application-specific silicon-based digital circuits (black 

triangles) and memory devices based on other materials (black cricles) have been developed to 

increase efficiency.  

 Parallel architectures are especially well-suited for high-dimensional tasks, such as performing 

matrix operations for graphics processing, or extracting useful information from massive data 

sets. The commercial emergence of artificial neural networks is driven by the improvements in 

the performance and efficiency of parallel architectures. Many matrix multiplications are 

required to implement a learning algorithm. The exponential increase in the volume of the input 

space required to maintain the predictive accuracy from high-dimensional datasets is 

commonly referred to in the machine learning community as the “curse of dimensionality”.35  

The greater the number of synaptic weights, the greater the number of computations and data 
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transfers required. Custom design of hardware is in great demand to achieve improved power 

efficiency beyond general-purpose architectures. Notably, Google has recently developed one 

of the most energy-efficient application-specific integrated circuits for acceleration of neural 

network algorithms, the tensor processing unit (TPU) which uses a systolic array architecture  

to balance computation and memory communication overheads.13 However, the TPU still does 

not incorporate memory and logic elements into a single device and its performance for 

learning is ultimately limited by access to external storage. In general, digital systems for neural 

network applications  ultimately suffer from the inefficiency of data movement at some level 

within their memory hierarch, as shown schematically in Figure 3a. Vast differences in energy 

efficiency remain when comparing biological neural circuits that combine memory, logic and 

in-situ learning functionalities as illustrated in Figure 3b, such as the human brain which 

consumes ~20 W, versus the most advanced artificial digital systems such as the TPU, which 

are yet to achieve 0.1% of the brain’s power efficiency. The combined memory-learning 

functions of biological neurons are the primary advantage Carver Mead sought to espouse 

through neuromorphic design.  

a

Memory

Output

Input

Memory

Logic

Learning

  b 

 

Output

Input

Memory

Logic

Learning

 

Figure 3. Schematic of a serial process operating with physically separated memory, logic, and 

learning functions based upon the von-Neuman architecture (a). A parallel operation operating 
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with a single element which performs local memory, logic, and learning operations 

concurrently (b) 

1.2 Analog Memory for Learning 

1.2.1 Crossbar Array 

For implementing multi-layered perceptrons or fully-connected (FC) layers, where every pair 

of neurons share a unique synaptic weight, digital architectures suffer from issues with external 

storage and bandwidth-limited data movement46. For a FC with M inputs the time complexity 

of the operation in a digital, serially implemented process corresponds to O(M2). Digital 

hardware accelerators, such as those implemented in GPUs and Field-programmable arrays 

(FPGAs) in deep learning applications have been focused on convolutional neural networks 

(CNNs) which minimize the number of FC layers to reduce the amount of synaptic weight data 

movements achieving efficiencies of nearly 1012 OPS/W. While this has found success in 

applications such as image processing, a large number of FC layers required for applications 

like natural language processing (NLP). For associative learning rule (equation 4), digital 

accelerators are far from ideal. In contrast, as shown Figure 4, an analog memory crossbar 

circuit is particularly well suited for FC layers – capable of reducing computations to a constant 

time O(1) independent of the size of the matrix.47,49 Mead’s floating-gate transistor synapse 

was the first demonstration of a semiconductor analog NVM in a neuromorphic circuit.22 More 

recently, non-volatile memory (NVM) devices, such as memristors and phase-change memory 

(PCM), have received significant attention for their use in accelerating learning in neural 

networks.46 IBM and HP have pursued neuromorphic architectures and the incorporation of 

analog memory devices for improving their energy efficiency. Energy efficiencies with >100x 

improvements over Google’s TPU have been recently shown in scientific literature by IBM’s 

PCM34 system for training DNNs, as well as by HP’s memristors27,28.  



6 
 

 

Figure 4. An M × N circuit of non-volatile memory (NVM) synapses with M presynaptic 

inputs and N post-synaptic inputs.  Vi
m denotes an input potential on the mth  presynaptic 

neuron, Vo
n denotes a potential on the nth post-synaptic neuron, and In denotes a current flowing 

into the nth post-synaptic neuron. 

The array in Figure 4 enables a physical computation where Ohm’s and Kirkhoff’s laws are 

used to implement multiply-accumulate (MAC) operations in parallel within the circuit. The 

array can read and set conductance values in a spatially parallel and concurrent fashion which 

is well-suited to the parallel and local algorithms used in neural networks46 and removes the 

massive synaptic weight data movements otherwise necessary for von Neumann-based systems 

with separate logic and memory units.  

During an inference operation, an input vector V⃗⃗ i (voltage signals for each input channel) are 

directly applied onto the crossbar circuit from one side of the array, and Kirckoff’s current law 

provides an output signal, I , (equation 3) given by the sum of the currents Ioi  (equation 1). 

Where w is the synaptic weight, Vi is the input signal from one neuron connecting the synapse, 

M
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and Vo the output signal from the other side of the synapse, and α is the learning rate, dependent 

upon the timing of the two signals. 

                                                   Ioi = woiVi            (1) 

                                                   
dwoi

dt
= αViVo         (2) 

I = ŵ V⃗⃗ i              (3)  

During a learning operation, setting the synaptic weights (equation 2) according to a learning 

algorithm occurs by the coincident voltage pulses on the input and output sides of the device, 

as in equation 3, with a learning rate α depending on the timing of the pulses. While MAC 

operations have been demonstrated in parallel according to equation 3 reliably, the ability to 

perform the outer product learning with O(1) time complexity, with the synaptic weight matrix 

ŵ modified according to equation 4, demands stricter device specifications which have been 

recently analyzed systematically by Gokman et. al. at IBM.47  

ẇ̂ = α V⃗⃗ o  ⨂  V⃗⃗ i             (4) 

The target device parameters specified were thus far unattainable with conventional NVM 

devices and were instead recently simulated with extensive peripheral control circuits and 

integrated capacitors consuming more power and area. The simulated crossbar circuits still 

failed to meet the desired areal density and average device resistance targets (25 MΩ), the 

reason for the necessity of a high average resistance in the crossbar circuit is discussed in 

further detail in the following section. 

The performance of the functions described in equation 3 and equation 4 depends on optimizing 

five device properties: (1) symmetry of conductance change direction, (2) non-linearity of 

conductance change with respect to voltage amplitude, (3) linearity of conductance change 
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with time at a voltage condition, (4) retention of the synaptic weights during read/inference 

operations without disturbing the synaptic weight, and (5)  uniformity of the properties across 

the array.   

 

1.2.2 State of the Art Neuromorphic Circuits & Challenges 

Novel two-terminal NVM devices, namely the memristor and PCM, have recently achieved 

state-of-the-art efficiencies of ~1014 FLOPS/W for inference27,28 and 1013 FLOPS/W for 

training34, respectively in offline learning demonstrations.  

a      b 

 

 

 

 

Figure 5. (a) Memristor and (b) Phase-change memory device structure and operation 

mechanism.48 

Memristors, as shown in Figure 5a are typically composed of transition-metal oxides 

sandwiched between two metal contacts. Filamentory memristors depend upon the formation 

or disassociation of a conductive filament in the active area to achieve high and low 

resistance states, respectively. These devices suffer from inability to gradually alter the 

conductance due to the inherently abrupt physical nature of filament formation by transport 

of defects within an oxide to their favorable configuration51. Non-filamentory memristors can 

offer a more gradual change in conductance as the migration of oxygen vacancies occurs 
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homogeneously across the entire device area. However, operation speeds are lower for non-

filamentory memristors due to the energetic barrier to lattice atoms’ transport. In both 

memristor types, a migration of ionic species under applied electric field is required. 

Memristors always switch more quickly to the high resistance state due to the driving force of 

entropic mixing than they switch to the low resistance resulting in asymmetry in conductance 

tuning.46,49 The directional asymmetry of setting synaptic weights greatly hinders the 

accuracy of training since a linear change in conductance with respect to pulse number is 

desired regardless of the starting conductance state. The voltage amplitude must be reduced 

to improve the linearity of conductance change resulting in a trade-off between symmetry and 

the overall range of available states. 

PCM, shown in Figure 5b is based upon the phase change of chalcogenide glasses by joule 

heating during current flow and have achieved switching times on the order of 10 ns34. 

However, it is difficult reliably maintain many analog states under many reading cycles due 

to the thermally driven nature of the phase transition. The current required for amorphization 

is ~10x what is necessary for crystallization and leakage currents throughout a passive array 

can dramatically reduce the retention of analog states during read operations. In addition, as 

with the memristor, there is asymmetry in conductance change rate depending on the 

polarity.46 

Both the PCM and memristor were originally presented as replacements for or enhancements 

to traditional digital non-volatile memories offering multilevel bit storage and greater memory 

density. The device properties considered ideal for digital memory applications (e.g., large on-

off ratios, and asymmetric set and reset operations) are generally not as critical or irrelevant to 

their applicability in neuromorphic computing. In digital applications the primary goal is 

operation frequency in a serial row-by-row manner. In a neuromorphic circuit, however, the 

NVM network is addressed in a massively parallel manner with simultaneous ‘writing’ and 
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‘reading’ occurring. Parameters necessary for this application include gradual, symmetric 

conductance changes over time, have recently benchmarked in literature for simulated 

circuits.49 The conductance changes are ideally decreased and increased using fixed voltage 

amplitude pulses in parallel for both the input and feedback signals during learning operations 

(the V/2 operation scheme explained below). The nonlinearity of conductance change with 

respect to voltage magnitude is necessary to emulate spike-timing-dependent plasticity20, 

where the overlap-time of the input Vi and feedback Vo signals at each crosspoint cause gradual 

change in synaptic weight.  

Beyond the issues with the conductance-change-rate asymmetry and retention, perhaps the 

greatest hindrance to scaling the array in a single integrated circuit is leakage, or ‘sneak’ current 

paths.46 The sneak paths are the result of the voltages applied throughout the crossbar network 

drawing currents from various adjacent high-conductance devices throughout the array. To 

enable retention of synaptic weights during reading, and to reduce the effect of sneak current 

paths it is desirable to have a rectifying characteristic in the device. In addition, the nonlinear 

characteristics are desirable since the conductance modification is current-driven. Large 

currents are desired for fixed-amplitude coincident pulses at each crosspoint and no change in 

the non-coincident case, where the non-selected input rows experience Vi/2 and where Vi/2 < 

Vth < Vi , with no current passing through the devices below the threshold voltage, Vth, and thus 

no change in conductance when the signals are not coincident in time. The higher resistance 

devices also consume lower power in crossbar arrays due to their mitigation of the sneak path 

currents. This result has been demonstrated in simulations of crossbar arrays of memristors 

with ideal resistance much larger than found in high-speed switching digital circuits.52 High 

device resistance is thus necessary in larger arrays. Sneak path currents are exacerbated due to 

the increased interconnect resistance drawing greater currents into the wrong cells and 

producing errors in cells furthest from the voltage sources. 
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While a massively parallel inference operation has been demonstrated with excellent power 

efficiencies, the greatest challenge is in performing the vector-vector outer-product 

multiplication for training in parallel. To set the synaptic weight in the two-terminal resistive 

memories in parallel, the required setting voltages, Vi must be applied in both polarities on 

adjacent rows and columns. Thus, as the line resistance approaches the order of the resistance 

of the crosspoints, particularly those in the ON-state, the sneak current path will significantly 

interfere with accurate setting of the weights. As the device conductance is increased due to 

leaked current, the greater the sneak current magnitude will be. As shown in Figure 2, the 

training operation efficiency for memristors is many orders of magnitude lower than for the 

feedforward inference requiring only Vi/2 amplitude. To mitigate the effects of the sneak-path 

currents and asymmetry of conductance changes, an active matrix incorporating selector 

devices, such as diodes or transistors, in combination with the two-terminal NVM device in 

each cell have been implemented. However, series diodes require larger operating voltages for 

setting conductances due to the series voltage drop across the diode. The incorporation of 

transistors increases the cell footprint. For example, IBM’s PCM-based array incorporates 9 

transistors and 3 capacitors per synaptic weight to achieve 1013 OPS/W for DNN training 

acceleration34.  

Silicon-based devices, such as three-terminal floating gate (FG) transistors50,51 and charge-trap 

(CT)25 NVMs have been employed as artificial synapses. Unlike the previously discussed 

NVM technologies, the field-effect three-terminal device conductances are modified by 

threshold voltage shift of the transfer characteristic due to an applied gate voltage. High on-off 

ratios and low leakage currents reduce the sneak-current paths effects. The highest efficiency 

reported to date for in-situ unsupervised training with FG NVM has reached ~1012 OPS/W, 

although these required long pulse durations and complex external controls circuit operations54 

for setting synaptic weights. The external control circuits greatly limit the speed of training 
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requiring separate training and inference phases (offline learning). The highest-efficiency 

demonstrations required additional signals to those carrying the input data and feedback, in the 

third terminal applied along common gate lines which can shift the threshold voltage at 

undesired crosspoints. For Fowler-nordheim tunneling, the FG devices often require large 

operation voltages for writing with a trade-off between writing speed (from 10 microseconds 

to 10 ms) and voltage amplitudes (from >10 V to a minimum of 3 V). In addition, due to 

dielectric breakdown and charge-trapping in the tunnel oxide, endurance of FG devices is 

limited to writing cycles of ~105. This is contrast with PCM devices which can achieve 109 

writing cycles.34 Charge-trap transistors incorporating high k dielectrics have been shown in 

simulations of 28nm CMOS technology, for compute-in-memory FC single layer neural 

networks with theoretical efficiencies of nearly 1015 OPS/W.  Again, training efficiency was 

much lower than that reported for inference and performed separately, i.e. offline learning.  CT 

NVM Si devices are yet to demonstrate parallel in-situ learning with competitive power 

efficiencies or areal density.25 

 

1.3 Motivation 

In this work, a single discrete device, without external selector devices, is employed for 

massively parallel process and learning. The device is operated in a voltage-coincidence mode 

with zero voltage drop across the input and output terminals at each crosspoint during learning, 

eliminating the sneak-path effect. By setting synaptic weights without applying gate line 

voltage signals, the threshold voltage of non-selected devices are decoupled and the device is 

operated as a two-terminal NVM with only the feedback and input signals. To the best of the 

author’s knowledge, this is the first demonstration of a NVM array operation with learning 

without any current flowing between the input and output terminals of the device in the crossbar 

circuit, greatly reducing power consumption during learning. The network sets the synaptic 
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weights spontaneously without external computation of the learning algorithm or need to 

directly sense the synaptic weight values during online learning. Furthermore, in contrast to 

prior three-terminal NVM demonstrations25, fixed-amplitude voltages are employed and no 

external gate signals or corresponding control algorithms are necessary to alter the synaptic 

weights. The device is used to demonstrate online, unsupervised learning according to 

equations (3) and (4), rather than the previously demonstrated line-by-line writing methods or 

demonstrations requiring separated learning and inference phases. In this work, the learning 

algorithm is input driven with no distinction between training and inference. The spatially and 

temporally parallel learning in the crossbar circuit is demonstrated with high power efficiency 

by in-house fabricated microscale devices. A charge-trap analog NVM device was developed 

for this application based on a carbon nanotube (CNT) thin-film field effect transistor-like 

structure. The device is operated in its subthreshold regime and an array is operated in a 

massively parallel manner with ultralow power consumption.  

First, the device structure including the materials selection, fabrication processes, and a 

proposed physical mechanism during the fixed-amplitude operation are discussed along with 

the CNT-based synapse’s electrical transfer characteristics. Next, a physical description of the 

pulse-mode operation is presented. Critical parameters including the conductance change 

symmetry, non-linearity, long-term retention, uniformity, and reliability are evaluated. The 

NVM array is then interfaced with an integrate-and-fire (IF) circuit and demonstrated in a 

speech recognition task. Finally, discussion of the crossbar circuit’s and the peripheral circuit’s 

power efficiencies, scalabilities, and latencies are presented. 
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2.  Carbon Nanotube-based Artificial Synapse 

In this chapter the structure and fabrication process of the artificial synapse is presented. 

Physical mechanisms during its operation and pulse-mode test methods for evaluation of the 

device as an artificial synapse are developed. 

2.1 CNT Deposition and Properties 

Carbon nanotube (CNT) field effect transistors were first presented in 1998 and attracted 

attention for their scalability, massive mobilities, and reduced subthreshold swing. 51 The 

CNT is a single molecule composed of carbon atoms arranged in a hexagonal honeycomb 

lattice. Conjugated p-orbitals overlapping throughout the carbon lattice give rise to 

delocalized electrons with many available conduction states. The band structure of the quasi-

1D material is dependent upon the CNT’s chiral vector, ranging from semiconducting to 

metallic depending on the diameter of the tube.54 The statistical nature of nucleation of the 

CNT results in distributions of chirality with approximately 30% of the tubes having no band 

gap rendering them unusable in a single-CNT channel. This variation in the chirality results 

in a random spatial distribution of metallic CNTs and has greatly limited advancements in 

producing reliable VLSI circuits based on CNTs. Methods to identify and remove the shorted 

devices post-fabrication have been developed, but these are challenging and costly processes 

that far outweigh the benefits for most commercial applications. There has thus been growing 

interest in pre-fabrication removal of the metallic tubes by centrifugation and subsequent 

solution-based deposition procedures. Recently the solution-processed CNT thin-film 

transistors at micrometer channel length have attained sufficient uniformity to produce ICs 

with over a thousand components, such as adders and ring oscillators52. For use as the 

channel material in this work, 99.9% pure semiconducting CNT solutions were purchased 

from Nanointegris Inc. The deposition process was optimized to maximize uniformity 

without significant reduction in the on-off ratio. An atomic force microscopy (AFM) image 
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of the channel with an empirically optimized CNT density of approximately 120 tubes per 

square micrometer is shown in Figure 6. 

If the CNT density is too low, the variation of the current between devices increased.  

Greater densities of CNTs results in greater aggregation and metallic CNT content in the 

percolating path from the input and output terminals of the device with greater deposition 

time, reducing the on-off ratio. In Figure 7, the normalized on-off  ratio, R value, are shown 

and the R-value decreases with the higher densities. 

a    b 

 

 

c 

Figure 6. Three films with CNT random network density on HfO2 surface by atomic force 

microscopy (AFM) of 2 µm x 4 µm area with manually counted CNT density of approximately 

250 /µm2 , 220 /µm2, and 120 /µm2 after deposition times 30 hours, 15 hours, and 8 hours, 

respectively. The single tube diameter average taken from the lowest-density film was 1.5 nm, 

with aggregate ‘bundles’ of CNTs observed containing >10 nanotubes in (a). Single-CNT 

lengths were maximum of ~1.5 µm, more than an order of magnitude shorter than the channel 

length. 
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b      c 

 

 

Figure 7. (a) Spatial distribution of the average current from 200 unit cells across the array 

measured on a chip after 8-hour deposition time.   (b) The distribution normalized on-off ratio, 

R, is shown for a 30-hour deposition time. (c) The trend of R with the average current in each 

cell measured at -2 V across the channels. 

 

2.2 Fabrication Process 

The process flow for the device fabrication is summarized in Figure 8. First, laser-diced 

substrates are used as starting SiO2 substrates and the surface is cleaned by RCA method 

followed by 50 nm aluminum metal deposition at 0.1 nm/s using e-beam evaporation (298 

K,10-7 torr). A 2 micron-thick positive photoresist (PR,  SPR3612 Megaposit i-line, Micro 

Chem) was used as soft mask for pattering with UV photolithography, chosen for its Al 

adhesion properties during wet-etch patterning of the back-gate layer (shown from the top view 

in the red-color with contact pads on the left-hand side in Figure 9a). The Al was wet-etched 
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at a rate of 10 nm/min in 1% tetramethyl ammonium hydroxide which simultaneously develops 

the PR before reaching the underlying metal layer for etching. After PR stripping, the metal 

layers were cleaned of residual organics and surface activated by O2 plasma treatment for 1 

minute (200 W 280 mtorr Technics RIE) immediately prior to multi-layer 20 nm HfO2 film 

growth and 3 nm TiO2 growth (by TiCl4 precursor at 200 oC) atomic layer deposition (Fiji ALD 

Cambridge Ultratech) at 0.1 nm/s . The sample is held under vacuum and maintained at the 

deposition temperature of 200 oC between the two layers to avoid contamination or variability 

in the blocking oxide interface, as shown in Figure 8b. In Figure 8c, the TiO2 charge-trapping 

layer has been patterned (100 W CF4/O2 plasma with 150/50 mtorr pressure ratio for 2 minutes) 

followed by the PR layer stripping and the surface is again cleaned/activated by O2 plasma 

treatment for 1 minute (200 W 280 mtorr Technics RIE) for subsequent HfO2 tunneling oxide 

ALD deposited. The etch selectivity for TiO2 to the bottom 20 nm HfO2 was optimized to 

achieve >10:1. Etching of the much thicker bottom blocking HfO2 layer on the gate beyond the 

masked active region was negligible (<1 nm) as verified by optical inspection, ellipsometry, 

and AFM step height prior to ALD deposition of the tunneling layer. Without patterning of the 

TiO2 layer, cross-talk currents were present between cells indicating the large conductivity of 

the TiO2 thin film. The completed unit cell shown in the micrograph with the gate line shown 

in the inset of Figure 9b (shown in layout from the top view in the red-color with contact pads 

on the left-hand side in Figure 9a is labeled ‘G (GND)’. Next, the chips were immersed in a 

sealed container of 0.1%w/w poly(L-lysine) (PLL) solution for 30 minutes and dipped in DI 

water to remove excess PLL not adhered to the oxide surface. The CNT deposition process 

used in the demonstration was the 8-hour condition from Section 2.1. An immersion process 

using a custom-built sealed container of 99.9% pure semiconducting SWCNT aqueous solution 

(1 mg/100 mL) was used for 8 hours at 30 oC to deposit the channel layer (Figure 8d).  The 

chip was immersed in isopropyl alcohol for one hour to remove residual surfactants, otherwise 
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present for maintaining the suspensions stability in the stock CNT formulation. Without the 

alcohol rinsing of the deposited CNT network, the residual stabilizers adhere to the surface and 

dramatically reduce the current and on-off ratio of the network as well as the uniformity and 

repeatability between depositions.  A continuous film of 50 nm Al is deposited and patterned 

using the same process as in the first gate  metallic layer above to produce the input and output 

electrodes across the CNT network channel as shown in the green colors in the layout shown 

in Figure 9 and in the completed unit cell micrograph inset in Figure 8e labeled ‘Al’ and ‘D’ . 

Parylene was coated (SCS Lab Coter 2) with 2 mg of [2.2]paracyclophane monomer material 

used and thermally polymerized in a conformal 200 nm film. The passivating nature of the 

Parylene coating and its self-initiated chemistry produces no by products or residual catalysts 

allowing for high repeatable encapsulation. In contrast, oxide ecapsulations caused significant 

field-effect doping by interfacial interactions and alteration in the Fermi level of the CNT 

material. Spin-coating of organic materials such as polyimide and epoxides were found to 

introduce nonuniformity and issues of repeatability due to the complex formulations present 

and chemical reactions during post-baking of photoresists. Finally, SU-8 was coated onto the 

Parylene film and patterned to expose the Parylene film beyond the active region (outside of 

the blue regions shown in the layout of Figure 9a. Lastly, 200W, 280mtorr  O2 plasma was 

exposed for one minute  to areas outside the SU8 active region to remove the 200 nm Parylene 

film and underlying CNTs which would otherwise cause cross-talking pathways between each 

unit cell in the crossbar circuit and providing current pathways outside the gated channel. The 

final top-view micrograph of the device with passivated CNTs remaining only in the active 

region is shown in the inset of Figure 9b. A serpentine channel was chosen to increase the 

uniformity between unit cells in the crossbar array, limited by the total chip area and 

lithography resolution. Each unit cell as measured in Figure 7a contains 9 devices in parallel. 
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       f 

 

Figure 8. Side-view of the CNT device structure and process flow, the channel length is 20 µm 

with the completed device side-view structure shown in (f). 

 

 

 

 

a       b 

 

 

Figure 9. Circuit layout (a) with the bottom gate layer in red, CNT-patterned region in blue, 

and top source-drain contacts layout in green. The completed chip with scale bar 1.5 mm and 

the device unit cell inset with scale bar of 200 µm (b). 
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2.3. Structure and Characteristics 

2.3.1. Atmospheric ‘Doping’ and Contacts  

Carrier-type conduction in CNT channels was found to be determined by the contact metal and 

exposure time to atmosphere before encapsulation, with a shift of the transfer characteristic 

threshold voltage, Vth, related to both conditions as determined by the linear extrapolation of 

the I-Vg. As shown in Figure 10a, extrinsic doping with increased p-type carrier transport after 

exposure to atmospheric conditions at room-temperature was reliably observed, which has been  

associated with the physisorption of O2 and H2O molecules which form a charge-transfer 

complex53. Reversibility of the effects of atmospheric extrinsic doping on the Vth was verified 

by thermal treatment in a vacuum oven at 150 oC for one hour. The choice of metal contact 

also shifted the average Vth (for the same atmospheric exposure time). Gold contacts align more 

closely to the CNT conduction band according to the Schottky-Mott rule. The gold contacts 

produced higher current magnitudes and transcondutance, indicating a reduction in contact 

energy-barrier height. The device was stuck in an ‘always-on’ condition under zero applied 

gate bias using Au contacts, shown in Figure 10.  

Current-voltage (I-V) transfer characteristics and capacitances were measured by a Keithley 

4200 semiconductor parameter analyzer.  In Figure 10. Isd-Vgd for Al (a) after exposure to 

atmospheric conditions for <1 hour (red), 24 hours (black), and for Au contact after 24 hours 

(blue), demonstrating effects of the parameters on threshold voltage. The transfer 

characteristics are stable and ‘frozen’ once passivated with Parylene. 
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Figure 10. Isd-Vgd for Al (a) after exposure to atmospheric conditions for <1 hour (red), 24 

hours (black), and for Au contact after 24 hours (blue), demonstrating effects of the parameters 

on threshold voltage. The transfer characteristics are stable and ‘frozen’ once passivated with 

Parylene. 

Band diagrams comparing the Al and Au contacts are shown in Figure 11a and 11b, 

respectively corresponding to the conditions used in Isd-Vsd curves. The band diagrams 

illustrate the Schottky barrier due to the Al contact and the more ohmic behavior in the Au 

contact. In the case of the Au Isd-Vsd characteristics, an ohmic contact is apparent in the 

characteristics in Figure 12. The I−Vi characteristic measured from the device with Au (a) and 

Al (b) contacts. The currents, I, are plotted versus Vi, after the device was modified by 50 pairs 

of  5 ms − wide Vi and Vo pulses with Vi = Vo = −1.75 V  (blue dashed line), and Vi = Vo =

1.75 V  (green line). With the Al contacted devices, the metal’s bulk fermi level is closer to the 

center of the CNT’s band gap and the Schottky barrier for hole transport increases.54 One of 
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the Schottky contacts acts as a reverse-biased diode when current is flowing through the 

channel from source to drain. When the contact is changed from aluminum to gold there is a 

significant reduction in the Schottky contact barrier as shown Figure 10. Band diagram along 

the channel under opposite polarities, the conductance of the device at zero gate bias is 

modified by shifting the threshold voltage.  

a             b 

 

 

 

 

 

 

 

 

Figure 11. Schematic and band diagrams corresponding to the conditions presented in Figure 

12 for the Au contact (a) and Al contact (b) CNT energy-band diagrams with negative charge 

(green lines), and positive charge (red lines) trapped in the TiO2 layer. Ef
i , Ef

o, Ef
r, and Ef

TiO2 

are the Fermi energies for the Al source contact (hereinafter referred to as the output electrode), 

drain contact (hereinafter referred to as the output electrode), gate electrode (hereinafter 

referred to as the reference). The hole carrier is represented by an open blue circle and  Ec and 

Ev denote the edges of the CNT conduction and valance bands, respectively in (a).  
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The electronic properties and band structures of the devices were modeled by a Technology 

Computer-Aided Design (TCAD) simulator (Sentaurus Device, Synopsys). 2D device 

structures were created, followed by mesh generation and uniform doping profile in CNTs. The 

simulator performed numerical simulations of device physics based on the partial differential 

equations of electrostatics, quantum mechanics, and carrier transport. Effects of the Schottky 

barriers at the interfaces between CNT and Al or Au input/output electrodes were modeled with 

barrier tunneling effects enabled, the barrier heights were assumed to be constant under the 

non-coincident pulse conditions. Since the gate does not overlap the source and drain, and the 

CNTs have been widely reported to have thin tunneling contacts largely dictated by the electric 

field-focusing effect of the CNTs54. Transient and quasi-stationary simulations were conducted 

under different voltage biases on the Al and Au input/output electrodes with respect to the 

grounded reference electrodes. 

a       b 

 

 

        

 

 

Figure 12. The I−Vi characteristic measured from the device with Au (a) and Al (b) contacts. 

The currents, I, are plotted versus Vi, after the device was modified by 50 pairs of 5 ms-wide 

Vi and Vo pulses with Vi = Vo = −1.75 V  (blue dashed line), and Vi = Vo = 1.75 V  (green 

line). 
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The highest subthreshold-swing for the Schotty-contacted devices used in this work was found 

to be ~500mV/dec. The large sub-threshold swing and apparent low mobility is significantly 

affected by the contact resistances55,56, greatly under-estimating the actual mobility of the 

channel material alone. Unlike digital applications where the switching speed and on-off ratio 

at a range of applied gate voltages are critical parameters for high speed operation, the operation 

mode in this work combines the memory and logic signal processing, with many parallel 

computations occurring simultaneously. The on-off ratio at zero applied gate bias for different 

states with trapped charge in the dielectric is more relevant to the operation mode. The array 

also does not rely on abrupt changes in channel resistance to operate at high speed and a gradual 

change over the range of attainable resistances is preferred. In addition, the fixed-amplitude 

operation in this work requires Schottky contacts which reduce mobility. These properties are 

studed in the pulse-mode tests in the following section. 

 

2.3.2. High-k Charge-trap Dielectric Stack 

While hysteresis in the gate transfer characteristics of CNT devices is a critical issue for digital 

logic applications, a large hysteresis window is necessary for non-volatile memory. A large 

shift in the threshold voltage, ΔVth , after a learning pulse (coincident Vi
  and Vo) and minimal 

ΔVth during non-learning (Vi
 alone) pulses are necessary. This property is obtained by the 

presence of the Schottky contact and the nonlinear change in current with respect to ΔVth in 

the subthreshold regime. The device design to implement such an operation depends critically 

upon the CNT-electrode contact energy barrier and optimization of the high-k oxide stack 

sandwich. Figure 13 shows a comparison of transfer characteristics from two two devices 

(chips processed simultaneously with comparable current magnitudes, only differing by the 

presence or absence of the TiO2). In the control device, a vacuum anneal at the ALD deposition 

temperature (200 oC) was used and the same etching procedure was used with soft masking 
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and stripping of the clean HfO2 surface to control for the process effects alone in the absence 

of the TiO2 layer. 

The charge-trapping causes a gradual shift of the threshold voltage by transport of carriers 

through the amorphous hafnia into a highly defective thin-film of TiO2 with a nearly equivalent 

energy difference (Figure 16) for both hole and electron carrier trapping from the CNT 

conduction or valence band, depending upon polarity of coincident voltages on the input and 

output electrodes. This allows the symmetric change in conductance in both directions from 

the conductance mid-range. 

a            

 

 

 

 

  b 

 

 

 

 

 

Figure 13. Control device without the TiO2 layer. (a) The current, I, through the control device 

is plotted versus the 𝑉𝑖 potential on the input electrode, after applying multiple pairs of 𝑉𝑖 and 
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𝑉𝑜 pulses with 𝑉𝑖 = 𝑉𝑜 = 2.0 𝑉 (dashed blue line) or 𝑉𝑖 = 𝑉𝑜 = −2.0 𝑉 (solid green line) on the 

control device. (b) The transfer characteristic sweeping the reference (gate) electrode in log 

scale of the control device (blue dots) and the device with the TiO2 layer (black dots). 

 

 

 

 

 

 

Figure 14. XRD data taken of HfO2 alone (red) with the TiO2 film embedded inside (black) 

and the TiO2-embedded structure annealed at 500 oC for 1.5 hours under N2 atmosphere (blue). 

X-ray diffraction (XRD) data of the dielectric structures, shown in Figure 14 were taken with 

a Bede 1  diffractometer using Cu Kα radiation with the bare ALD-deposited films on 50 nm 

Aluminum test substrates. The overlapping broad peaks indicate a highly polycrystalline 

surface with many reflecting surfaces present and extremely fine grain size. The control 

structures were exposed to the same plasma treatment process, the only change is the absence 

of the titania layer in comparing Figure 14. XRD data taken of HfO2 alone (red) with the TiO2 

film embedded inside (black) and the  The peak at ~26 degrees is indicative of amorphous 

thin TiO2 film56.  Coarser grains in hafnia thin films have been associated higher leakage 

currents since the grain boundaries can provide high-field spots in the film.57 As shown in 

Figure 15. (a)  C-V measurements of the device with the applied sweep potential, Va, on the 

coincident input and output terminals of the channel (red) measured assuming a series 

configuration and with the input-only (black) measured assuming parallel configuration., the 

15 20 25 30 35
0.0

0.5

1.0

R
e
la

ti
v
e

 I
n

te
n

s
it
y

2q



27 
 

amount of charge trapping which gives rise to hysteresis in the CV measurement is much 

smaller when the voltage is applied only on the input terminal alone (which drops mostly across 

the channel) compared to when the entire channel is biased relative to the grounded reference 

electrode. This indicates the charges are not trapped in the channel but within the dielectric or 

at its interface.  

a      b 

 

 

 

 

 

 Figure 15. (a)  C-V measurements of the device with the applied sweep potential, Va, on the 

coincident input and output terminals of the channel (red) measured assuming a series 

configuration and with the input-only (black) measured assuming parallel configuration.(b) C-

V hysteresis loops measured with varying sweep amplitude between the channel and reference 

electrode, VD. 

In Figure 15,  the capacitance measured for the channel and dielectric in series, Cs, is displayed 

versus a DC voltage bias, Vi =  Vo = VD, applied on its input and output electrodes with respect 

to its grounded reference electrode when VD sweeps to different ranges from negative to 

positive voltages (blue) and from positive to negative voltages (red).  Hysteresis loops in the 

Cs − VD curves are induced by the charge modified by VD sweeps. The capacitance was 

measured by applying an AC sinusoidal voltage with a peak-to-peak amplitude of 12.5 mV and 
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a frequency of 1 kHz, and a DC voltage bias, VD, on its input and output electrodes with respect 

to its grounded reference electrode from an Agilent 4284A Precision LCR Meter. In the 

varying-amplitude hysteresis sweeps, Figure 15 (b), the holes in the CNT network above the 

Al reference electrode and TiO2 charge storage layer are gradually depleted under VD < 0, and 

the measured capacitance, Cs
−, represents the capacitance of the capacitor of the depletion 

region in series with the capacitor between the CNT network and the Al reference electrode, 

CCNT/Al. When VD decreases, the depletion region increases, resulting in the decrease of the 

capacitance of the depletion region and Cs
−.  The holes in the CNT network above the Al 

reference electrode are gradually accumulated, and the CNT depletion region is gradually 

decreased with increasing VD  under VD > 0, the measured capacitance of multiple devices 

gave average, Cs
+, represents CCNT/Al = 2 fF/µm2. This is compared to a parallel plate 

capacitance 11 fF/µm2 indicating approximately 1/3rd areal coverage of the CNTs. A more 

rigorous treatment58 which takes into account the areal density of single-walled CNTs, their 

quantum capacitance, and neighbor screening effects (equation 6), where Cq  = 4.0 × 10−10 F/m 

is the quantum capacitance of a single CNT, the CNT radius, R = 1.5 nm, the thickness of 

the oxide, tox = 28 nm, and the linear density, D = 16 tubes per micron providing excellent 

agreement with the measured CNT density by AFM resulting in an estimated capacitance of 

2.1 fF/µm2 . 

 

Cs =
1

D
[Cq

−1 +
1

2πϵ0ϵox 
ln [

D

Rπ
sinh (

2πtox

D
)]
−1

  (6) 
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Figure 16. The band structure of the CNT channel in lateral and vertical dimensions under 

various operation conditions. 

Two schemes in Figure 16, including a (left) scheme showing the cross-sectional structure and 

CNT channel band diagram. The structure is composed of a TiO2 charge storage layer (purple) 

embedded in a HfO2 dielectric layer, an electrically grounded Al reference electrode (grey), 
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and a carbon nanotube (CNT) network (orange) connected with an Al input electrode (grey) 

and an Al output electrode (grey).  A potential, Vi, is applied on the input electrode, and a 

potential, Vo, is applied on the output electrode. (right) A scheme showing a cross-sectional 

structure along a single CNT.  Electronic energy-band structures (left) along the Al input 

electrode, the CNT network, and the Al output electrode, and (right) along CNT, the HfO2 

dielectric layer, the TiO2 charge storage layer (orange), the HfO2 dielectric layer, and the Al 

reference electrode under the conditions of b, Vi = Vo = 0, c, Vi = Vo = −1.75 V, d, Vi = Vo =

1.75 V, e, Vi = −1.75 V and Vo = 1.75 V, f, Vi = −1.75 V and Vo = 0, and g, Vi = 1.75 V and 

Vo = 0.  CNT energy-band diagrams with no charge (orange), negative charge (green lines), 

and positive charge (red lines) stored in the TiO2 layer are also shown in f - g.  Ec and Ev denote 

the edges of the CNT conduction and valance bands.  Ef
i , Ef

o, Ef
r, Ef

CNT, and Ef
TiO2 denote the 

Fermi energies of the Al input, output, reference electrodes, CNT, and TiO2 charge storage 

layer, respectively.  The L and D scales in b represent the lateral distance from the input 

electrode to the output electrode, and the vertical distance from CNT to the reference electrode, 

respectively.  The differences between Ef
i, Ef

o, and Ef
r are marked in b - g, left.  The differences 

between Ef
CNT and Ef

TiO2 are marked in c - g, right.  Electrons (e-) driven by the large differences 

between Ef
CNT and Ef

TiO2 to hop across the HfO2 dielectric layer between the CNT network and 

the TiO2 layer are illustrated by green dashed lines in c and d. 

 

2.4 Pulse Mode Operation  

Pulse mode operation in the synaptic array, schematically shown in Figure 17, requires long-

term retention of the trapped charges and their stability under non-coincident pulses and 

gradual, symmetric changes of the conductance at the operation frequency. The shift in 
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capacitance in is nearly symmetric after pulses with opposite voltage polarities were used, 

crucial to achieving a symmetric change from the initial conductance state. 

Figure 17.   Schematic illustration of the structure of a carbon nanotube (CNT) artificial 

synapse. An atomic force microscopy image shows the CNT network (orange) connected by 

Al input and output electrodes (grey). A TiO2 charge-storage layer (purple) is embedded in a 

HfO2 dielectric layer (light orange) on top of a grounded Al reference electrode (grey).  (Top) 

An input potential pulse Vi ≠ 0 induces an output current via the CNT network (I = w Vi) 

under an output potential Vo = 0 for signal processing.  When Vi ∙ Vo ≤ 0, w remains 

nonvolatile for memory  (ẇ = 0).  (Bottom) When Vi = Vo ≠ 0, the Vi and Vo potentials 

modify the density of electrons stored in the TiO2 charge-storage layer, resulting in the change 

of the hole concentration and the conductance of the p-type CNT network (ẇ = α  Vi ∙ Vo) for 

learning.  
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Figure 18. The change in capacitance for the pulsing conditions on the channel corresponding 

to the x-axis. 

When positive potential pulses with Vi = Vo > 0.92 V were applied on the CNT channel, the 

electrons were depleted from the TiO2 layer, leaving positive charge in the charge storage layer. 

The positive charge repelled holes in the CNT network, increased the depletion region, and 

decreased its capacitance, thus ΔCs < 0. When negative potentials Vi = Vo < −0.85 V were 

applied on the CNT channel, the electrons were injected into the TiO2 layer, leaving negative 

charge in the charge storage layer. The negative charge attracted holes in the CNT network, 

decreased the depletion region, and increased its capacitance, thus ΔCs > 0. The local 

capacitance per CNT length of the capacitor between a single CNT/6.5 nm-thick HfO2 

dielectric layer/TiO2 layer, cSCNT/TiO2 =
π ϵHfO2

Ln[(
2dHfO2
rCNT

)−1]
≈ 7.2 × 10−18 F/nm, where the radius 

of a single-wall CNT rCNT ≈ 0.5 nm, the thickness of the HfO2 layer dHfO2 = 6.5 nm, and the 

dielectric constant of the HfO2 layer  ϵHfO2 ≈ 18.  
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a      b 

 

 

 

 

 

Figure 19. (a) Fermi level differences and (b) charge density changes after 50 pairs of various 

5 ms-wide Vi and Votrains corresponding to the operating conditions in the horizontal axes. 

 

The change of the trapped charge, ∆ρs, induced by various Vi and Vo potentials are measured 

by capacitance-voltage test and plotted versus the amplitudes of the Vi and Vo potentials.  ∆ρs 

data are fitted by ∆ρs = kρ
+[Va − Vt

+] (solid lines) under Vi = Vo > Vt
+ > 0 and ∆ρs =

kρ
−[Va − Vt

−] under Vi = Vo < Vt
− < 0 with kρ

+ = −145 nF/cm2, kρ
− = −106 nF/cm2, Vt

+ =

0.92 V, and  Vt
− = −0.85 V. Under the operation voltages there is nearly equivalent energy 

difference between the Fermi levels of the CNT and TiO2 at opposite coincident-voltage 

polarities. The symmetry of the Fermi level difference provides a symmetric change in the 

amount of charge trapped and thus the symmetric change of synaptic weight in both 

directions during coicndent pulses. 
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In Figure 20, the percentage changes of conductance, ∆w/w0, induced by 50 pairs of various 

5 ms-wide Vi and Vo pulses are plotted versus the pulse amplitudes are shown. The Δw/w0 

data are fitted (solid lines) by Δw/w0 = e
βv
+(Vi−Vt

+)−1 with βv
+ = 4.06/V and Vt

+ = 1.05 V 

for the Vi and Vo pulses with Vi = Vo > Vt
+; and  Δw/w0 = e

−βv
−(Vi−Vt

−)−1 with βv
− = 3.69/V 

and Vt
− = −0.81 V for the Vi and Vo pulses with Vi = Vo < Vt

−; Δw = 0 under Vt
+ > Vi = Vo >

Vt
− . The extracted threshold values from the amplitude-varying pulse test in Figure 20 match 

well with the those obtained by the C-V measurements. The presence of the Schottky contact, 

and the non-linear relationship between Vth shift and current magnitude in the subthreshold 

regime, contribute respectively to the insignificant conductance change when current flows 

through the channel and to the non-linearity of conductance change with respect to voltage 

amplitude.  

Figure 20. Nonlinear change in conductance ∆w/w0 compared to the potential on the input and 

output electrodes.50 pairs of various 5 𝑚𝑠-wide 𝑉𝑖 and 𝑉𝑜 pulses are plotted versus the pulse 

amplitudes and the coincident (green, red) are fitted (black solid line). 
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Based upon the threshold voltages, operation voltages were chosen to provide the greatest 

change in conductance possible during coincident pulses and minimal change otherwise. Since 

the threshold voltages are near 1 V, assuming half the voltage drops across the first contact, an 

operation of 2 V would cause little change in charge trapped. A value of 1.75 V was found to 

be optimal for the operation and was used to measure the conductance change rate and 

symmetry as shown in Figure 21. 

 

 

 

 

 

 

Figure 21. Alternating pulses with the conditions shown and read pulses at -1.75 V on the Vi 

terminal. 

Vi and Vo potentials with an amplitude Vi = Vo applied on the input and output electrodes of 

the CNT channels induce a potential, VCNT/TiO2, between the CNT network and TiO2 charge-

storage layer, which in turn could modify the charge density, ρs, in the TiO2 layer by electronic 

hopping through the HfO2 layer37 .  The ρs modification rate is equal to the current density 

through the HfO2 layer38, dρs dt⁄ = 𝒥 exp [
q(θ√|VCNT/TiO2|−ϕB)

kT
], where q denotes the charge of 

an electron, k denotes the Boltzmann constant, T denotes temperature, ϕB denotes the potential 

barrier for electron transport in the HfO2 barrier layer, θ denotes a parameter related to the 
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thickness of the HfO2 layer, and 𝒥 is a constant equal to current density under |VCNT/TiO2| =

(ϕB/θ)
2. The CNT/HfO2/TiO2/HfO2/Al layers is composed of two capacitors with the 

CNT/HfO2/TiO2 and TiO2/HfO2/Al sandwich structures connected in series. In the capacitors, 

Vi = Vo = VCNT/TiO2 + VTiO2/Al  and ρs = ρAl − ρCNT = cTiO2/AlVTiO2/Al −

cCNT/TiO2VCNT/TiO2 = cTiO2/Al(Va − VCNT/TiO2) − cCNT/TiO2VCNT/TiO2 = cTiO2/AlVa −

(cCNT/TiO2 + cTiO2/Al)VCNT/TiO2, with ρAl as the charge density in Al reference electrode, ρCNT 

as the charge density in CNT network, cCNT/TiO2 as the capacitance per area of the 

CNT/HfO2/TiO2 capacitor, cTiO2/Al as the capacitance per area of the TiO2/HfO2/Al capacitor, 

and  VTiO2/Al as the potential between the TiO2 layer and Al reference electrode. Therefore  

VCNT/TiO2 = (cTiO2/AlVa − ρs)/(cCNT/TiO2 + cTiO2/Al) = Vi/ν − ρs/(νcTiO2/Al) with ν =

(cCNT/TiO2 + cTiO2/Al)/cTiO2/Al .  

After substituting VCNT/TiO2, when Vi = Vo > Vt
+ > 0, dρs dt⁄ =

𝒥exp [
qθ(√Vi−ρs/cTiO2/Al−√Vt

+−ρs
0/cTiO2/Al

√νkT
] with  Vt

+ = ν(ϕB/θ)
2 + ρs

0/cTiO2/Al > 0; when 

Vi = Vo < Va
t− < 0,  dρs dt⁄ = 𝒥exp [

qθ(√−Vi+ρs/cTiO2/Al−√| Vt
−−ρs

0/cTiO2/Al|)

√νkT
] with Vt

− =

−ν(ϕB/θ)
2 + ρs

0/cTiO2/Al < 0, and ρs
0 as ρs before the potential Va is applied. When Vt

− <

Vi = Vo < Vt
+, the external potential Vi drives insignificant amount of electrons to overcome 

the potential barrier in the HfO2 layer, and | dρs dt⁄ | < |𝒥| ≈ 0.  When Vi = Vo > Vt
+ or < Vt

−, 

the external potential drives electrons through the potential barrier to modify ρs, and ρs also 

gradually builds up an internal potential against the external potential.  When ρs is modified to 

balance the external potential with Vi − ρs/cTiO2/Al ≈ Vt
+ − ρs

0/cTiO2/Al or Vi − ρs/cTiO2/Al ≈

Vt
− − ρs

0/cTiO2/Al ,  dρs dt⁄ = 𝒥 ≈ 0, and ρs reaches its saturation values with ρs ≈ ρs
0 +

cTiO2/Al[Vi − Vt
+] or ρs ≈ ρs

0 + cTiO2/Al[Vi − Vt
−]. In the capacitance-voltage test, after the 
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device experiences a potential with  Vi = Vo on its input and output electrodes, the modification 

of the charge densities,  

∆ρs ≈ { 

cTiO2/Al[Vi − Vt
+]        when Vi = Vo > Vt

+ > 0              

  0                           when Va
t− < Vi = Vo < Vt

+

cTiO2/Al[Vi − Vt
−]        when Vi = Vo < Vt

− < 0               

      (7) 

where ∆ρs = ρs − ρs
0. 

Multiple Vi and Vo potential pulses with an amplitude Vi = Vo = Va applied on the input 

and output electrodes also modify ρs, and  ∆ρs induces the change of the Fermi level of the 

CNT network, which in turn causes the change of device conductance38 (Figure 19 (a) Fermi 

level differences and (b) charge density changes  after 50 pairs of various 5 ms− wide Vi and 

Votrains corresponding to the operating conditions in the horizontal axes.), w ≈

w0 exp (
qΔVCNT

f

kT
), and Δw = w −w0 = w0[exp (

qΔVCNT
f

kT
) − 1], where w0 denotes the initial 

device conductance before the charge modification, and qΔVCNT
f  denotes the change of the 

CNT Fermi level induced by ∆ρs.  ΔVCNT
f  increases monotonically with −∆ρs in the p-type 

CNTs, and its linear approximation gives ΔVCNT
f ≈ −ερ

+∆ρs when ∆ρs > 0  and ΔVCNT
f ≈

−ερ
−∆ρs when ∆ρs < 0,  where ερ

+ and ερ
− denote constants related to the device structure, 

capacitance, CNT doping concentration. After substituting ΔVCNT
f  in Δw by ∆ρs,  

 

 
Δw

w0
≈ { 

e−βv
+(Vi−Vt

+)−1     when Vi = Vo ≥ Vt
+ > 0     

             0                   when Va
t− < Vi = Vo < Vt

+

e−βv
−(Vi−Vt

−)−1      when Vi = Vo ≤ Vt
− < 0      

        (8) 

 

where βv
+ = qερ

+cTiO2/Al/kT and βv
− = qερ

−cTiO2/Al/kT. 
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 When a series of Vi and Vo potential pulses with Vi = Vo are applied, ρs is modified by 

the pulses as a function of the number of the applied pulses, n.  The modification rate, 
dρs

dn
=

td
dρs

dt
= 𝒥tdexp [

q(θ√| Vi−ρs/cTiO2/Al|−√νϕB)

√νkT
] with td as the pulse duration.  The solution of the 

differential equation gives ρs(n) ≈ η
+ Ln (

n

n0
+ + 1) + ρs

0 with η+ =

2√νkTcTiO2/Al√Vi − ρs
0/cTiO2/Al/(qθ), and n0

+ = η+ exp [
qϕB

kT
] /(𝒥td) under Va ≥ Vt

+ > 0. 

ρs(n) ≈ −η
− Ln (

n

n0
− + 1) + ρs

0 with η− = 2√νkTcTiO2/Al√−Vi + ρs
0/cTiO2/Al/(qθ) and 

n0
− = η− exp [

qϕB

kT
] /(𝒥td) under Va ≤ Vt

− < 0.  Δρs(n) = ρs(n) − ρs
0 induces the shift of the 

CNT Fermi energy qΔVCNT
f (n), which in turn induces Δw(n) = w0 [exp (

qΔVCNT
f (n)

kT
) − 1] ≈

w0qΔVCNT
f (n)

kT
=

w0qερ
±

kT
∆ρs(n) =

w0η
± qερ

±

kT
Ln (

n

n0
± + 1).  Therefore (Figure 21. Alternating pulses 

with the conditions shown and read pulses at -1.75 V on the Vi terminal.), 

 

  
Δw(n)

w0
≈

{
 
 

 
 

 

κ+Ln (
n

n0
+ + 1)      when Vi = Vo ≥ Vt

+ > 0     

             0                 when Va
t− < Vi = Vo < Vt

+

κ−Ln (
n

n0
− + 1)       when Vi = Vo ≤ Vt

− < 0      

      (9) 

where κ+ =
qη+ερ

+

kT
 and κ− =

 qη−ερ
−

kT
. 
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Figure 22. Change in the conductance, ∆𝑤/𝑤0, for gold-contacted CNT device. Each 

measuremnt is taken after 50 paired 5 ms-wide 𝑉𝑖 and 𝑉𝑜 pulses with 𝑉𝑖 = 𝑉𝑜  (filled triangles), 

𝑉𝑖 pulses with 𝑉𝑜 = 0 (open  triangles), and 𝑉𝑜 pulses with 𝑉𝑖 = 0 (open squares). 

To verify the role of the contact in minimizing changes in synaptic weight during non-

coincident pulses, an Au contacted device was tested for it’s nonlinearity in conductance 

change in Figure 22. The percentage changes of w, ∆w/w0, of the control device are plotted 

versus the amplitudes of 50 paired 5 ms-wide Vi and Vo pulses with Vi = Vo (filled triangles), 

Vi pulses with Vo = 0 (open  triangles), and Vo pulses with Vi = 0 (opened squares). When 

Vi = Vo > 0.65 V, w was decreased (filled red triangles); when Vi = Vo < −0.5 V, w was 

increased (filled green triangles).  When Vi > 1.25 V and Vo = 0, w was decreased; When 

Vi < −0.75 V and Vo = 0, w was increased. Furthermore, the non-coincdent conditions 

caused ~50% the change of the coincident pulses as would be expected for no contact barrier 

(where the voltage drop in the center of the channel is half the pulse amplitude in the non-

coincident case) 
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2.5. Retention, Reliability, and Uniformity 

After the conductances were modified to different initial analog values by applying 

pairs of 5 ms-wide Vi and Vo potential pulses on its input and output electrodes simultaneously 

with Vi = Vo = −1.75 V or Vi = Vo = 1.75 V, the nonvolatile memory was examined by 

measuring their conductances versus time over 1.75 × 105 s at room temperature. The device 

conductances were measured by applying 10 ms-wide Vi pulses with Vi = −1.75 V under Vo =

0.  The device conductances are shown as a function of time in a logarithmic scale, and the 

experimental data (dots) are fitted and extrapolated (solid lines). Over the test period, the 

average percentage conductance changes, |∆w/wi|̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ = ~3 %, with a standard deviation of 

~2.5  %. Based on the extrapolations of the experimental data, the analog conductances could 

be preserved for more than 10 years, indicating their long-term nonvolatile analog memory. 

 

 

 

 

 

 

 

 

  

 Figure 23. Long-term retention of the conductance state at room temperature, measured with 

10 ms-wide Vi pulses. 
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Figure 24. (a) The cycling of the conductance to near it’s maximum and minimum with each 

cycle representing 0.25 seconds of stress at the operating conditions. (b) The average 

conductances (over 9 devices per unit cell) for 110 devices on a chip showing their distributions 

of high conductance values (green) and low conductance values (red) which were below the 

noise threshold of the measurement system. 

In Figure 24a, the conductance was modified to high and low values, wH and wL, iteratively in 

2930 modification cycles.  In each cycle, the conductance was modified to wH at first by 

applying 50 pairs of 5 ms-wide Vi and Vo pulses on its input and output electrodes with  

Vi = Vo = −1.75 V, and then modified to wL by applying 50 pairs of 5 ms-wide Vi and Vo 

pulses with Vi = Vo = 1.75 V.  After each set of pulses, wH and  wL was measured by applying 

10 ms-wide Vi pulses with Vi = −1.75 V under Vo = 0. In each cycle, the percentage changes 

of the conductance, ∆wH/wmid = (wH − wmid)/wmid and ∆wL/wmid = (wL − wmid)/wmid 

are shown as green and red triangles, respectively, versus the number of modification cycles, 
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with a mid-range conductance wmid = (wH + wL)/2. Over the 2930 modification cycles, the 

average percentage conductance change, |∆w/wmid|̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ = (wH − wL)/wmid = 51.6 % with a 

cycle-to-cycle standard deviation of 1.2 %. 

In Figure 24b, the conductances, wL and wH, were tested by applying 10 ms-wide Vi pulses on 

their input electrodes with Vi = −1.75 V and Vo = 0.  The distributions of wH (green) and wL 

(red) of the 110 cells are plotted. The average wH value, w̅H = 3.80 nS, and the standard 

deviation of wH, σH = 0.88nS with σH/w̅H ≈ 0.23.  wL < 0.4 nS, the limit of the testing 

system. Note the devices can be modified to an arbitrary analog conductances over the range 

of 0.4 nS ≤ w ≤ 2 nS. 110 devuces in a chip were modified to their low conductances, wL, by 

applying 50 pairs of Vi and Vo pulses with Vi = Vo = 1.75 V and a duration of 5 ms on their 

input and output electrodes simultaneously, and they were then modified to their high 

conductances, wH, by applying 50 pairs of Vi and Vo pulses with Vi = Vo = −1.75 V and a 

duration of 5 ms on their input and output electrodes simultaneously.  The conductances, wL 

and wH, were tested by applying Vi pulses with an amplitude of Vi = −1.75 V and a duration 

of 10 ms on their input electrodes under Vo = 0.  The statistic distributions of wH and wL are 

plotted in Figure 24b.   w̅H, is equal to 3.80 nS, and the standard deviation of wH, σH, is equal 

to 0.88 nS with σH/w̅H ≈ 0.23.  wL is lower than the limit of our electric measurement system 

(~0.4 nS).   Although the materials (e.g. 99.9% pure semiconducting single-wall CNTs), device 

structures, and fabrication methods were optimized to reduce the variations of device 

properties, the intrinsic variations of CNT densities5, CNT directions6, CNT diameters7, CNT 

semiconducting/metallic types8, CNT doping concentrations7, the lengths and widths of CNT 

networks, the thicknesses of HfO2 and TiO2 layers, the charge densities in Al/CNT interfaces, 

the charge densities in CNT/HfO2 interfaces, the charge densities in the HfO2 and TiO2 layers 

and their interfaces, etc. can all hypothetically induce the variations of the device conductances.  

The statistical variations of the device conductances can be corrected by modifying their 
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conductances via learning.  Based on the analysis of the statistical variations, ~99% of the 

cells can be increased to a conductance w ≤ w̅H − 3σH ≈ 1.16 nS, and all the tested cells can 

also be decreased to a conductance below the limit of our electric measurement system (~0.4 

nS), therefore ~99% of the devices can be modified to a conductance within the range of  

0.4 nS ≤ w ≤ 1.16 nS via a learning process.  Although the devices have significant variations 

on their initial conductances, 99% of the synaptic weights can be modified to the necessary 

conductances within the range.   
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3. Neuromorphic Circuit 

In this chapter, the crossbar array is interfaced with an integrate-and-fire circuit and a 

learning demonstration (speech recognition) is used to evaluate the circuit’s performance.  

3.1 Testing Interface and Integrate-and-fire Circuit 

The gate (reference) electrodes were always grounded during pulse testing.  A custom 

built pogo-pin socket for the 3 cm2 chip was used to interface with the printed circuit board 

(PCB) shown in Figure 25. The electrical potential signals (Vi and  Vo)  applied to the input and 

output electrodes of the devices were generated by waveform function generators or computer-

controlled modules (National Instruments, NI-9264), and currents flowing through crossbar 

circuit were measured through an operational amplifier (Texas Instruments, LMC6482) and 

recorded with computer-controlled modules (National Instruments, NI-9205 and NI-9403).  

The conductances of the devices were derived from the currents measured through by applying 

negative potential pulses with a pulses of 10 microseconds duration.  Testing protocols were 

programmed (NI LabVIEW) and compiled into an embedded field-programmable gate array 

(FPGA, Xlinx), microcontroller, and a reconfigurable interface (NI CompactRIO).   

 

Figure 25. Integrate-and-Fire circuit layout (a) and transfer characteristic (b). 

 

b
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A custom- designed and fabricated integrate-and-fire (IF) circuit with the basic functions 

according to the Hodgkin–Huxley neuron model41, is shown schematically in Figure 25a. In 

Figure 25b, the collective current, I, from a column of M devices flows through a diode 

toward a capacitor CIF, increasing the potential, VC, on the capacitor.  A negative voltage, VL, 

is applied to induce a leakage current, IL, flowing through the resistor, RL, to filter the 

thermodynamic and signal noises in the circuits.  VC is proportional to the integration of I −

IL with respect to time. When VC reaches a threshold value, a Schmitt trigger composed of 

transistors M1-M6 is switched back and forth to generate an output pulse from the output 

channel, Vf. The output pulse resets VC back to zero by switching transistors M7, M8, and 

M9, and the capacitor CIF restarts the integration of the current.  A IF circuit with CIF =

100 pF, RL = 1 MΩ, VL = −40 mV, and RINV = 0.5 MΩ  was tested by applying a series of 

10 ns-wide pulses with varied frequency over a resistor with a resistance of 20 MΩ to inject a 

current I to CIF, and the average firing rate of the output pulses triggered from the circuit, rf, 

is plotted as a function of the average magnitude of the current, I.  When  I < 12.3 nA, no 

pulse is output from the IF circuit. When 12.3 nA < I < 32.6 nA, rf increases monotonically 

with increasing I.  When I > 32.6 nA.  rf is saturated at 1.1 kHz.  rf was fitted as a nonlinear 

sigmoid function of I, 

 

 rf =
rs

1+e−χ[I−I0]
                   (10)  

 

where rs = 1.1 kHz, χ = 0.37 /nA, and I0 = 19.7 nA. The transistors in the circuit are 

operated in their subthreshold regions.  χ represents the steepness of the r − I curve, rs 

represents the maximal saturation value of r, and Io increases with increasing IL.  When I = Io, 

then r =
1

2
rs; when I ≪ I0, then r ≈ 0; when I ≫ I0, then r ≈ rs.  In an integrate-and-fire 

circuit, Io can be increased by increasing the leakage current, IL; χ can be increased by 
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decreasing the capacitance of the capacitor C; and rs can be increased by decreasing the 

capacitance of the capacitor C and the circuit delay time. 

 

3.2 Speech Recognition Demonstration 

The concurrent signal processing and learning were demonstrated in a 2 × 2 crossbar 

circuit composed of 4 unit cells in the crossbar array (10% of the addressable cells in the 

fabricated chip were used in this demonstration). Original speech signals consisted of unlabeled 

“yes” and “no” utterances were converted to their mel frequency cepstral coefficients 

(MFCCs)41, and the waves of potential pulses, V⃗⃗ i(t), input to the crossbar array. The AC input 

pulses had an magnitude of 1.75 V, a duration of 10 µs for each polarity, and firing rates, r i, 

proportional to MFCCs of the speech signals. The 2 × 2 crossbar circuit comprised 36 

individual devices, 9 connected in parallel per unit cell.  Each output electrode is connected to 

an integrate-and-fire circuit, N1 or N2.  The speech signals of “yes” (blue) and “no” (red) words 

are converted to potential pulses, Vi
1 and Vi

2, input to the two electrodes to trigger currents, I1 

and I2, on the output electrodes, which in turn trigger back-propagating potential pulses, Vo
1 

and Vo
2, on the output electrodes and forward-propagating potential pulses, Vf

1 and Vf
2, from the 

integrate-and-fire circuit.   

As shown in Figure 26a a speech signal of a “no” word triggers a negative and a positive Vi
1 

pulses which in turn triggers a Vf
1 pulse, a negative Vo

1 pulse, and a positive Vo
2 pulse. When 

the negative Vi
1 pulse encounters the negative Vo

1 pulse at the device connected with the 1st 

input electrode and the 1st output electrode, its conductance, w11, is increased; When the 

positive Vi
1 pulse encounters the positive Vo

2 pulse at the device connected with the 1st input 

electrode and the 2nd output electrode, its conductance, w12, is decreased.  
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In Figure 26b, an optical image of four unit cells on the chip with input electrodes connected 

to large contact pads for the input signals (labeled by Vi
1 and Vi

2), output electrodes and lines 

(labeled by Vo
1 and Vo

2, and  I1 and I2) and the reference electrodes (labeled by “Ref”).  The 

scale bar is 200 microns.  

 

a 

 

 

b 

 

 

 

 

 

Figure 26. (a) Unlabeled speech inputs are binned into two channels and converted to pulse 

waves with varying frequency related to their amplitudes within the binned range of acoustic 

frequencies. The pulse profiles for the input, Vi, feedback, Vo, and feedforward are shown for 

the duration of the second ‘yes’ and ‘no’ words at the beginning of the experiment, before 

learning to distinguish them several iterations later. The IF circuit, N, integrates the current, I, 

before sending the feedback and feedforward signals (b) Optical micrograph and labeled 
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The complete experiment over 130 seconds is shown in Figure 27 where Vi
1 and Vi

2 pulses with 

alternating 1.75 V and -1.75 V pulses, each with a duration of 10 µs on the first and second 

input electrodes.  Vo
1 and Vo

2 pulses occurred with an amplitude of 1.75 V or -1.75 V according 

to the learning rule which occur coincident with the alternating polarity of the input and a 

duration of 10 µs on the first and second output electrodes. Feedforward signals, Vf
1 and Vf

2 

pulses with an amplitude of 1.75 V and a duration of 10µs generated from the first and second 

IF, are shown in the unit of volt versus time.  The speech signals and pulses triggered by “yes” 

and “no” words are displayed in blue and red colors, respectively.  

a 

 

 

 

b 

 

 

c 

 

Figure 27. Pulse frequencies throughout the speech recognition experiment with the firing 

rates, r, of (a) ±1.75 𝑉 10 µ𝑠 -wide pulses (𝑉𝑖
1+, 𝑉𝑖

1−, 𝑉𝑖
2+, and 𝑉𝑖

2−) on the two input 
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electrodes, (b)  ±1.75 𝑉 10 µ𝑠 -wide back-propagating pulses (𝑉𝑜
1+, 𝑉𝑜

1−, 𝑉𝑜
2+, and 𝑉𝑜

2−) on 

the two output electrodes, and (c) feedforward pulses (𝑉𝑓
1 and 𝑉𝑓

2) are shown in color gradients 

versus time.  

The crossbar array processed �⃗� 𝑖 pulses and triggered currents by following 𝐼 = �̂� �⃗� 𝑖, which 

flowed into the integrate-and-fire IF circuits  to trigger  10 µs-wide ±1.75 𝑉 back-propagating 

pulses, �⃗� 𝑜, on the output electrodes, and forwarding-propagating 10 µs-wide 1.75 𝑉 pulses 

from the neuron, �⃗� 𝑓 .  Before learning (t < ~35 s), �⃗� 𝑓  pulses triggered by the “yes” and “no” 

words from the two “neurons” were not distinguishable. In the parallel learning process (t > 

~35 s), when a 1.75 𝑉  𝑉𝑓  pulse was output from the 𝑛𝑡ℎ neuron, a −1.75 𝑉 𝑉𝑜 pulse was 

triggered on the 𝑛𝑡ℎ output electrode, and a 1.75 𝑉 𝑉𝑜  pulse was triggered on the 𝑛′𝑡ℎ output 

electrode with 𝑛′ ≠ 𝑛, therefore �⃗� 𝑜 = − [ 
𝑉𝑓
1 − 𝑉𝑓

2

𝑉𝑓
2 − 𝑉𝑓

1 ]. When the �⃗� 𝑖 and  �⃗� 𝑜 waves encountered 

each other in the CNT channel the conductance matrix �̂� was modified by following �̇̂� =

𝛼 �⃗� 𝑜  ⨂  �⃗� 𝑖 ∝ [ 
𝑟𝑓
1 − 𝑟𝑓

2

𝑟𝑓
2 − 𝑟𝑓

1 ]⨂ 𝑟 𝑖 where 𝑟 𝑖(𝑡) denotes the firing rates of the �⃗� 𝑖 pulses,  𝑟𝑓
1 and 𝑟𝑓

2 

denote the firing rates of the 𝑉𝑓  pulses triggered from the “neurons” 1 and 2, respectively.   

The “yes” words triggered the Vf pulses with r̅f
2 > r̅f

1, therefore the IF 2 was the “winner” with 

δr̅f
2 ∝ (r̅f

2 − r̅f
1) > 0, and  r̅f

2 gradually increased and stabilized at r̂f,Yes
2 = 47 Hz; δr̅f

1 ∝ (r̅f
1 −

r̅f
2) < 0, and r̅f

1 gradually decreased to r̂f,Yes
1 = 0.  The “no” words triggered the Vf pulses with 

r̅f
1 > r̅f

2, therefore the IF 1 was the “winner” with δr̅f
1 > 0, and r̅f

1 gradually increased and 

stabilized at r̂f,No
1 = 92 Hz; δr̅f

2 < 0, and  r̅f
2 gradually decreased to r̂f,No

2 = 0. After the circuit 

processed about 15 different speech signals, the “yes” and “no” speech signals were stably 

mapped to two distinguishable orthogonal waves of output pulses with average firing rates 

r̂ f,yes = [ 
0
47
 ]  Hz and r̂ f,no = [ 

92 
0
 ]  Hz 
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The total numbers of the positive and negative V⃗⃗ i pulses triggered by each word were equal, 

i.e. ∫ V⃗⃗ i(t) dt = 0.  The V⃗⃗ i pulses triggered currents by following, I = ŵ V⃗⃗ i.  A current mirror 

reversed the sign of the currents.  After the reversal, only the positive currents, which had the 

same magnitude of original negative currents, passed through a diode to the IF circuits, and 

triggered a wave of back-propagating pulses, V⃗⃗ o(t), with an amplitude of 1.75 V or -1.75 V 

and a duration of 10 µs on the output electrodes and a wave of forward-propagating output 

pulses, V⃗⃗ f(t), with an amplitude of 1.75 V and a duration of 10 µs.  When an output pulse with 

an amplitude of 1.75 V was output from the nth neuron, a negative back-propagating pulse with 

an amplitude of −1.75 V was triggered on the nth output electrode, and a positive back-

propagating pulse with an amplitude of 1.75 V was triggered on the n′th output electrode with 

n′ ≠ n,  therefore,   

                     V⃗⃗ o = − [ 
Vf
1 − Vf

2

Vf
2 − Vf

1 ]                   (10) 

ẇ̂  = β [ 
rf
1 − rf

2

rf
2 − rf

1 ] ⨂ r i               (11) 

where r i(t) denotes the firing rates of the V⃗⃗ i pulses,  rf
1 and rf

2 denote firing rates of the Vf 

pulses triggered from the IF circuits 1 and 2, respectively.  When Vi = Vo > 0, α ≤ 0; when 

Vi = Vo < 0, α ≥ 0; when  Vo ∙ Vi ≤ 0,  α = 0, therefore following Eq. 4, ẇ̂ = α V⃗⃗ o ⨂ V⃗⃗ i =

−|α| V⃗⃗ o ⨂ |Vi|⃗⃗⃗⃗⃗⃗  .  By substituting V⃗⃗ o,  ẇ̂ =  |α| [ 
Vf
1 − Vf

2

Vf
2 − Vf

1 ]  ⨂ |Vi|
⃗⃗⃗⃗⃗⃗   = β [ 

rf
1 − rf

2

rf
2 − rf

1 ]⨂ r i with  

|Vi|⃗⃗⃗⃗⃗⃗  = Vi
atd r i, V⃗⃗ f = Vo

atd r f, β = |α| Vo
aVi

atd
2 ≥ 0, Vi

a denotes the magnitude of the V⃗⃗ i pulses 

with Vi
a = 1.75 V, Vo

a denotes the magnitude of the V⃗⃗ o pulses with Vo
a = 1.75 V, td denotes the 

duration of the pulses with td = 10 µs.  After the Crossbar array processed the “yes” and “no” 
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speech signals, ŵ was modified according to, δŵ  ≈ β T∑ [ 
rf,kY
1 − rf,kY

2

rf,kY
2 − rf,kY

1  ]  ⨂ r i,kYk +

β T∑ [ 
rf,k′N
1 − rf,k′N

2

rf,k′N
2 − rf,k′N

1  ] ⨂ r i,k′Nk′ , where r i,kY and r i,k′N denote the average firing rates of the V⃗⃗ i 

pulses triggered by the kth “yes” word and the k′th “no” word, respectively; r f,kY and  r f,k′N 

denote the average firing rates of the V⃗⃗ f pulses triggered by the kth “yes” word and the  k′th “no” 

word, respectively; and T denotes the duration of the speech signals.  The change of the ŵ 

matrix induced the change of I , which in turn induced the change of r f. The change of rf
n due 

to δwnm,  δrf
n =

∂rf
n

∂In
∂In

∂wnm
δwnm = ρnδwnmVi

m = Vi
atd ρ

nδwnmri
m, where Vi

m = Vi
atdri

m, 

and 
∂In

∂wnm
= Vi

m.  In the IF circuit,  rf
n increases monotonically as a nonlinear sigmoid function 

of In, rf
n =

rs

1+e−χ[I
n−I0]

 thus ρn =
∂rf
n

∂In
= χrf

n[1 −
rf
n

rs
n] ≥ 0.  δr f = Vi

atdρ̂ δŵ r i =

Vi
aτ β T ρ̂ (∑ [ 

rf,kY
1 − rf,kY

2

rf,kY
2 − rf,kY

1  ]  ⨂ r i,kYk +∑ [ 
rf,k′N
1 − rf,k′N

2

rf,k′N
2 − rf,k′N

1  ]⨂ r i,k′Nk′ ) r i =

Vi
atd β T  [∑ ρ̂ [ 

rf,kY
1 − rf,kY

2

rf,kY
2 − rf,kY

1  ] < r i,kY , r i >k +∑ ρ̂ [ 
rf,k′N
1 − rf,k′N

2

rf,k′N
2 − rf,k′N

1  ] < r i,k′N, r i >k′ ], where <

r i,kY , r i >  denotes the inner product between r i,kY and r i, < r i,k′N, r i > denotes the inner 

product betweenr i,k′N and r i vectors, and  ρ̂ = [ 

∂rf
1

∂I1
0

0
∂rf
2

∂I2

 ] = [
ρ1 0

0 ρ2
 ].  The statistical 

correlations between the signals triggered by the same words were significantly larger than the 

statistical correlations between signals triggered by the different words, therefore, when r i 

represented the “yes” word,  < r i,kY , r i >  ≫ < r i,k′N, r i >; when r i represented the “no” word,   

< r i,k′N, r i > ≫ < r i,kY , r i >,  therefore, δr f can be written as,   
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δr f =

{
 
 

 
 ∑ γi,kY [ 

ρ1(rf,kY
1 − rf,kY

2 )

 ρ2(rf,kY
2 − rf,kY

1 )
 ] k    when r i represents "yes"       

∑ γi,k′N [ 
ρ1(rf,k′N

1 − rf,k′N
2 )

 ρ2(rf,k′N
2 − rf,k′N

1 )
 ] k′      when r i represents "no"    

       (12) 

where γi,kY = Vi
atd β T < r i,kY , r i >  > 0, and γi,k′N = Vi

atd β T < r i,k′N , r i > > 0.   

 

3.3 Power Efficiency 

 

The average power consumption per single unit cell in the crossbar, Pc ≈ w̅ Vp2̅̅ ̅, where 

w̅ denotes the average conductance of the unit cell, and Vp denotes the potential across the 

input and output electrodes.  Vp2̅̅ ̅ ≈ (Vi
a)2di + (Vo

a)2do with Vi
a and Vo

a as the magnitudes of the 

V⃗⃗ i and V⃗⃗ o pulses, di and do as the average duty cycle of the V⃗⃗ i and V⃗⃗ o potentials.  di = tdr̅i and 

do = tdr̅o with rp and r̅o as the average firing-rates of the V⃗⃗ i and V⃗⃗ o pulses, respectively. In 

comparison with computers, the equivalent computing operations for a M× N Crossbar array 

to implement the signal processing algorithm ( I = ŵ V⃗⃗ i) are equal to 2MN (MN for 

multiplications and MN for accumulations), and the learning algorithm ( ẇ̂ = α V⃗⃗ o⨂ V⃗⃗ i) are 

equal to 3MN (2MN outer products between α, V⃗⃗ i, and V⃗⃗ o; MN for ŵ modifications). The speed 

for the circuit to implement 5MN parallel processing and learning operations,  

 

      vc = 5MNfc        (13) 

 

where the operation frequency fc = 1/td with td as the duration of the pulses.  To process and 

learn in parallel with fc = 50 KHz, the 2 × 2 crossbar array operates at a speed of 
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1 × 107  FLOPS, a projected scaling of the operation to include the entire fabricated 20 × 20 

crossbar circuit could operate at a speed of 1 × 109  FLOPS without altering the crossbar 

design, synapse structure or operation conditions. Reducing the pulse duration as well as 

increasing the array size could increase the operation speed substantially. 

When a single potential pulse is applied on its input or output electrode, the average energy 

consumption of single device is,  

 

Ep ≈ w̅Vp
2td                (14) 

 

where w̅ denotes the average conductance of the 9 devices composing a unit cell, and Vp 

denotes the magnitude of the potential pulse. Ep ≈ 9 fJ/pulse with the unit cell conductance 

w̅ ≈ 4 nS, td = 10 μs, and Vp = 1.75 V. When a pair of potential pulses with the same 

amplitude is applied on its input and output electrodes, the average energy consumption is 

approximately equal to the sum of the energy consumptions on resistive heating and capacitor 

charging in the array, w̅V̅R
2td + Cs̅̅̅V̅CδV̅C ≈

1

2
w̅Vp

2td, where V̅R denotes the average voltage 

across the resistor with V̅R ≈ 0.5Vp, Cs̅̅̅ denotes the average capacitance , V̅C denotes the average 

voltage across the capacitor with V̅C ≈ 0.5Vp, and δVc denotes the average change of the 

voltage on the capacitor with δV̅C = 0.5Vpw̅td/Cs̅̅̅. The power consumption in each cell of a 

M× N circuit, 

 

 Pc ≈
1

2
MNw̅Vp

2dp    (15) 

 

where dp denotes the average duty cycle of the paired and single pulses with dp = td(rpa +
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2rps) with rpa and rps as the average firing rates of paired and single pulses  w̅ ≈ 4 nS, Vp =

1.75 V, td = 10 µs, giving Pc ≈ 8.5 nW for the experiment performed with the 2 × 2 crossbar 

circuit reported in this work.  

The power efficiency of the crossbar array,   

 

    Fc =
vc

Pc
=

10fc

w̅Vp
2dp

    (16) 

The energy efficiency of the microscale devices operated for concurrent learning and signal 

processing in a crossbar circuit is approximately equal to 1.6 × 1014  FLOPS/W, which is 

unrelated to the dimensions of the integrated circuit, ignoring parasitics and the negligible IF 

power consumption. 

 

 

 

 

 

 

 

Figure 28. The power efficiency (FLOPS/W), computing speeds (FLOPS), and device count 

of the Summit supercomputer5, Nvidia GPU12, Google TPU13, FPGA14, UMass/HP memristor 

circuits (processing only, training and learning algorithm computation excluded)27,28, IBM 
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PCM circuit (training only, learning algorithm computation excluded)34, human brain6, 20 x 

20 crossbar circuit developed in this work (deep blue), and projected 1𝑘 × 1𝑘 circuit. 

During the learning demonstration the IF circuits also consumes power, although negligible for 

the small dimensions here could detract from the efficiency at large scales. Potential pulses 

induce currents through the CNT channels, which charge a capacitor and leak out from a 

resistor in an integrate-and-fire circuit. The power consumption for the transistors in the IF 

circuit to trigger output pulses and reset the capacitor is EprIF, where Ep denotes the energy 

consumption for the IF circuit to trigger pulses (~5 fJ), and r̅IF denotes the average firing rate 

of the pulses from the IF circuit for all words. The total power consumption of a M× N crossbar 

circuit,  PT ≈ 0.5MNw̅Vp
2dp + NEpr̅f thus results in a total energy efficiency of a M× N 

crossbar circuit,  

 FT =
vc

PT
=

5fc

w̅Vp
2dp+NEpr̅f

   (17) 

The power consumption from the IF circuit for the demonstration is <0.1 nW and ignorable. 

However, since increasing the dimensions of the array would require more IF circuits, their 

contribution to overall power consumption would increase relatively, with ~50 nW (~90% of 

the total power) when N = 1000. However, improvements to the IF circuit design, and scaling 

down the device dimensions/operation voltages, which are necessary for increasing the array 

size beyond M = N = 100, will increase the efficiency to operate larger arrays. 

 

3.5. Interferences in the Crossbar Array 

During the parallel signal processing and learning, each device connected with the mth 

input and nth output electrodes in the circuit experiences Vi
m and Vo

n potential pulses with the 
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following possible combinations: (i) When Vi
m = Va ≠ 0 and Vo

n = 0, a current Imn is triggered 

for signal processing, and ẇnm = 0 for learning. (ii) When Vi
m = Vo

n = 0, Imn = 0 for signal 

processing, and ẇnm = 0 for learning. (iii) When Vi
m = Vo

n = Va, I
mn = 0 for signal 

processing, and ẇnm = α Va
2 for learning. (iv) When Vi

m = 0 and Vo
n = Va, the integrate-and-

fire circuit is disconnected from the nth output electrode, and the current does not flow into the 

circuit during the Vo
n pulse, therefore Imn = 0 for learning, and ẇnm = 0 for signal processing, 

which occur simultaneously throughout the array. The various conditions are shown 

schematically in Figure 29. The circuit needs to satisfy the following conditions for the 

concurren,  parallel signal processing/learning:  (1) To avoid the phase shifts of the V⃗⃗ i and V⃗⃗ o 

pulse waves on the electrodes, M2ReCe, N
2ReCe ≪ td, where td denotes the pulse duration, Re 

denotes the resistance of the electrode per device, and Ce as the capacitance of the electrode.  

In the crossbar array reported in this work, Ce ≈ 10
−19  F, Re ≈ 0.27 Ω, td = 10 µs, and 

M,N ≪ 106. An M× N crossbar circuit processes an M-dimensional vector of potentials on 

the input electrodes, V⃗⃗ i, to induce a N-dimensional vector of output currents, I , by following 

I = ŵ V⃗⃗ i. In parallel, I  triggers a N-dimensional vector of potentials on the output electrodes, 

V⃗⃗ o, from integrate-and-fire IF circuits, and the conductance matrix, ŵ, is simultaneously 

modified by following correlative learning algorithm, ẇ̂ = α V⃗⃗ o⨂ V⃗⃗ i . 
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Figure 29.  An M × N crossbar array where Vi
m denotes the amplitude of a potential pulse on 

the mth input electrode, and Vo
n denotes the amplitude of a potential pulse on the nth output 

electrode.  Each device in the circuit experience Vi
m and Vo

n potential pulses with the following 

possible combinations: (i) Vi
m = Va and Vo

n′ = 0 (marked by green color), (ii) Vi
m′
= Vo

n′ = 0 

(marked by purple color), (iii) Vi
m = Vo

n = Va (marked by green color), (iv) Vi
m′
= 0 and Vo

n =

Va (marked by orange color) with Va ≠ 0. No potential pulses with opposite polarity are applied 

on the input and output electrodes simultaneously.    

 

No  Vi
m and Vo

n potential pulses with opposite polarity were applied on the input and 

output electrodes simultaneously. The interference of currents in the circuit and their limitation 

to the parallel signal processing and learning at a large scale circuit are analyzed. When all the 

N output electrodes are grounded, the current flowing from the mth input electrode with  Vi
m =



58 
 

Va  to the output electrodes induces the worst-case potential variation on the mth input electrode, 

ΔVMax
m ≈ ∑ nImnRe

N
n = N(N + 1)|Va|w̅Re/2 with Re as the resistance of the output electrode 

per device, and w̅ as their average conductance. Under potential pulses with Vi
m = 0 and Vo

n =

Va, a sneak current with a magnitude, Is
mn ≈ |Va|w

nm, flows from the nth output electrode to 

the mth input electrode.  When all the M input electrodes are grounded, the sneak currents 

flowing along the nth output electrode induce the worst-case potential variation on the nth output 

electrode, ΔVMax
n ≈ ∑ mIs

mnRe
M
m = M(M+ 1)|Va|w̅Re/2. The potential variations on the 

electrodes induce the changes of the potentials across the CNT channels and errors during the 

learning in the circuit, which increase with increasing M and N, the scale of the circuit.  The 

limit of the circuit scale is estimated such that fluctuations of electronic energy induced by the 

potential variations during the signal processing and learning should be less than the electronic 

thermal fluctuation energy, i.e.  eΔVMax
m , eΔVMax

n < kT𝑟 or  ΔVMax
m , ΔVMax

n < 26 mV, with e as 

the electronic charge, k as the Boltzmann constant, and Tr  as the room temperature.  In the 

crossbar array reported in this work, w̅ ≈ 4 nS |Va| = 1.75 V, and Re ≈ 0.27 Ω, thus M,N ≲

104.43  In a neurobiological network, a neuron is approximately interconnected with 103 other 

neurons (i.e. M,N ≈ 103).  Nonvolatile crossbar memory circuits based on memory transistors 

and memristors can be scaled up to M,N ≲ 103 due to the limitation of sneak currents and 

requirements of device nonlinearity.  The crossbar circuit demonstrated here could have a 

larger scale  due to the following reasons: (1) The conductance is modified for learning without 

a potential or a current between its input and output electrodes; transistors and memristors in 

the previous demonstrations are modified with a potential and/or a current across the devices. 

(2) During the parallel signal processing and learning, the potentials applied on its input and 

output electrodes have the same polarity, whereas the potential variations on the electrodes 

induced by signal processing currents and sneak currents may have opposite polarity and cancel 

each other. (3) The individual devices have average conductances (∼ 4 nS) much lower than 
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transistors and memristors (∼ 1 μS − 1 kS), which reduces the currents and potential 

fluctuations in the circuit.  The scale of a crossbar circuit could be increased further by 

decreasing the crosspoint device’s conductances and/or increasing the tolerance of statistical 

variations in integrate-and-fire circuits.  
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4. Conclusions 

Like the biological synapse, the artificial synapse developed in this work has 

incorporated the signal processing, learning, and memory functionalities into a single element. 

A high resistance CNT channel with Schottky contacts was used to minimize disturbances in 

setting the synaptic weights. The uniformity and pulse-mode characteristics were optimized 

during the fabrication process to produce a crossbar array of 400 addressable cells. The array 

was interfaced with an IF circuit for an unsupervised learning demonstration. The effects of 

sneak current paths on the learning in the device have been largely eliminated which are a 

major hindrance to the scalability of previously demonstrated crossbar circuits for in-situ 

computation. By reducing conductance of the device, errors within the circuit can be further 

reduced. Scaling down the dimensions would allow for a reduction in operating voltage which 

would reduce the power consumption. 

A speech recognition task was performed with a total power efficiency of 

~1.5 × 1014  FLOPS/W. Massively parallel real-time learning was demonstrated, with in-situ 

computation of the learning algorithm within each unit cell. The power efficiency of the circuit 

exceeds previous digital electronic circuits and learning demonstrations with non-volatile 

memory based on silicon transistors, memristors, and phase-change memory. The crossbar 

array dimensions can be scaled up without penalty in the power efficiency. To mitigate the 

power consumption of the IF circuit which scales proportionally to the array size, the CNT 

channel length, operation pulse widths and amplitudes could be reduced. 
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