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ABSTRACT 

FULLY HARDWARE ANALOG COMPUTING SYSTEMS USING ARRAYS 
OF MEMRISTOR DEVICES 

MAY2024 

FATEMEH KIANI 

B.Sc., UNIVERSITY OF TEHRAN

M.Sc., UNIVERSITY OF TEHRAN

Ph.D., UNIVERSITY OF MASSACHUSETTS AMHERST 

Directed by: Professor Qiangfei Xia 

A memristor device is an electrical component whose internal state depends on past 

current and/or voltage. It is highly sought-after for various applications due to its non-

volatile nature, retaining memory even without power. Integrating memristor devices into 

crossbar arrays offers significant improvements in throughput and power through in-

memory analog computing. 

The implementation of hardware-based perceptron using memristor arrays has gained 

substantial interest recently. However, previous demonstrations often relied on software or 

digital processors for critical functionalities like activation functions which led to frequent 

analog/digital conversions, extensive back-and-forth communication, and more complex 

hardware, compromising energy efficiency and computing parallelism. 
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In these implementations, memristor arrays are widely used in multiply-accumulating 

(MAC) operations while performing parallel vector-matrix-multiplication (VMM). 

However, achieving VMM operations requires unrolling two-dimensional (2D) inputs into 

one-dimensional (1D) vectors, requiring data preprocessing and additional computing 

resources and time. 

This thesis proposes a novel fully hardware-based activation function designed for 

implementation between different layers of a perceptron. This innovative approach enables 

the transmission of analog signals to the subsequent layer without unnecessary digital 

conversion, communication, or processing. Consequently, the system experiences 

improved power efficiency and throughput by eliminating power-intensive peripheral 

circuitry and minimizing unnecessary data movements.  

 Compact rectified linear units (ReLUs) and memristor arrays serve as the building 

blocks of a two-layer perceptron. Experimental results demonstrate a recognition accuracy 

of 93.63% for the Modified National Institute of Standard and Technology (MNIST) 

dataset, comparable to its software-based counterpart. Adopting a fully hardware-based 

neural network minimizes both data shuttling and conversion, significantly enhances 

computing throughput and power efficiency. 

Finally, an innovative three-dimensional (3D) memristor array architecture is proposed 

to perform matrix-matrix pointwise multiplication, directly multiplying 2D inputs with 

weight matrices without the need for data unrolling. This yields notable improvements in 

both energy efficiency and computing throughput. The proposed system finds applications 

in various domains, such as classification and edge detection in a single iteration. The 

proposed architecture achieves a recognition accuracy of 94.36% in classifying the MNIST 
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dataset using MATLAB and LTspice. Furthermore, the complete system is designed with 

printed circuit boards to validate its functionality as a proof-of-concept for feature 

extraction tasks. 
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CHAPTER 1 

INTRODUCTION 

Neural networks, complicated computational models inspired by the structure and 

function of human brain, find extensive applications in industry, business, and science, 

profoundly influencing various aspects of people's everyday lives [1-3]. These networks 

play a pivotal role in diverse applications, ranging from image and speech recognition to 

natural language processing and autonomous vehicles. Their growing utilization 

underscores the continuous demand for innovative approaches to enhance power efficiency 

and computing throughput [4-7].  

As the demand for more efficient computing solutions intensifies, researchers and 

engineers are exploring novel approaches to meet these needs. One promising avenue 

involves leveraging emerging memory technologies, with particular attention directed 

towards memristor devices. Memristors exhibit unique characteristics that enable them to 

perform both computing and data storage functions simultaneously [7-11]. This integration 

of functionalities presents a paradigm shift in computing architecture, offering the potential 

for significant performance enhancements. These devices have proven successful in 

hardware accelerators for machine learning [12-26]. When organized into crossbar arrays, 

a configuration where rows and columns intersect to form memory cells, researchers have 

demonstrated the capability to execute the VMM, a computationally intensive operation, 

in a single step, resulting in significantly higher computing throughput, irrespective of the 
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array size [27, 28]. This advancement holds the promise of revolutionizing the landscape 

of computing, paving the way for more efficient and powerful neural network 

implementations. 

The VMM is achieved through analog computing, leveraging physical laws such as 

Ohm’s law for multiplications and Kirchhoff’s current law for summations [16-18, 28], 

performed at the same site where the data are stored. This in-memory computing paradigm 

substantially reduces power consumption by eliminating the constant data shuttling 

required in traditional von Neumann architecture [24, 28-30]. While prior work 

successfully employed the analog multilevel resistance of memristor devices as synaptic 

weights in a neural network, most efforts still relied, at least partially, on software or digital 

processors to implement hidden neurons [16-18, 25]. Consequently, there remained 

frequent analog/digital (A/D) data conversion and back-and-forth data communication 

during computing, resulting in inefficient resource utilization.  

To fully unlock the potential of emerging accelerators, there is a critical need for a 

hardware-based neural network with efficient analog-based hardware hidden neurons [26, 

31]. Previous attempts towards this goal have been constrained by extremely small-scale 

arrays, substantial circuit area requirements for hardware hidden neurons, and low system 

speed [32-34]. Activation functions play a crucial role in hidden neurons, with various 

types being employed in neural networks [35-37]. Among these, ReLU stands out as the 

most desirable due to its numerous advantages, including easier optimization, faster 

convergence, greater computational efficiency, and high speed [38-44].  

ReLUs are characterized by a single parameter, their gain, making them easier to 

optimize. They exhibit rapid convergence, devoid of vanishing problems, ensuring that the 
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slope does not saturate as the input increases. With high computational efficiency, ReLUs 

contribute to faster training and testing of networks, given their straightforward operations, 

outputting zero for negative inputs and linearly proportional values for positive inputs. 

Notably, to the best of our knowledge, there has been no experimental implementation of 

ReLU on hardware using solely analog components. 

In previous demonstrations of accelerators, memristors were employed for parallel 

VMM [45-49]. However, in these systems, the inputs require conditioning, meaning they 

need to be converted into 1D vectors suitable for VMM with the weight matrices. 

Consequently, the use of additional computing resources, such as digital processing units, 

becomes unavoidable, leading to extra energy consumption and delays that hinder energy 

efficiency and real-time computation. To achieve higher parallelism and a denser 

architecture, previous research efforts have explored the design of 3D arrays to enable a 

greater amount of parallel computation [50, 51]. Nevertheless, these approaches still 

necessitate the unrolling of input data, introducing additional computing resources and time 

requirements. Notably, to our knowledge, there has been no implementation of 3D arrays 

that circumvent the need for unrolling inputs, thereby enabling direct processing of input 

data from sensor arrays. This advancement enables higher parallelism and improved 

performance in terms of energy efficiency and throughput. 

 

1.1 Fully Hardware Memristor-based Multilayer Neural Network 

In a recent development, we successfully designed and implemented a compact 

multichannel ReLU using off-the-shelf or discrete analog components. Additionally, we 

constructed a two-layer fully hardware-based perceptron featuring 64 ReLUs as hidden 
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neurons, connecting two 128×64 memristor crossbar arrays. Through this configuration, 

we achieved an impressive 93.63% recognition accuracy in classifying MNIST [52] images. 

Comparatively, our analog-based fully hardware implementation holds significant 

advantages over solutions employing partial software hidden neurons. The removal of 

unnecessary data conversion, back-and-forth communication, and the elimination of 

power-hungry and bulky peripheral circuitry contribute to superior performance in terms 

of power efficiency, reduced area requirements, and lower latency. 

Research Contribution: The design and development of ReLU contribute to a neural 

network architecture that is more power-efficient, exhibits high throughput, and is compact 

in nature. These attributes hold substantial benefits, particularly in the context of deep 

neural networks that demand hundreds of layers. The efficiency gains achieved through 

ReLU design are crucial in enhancing the overall performance of such complicated neural 

network structures.  

 

1.2 Matrix-matrix Pointwise Multiplication with Three-dimensional Memristor 

Arrays 

We introduced a novel 3D memristor array architecture capable of performing matrix-

matrix pointwise multiplication in a single cycle or one-shot operation. This architecture 

exhibits superior parallelism, more efficient power consumption, and enhanced computing 

throughput compared to state-of-the-art alternatives. Utilizing MATLAB and LTspice, we 

modeled the architecture and conducted benchmarking by implementing a CNN. Our 

evaluation included tasks such as image classification and feature extraction on the MNIST 

dataset.  
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Furthermore, we translated our proposed design into a practical implementation by 

experimentally realizing the full system on PCBs. This involved the use of off-the-shelf 

components like Digital to Analog Converters (DACs), operational amplifiers, digital 

potentiometers, Analog to Digital Converters (ADCs), and others. Multiple tests were 

conducted to demonstrate the proof-of-concept and validate the effectiveness of our 

innovative architecture.  

Finally, we conducted an assessment of resource utilization for the implementation of 

our proposed system in an integrated version. Specifically, we provided data on energy 

consumption projecting to the integrated version of our system within the 16 nm FinFet 

technology node. 

Research Contribution: The innovative 3D array architecture we propose offers 

higher parallelism and computing throughput, coupled with improved energy consumption. 

This is achieved by facilitating matrix-matrix pointwise multiplication in a single operation 

within the array, enhancing overall efficiency. 

 

1.3 Dissertation Outline 

In Chapter 2, we describe the details of our developed fully analog ReLU circuits, 

explaining their characteristics and their application as hidden neurons in constructing a 

perceptron for MNIST image recognition. 

Chapter 3 provides an in-depth exploration of our proposed 3D array architecture, 

including its modeling using MATLAB and LTspice. Additionally, we present the 
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outcomes of employing this architecture in implementing a CNN for MNIST image 

recognition.  

Moving on to Chapter 4, we provide a comprehensive account of the design and 

experimental implementation of the proposed 3D array architecture. Utilizing variable 

resistors, or potentiometers, to represent memristors, we devised peripheral circuitry to 

facilitate matrix-matrix pointwise multiplication. Notably, our design is adaptable to 

incorporate the use of our developed fully analog ReLUs, offering flexibility for handling 

more complex applications in the future. Additionally, this chapter offers valuable insights 

into the utilization of memristor devices and provides estimations for energy consumption 

of the envisioned system when implemented in the integrated circuit design version. 

In Chapter 5, we present a comprehensive summary of the topics explored in this 

dissertation and describe prospective avenues for future research. 

 

1.4 Research Publications to Date 

The research results presented in this dissertation proposal have been published 

in the venues listed below: 

1. F. Kiani, J. Yin, Z. Wang, J.J. Yang, and Q. Xia, "All hardware-based two-layer 

perceptron implemented in memristor crossbar arrays," In IEEE International 

Symposium on Circuits and Systems (ISCAS), pp. 1-5, May 2021. [53] 

2. F. Kiani, J. Yin, Z. Wang, J.J. Yang, and Q. Xia, "A fully hardware-based 

memristive multilayer neural network," Science advances, vol. 7, no. 48, pp. 

eabj4801, Nov. 2021. [48] 
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3. F. Kiani, and J. Yin, "A fully hardware-based memristive multilayer perceptron," 

The International Conference on Memristive Materials, Devices & Systems 

(MEMRISYS’22), Nov 2022. [126] 

4. F. Kiani, A. Jaberirad, Y. Huang, and Q. Xia, "Matrix-matrix pointwise 

multiplication with Three-dimensional Memristor Arrays," In Preparation. [54] 

 

1.5 Other Publications not Covered in this Dissertation 

The following publications are not covered in this dissertation. 

1. X. Zhang, Y. Zhuo, Q. Luo, Z. Wu, R. Midya, Z. Wang, W. Song, R. Wang, N.K. 

Upadhyay, Y. Fang, F. Kiani, M. Rao, Y. Yang, Q. Xia, Q. Liu, M. Liu, and J. J. 

Yang, "An artificial spiking afferent nerve based on Mott memristors for 

neurorobotics," Nature communications, vol. 11, no. 1, pp. 51, Jan. 2020. [127] 

2. M. Rao, W. Song, F. Kiani, S. Asapu, Y. Zhuo, R. Midya, N. Upadhyay, Q. Wu, 

M. Barnell, P. Lin, C. Li, Z. Wang, Q. Xia, and J. J. Yang, "Timing selector: Using 

transient switching dynamics to solve the sneak path issue of crossbar 

arrays," Small Science, vol. 2, no. 1, pp. 2100072, Oct. 2021. [128] 

3. F. Ye, F. Kiani, Y. Huang, and Q. Xia, "Diffusive memristors with uniform and 

tunable relaxation time for spike generation in event‐based pattern 

recognition," Advanced Materials, vol. 35, no. 37, pp. 2204778, Sep. 2023. [129] 

4. F. Ye, and F. Kiani, "Hierarchy of Event-Based Time-Surfaces Based on Diffusive 

Memristors with Uniform and Tunable Relaxation Time-A Preliminary Study," 

The International Conference on Memristive Materials, Devices & Systems 

(MEMRISYS’22), Nov. 2022. [130] 
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5. Y. Huang, F. Kiani, F. Ye, and Q. Xia, "From memristive devices to neuromorphic 

systems," Applied Physics Letters, vol. 122, no. 11, pp. 110501, Mar. 2023. [131] 

6. M. Rao, H. Tang, J. B. Wu, W. Song, M. Zhang, W. Yin, Y. Zhuo, F. Kiani, B. 

Chen, X. Jiang, H. Liu, H. Y. Chen, R. Midya, F. Ye, H. Jiang, Z. Wang, M. Wu, 

M. Hu, H. Wang, Q. Xia, N. Ge, J. Li, and J. J. Yang, "Thousands of conductance 

levels in memristors monolithically integrated on CMOS," Nature, vol. 615, no. 

7954, pp. 823-829, Mar. 2023. [132] 

7. F. Kiani, and Q. Xia, "Bipolar flash for bifunctional computing operations," Nature 

Nanotechnology, vol. 18, no. 5, pp. 444-445, May 2023. [133] 
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CHAPTER 2 

FULLY HARDWARE MEMRISTOR-BASED MULTILAYER NEURAL 

NETWORK 

 

In this chapter, we present a detailed explanation of the design and implementation of 

a two-layer perceptron, comprising two layers of fully connected neural networks. The 

synapses of these neural networks are represented using two memristor arrays, while our 

designed fully analog ReLUs are employed to depict the hidden neurons. This chapter 

elaborates on the memristors, the designed analog ReLUs, and their respective 

characteristics.  

Furthermore, the utilization of the MNIST images dataset is employed as a benchmark 

for assessing functionality. The training and inference methodologies are thoroughly 

explained, and the classification results are meticulously reported. Additionally, we 

explored nonidealities and investigated resource estimation, particularly focusing on the 

utilization of the 65 nm technology node. 

 

2.1 Design and Construction of the Hardware 

Our two-layer perceptron is constructed with two memristor crossbar arrays, 

representing the matrices of synaptic weights for each layer, and ReLUs serving as 
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activation functions in between, as illustrated in Figure 2.1A. The analog signal, generated 

by an in-house peripheral circuitry, is fed into the first crossbar array. The analog output, 

which is the weighted sum along the columns, is then directed to the hidden neurons, as 

depicted in Figure 2.1B. Subsequently, the signal after passing through the ReLUs becomes 

the input for the second crossbar array. 

To enable both positive and negative synaptic weights, we implement differential pairs, 

utilizing both the original and the inverted signals from the ReLUs, as shown in Figure 

2.1C. In this study, we employed two individual chips, each containing 128×64 memristor 

crossbar arrays in a one-transistor-one-resistance switch (1T1R) architecture [55-57], to 

execute VMM operations in the two layers. The fabrication of the chips involved the back-

end-of-the-line (BEOL) integration of tantalum oxide-based memristors in our university 

lab, with foundry-made transistor arrays. A detailed explanation of the fabrication process 

is provided in Section 2.6, and the electrical performance of individual cells and arrays, 

along with conductance tuning schemes, is illustrated in Figure 2.8.  

To connect the two 1T1R arrays, we employed a stack of PCBs hosting a total of 64 

ReLU channels and 64 inverters, constructed using off-the-shelf analog components, as 

demonstrated in Figures 2.1D-F. The layout of the PCBs is presented in Figure 2.9 and is 

elaborated upon in detail in Section 2.7. 
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Figure 2.1: Two-Layer Memristor-Based Perceptron with Hardware Neurons and 
Synapses. 

(A) Schematic representation of the perceptron, where the hidden layer computes the 
weighted sum of inputs (Vi) and applies activation functions to the result. (B) Block 
diagram illustrating the implemented perceptron. The weights (W1 and W2 as represented 
by arrows in A) are determined by the conductance of memristor devices in crossbar arrays. 

B A 

D 

C 

F E 
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Activation functions are applied using hidden neurons. (C) Circuit schematic of the 
perceptron, featuring 1T1R cells in crossbar arrays connected in series between the 
selection line (SL) and bit line (BL), with the transistor gate linked to the word line (WL). 
Hidden neurons (ReLUs) and inverters provide positive and negative inputs for the second 
layer. (D) Optical micrograph of the 1T1R array, serving as the left crossbar in C for the 
first layer. Scale bar: 1 mm. (E) A stack of four PCBs housing hardware neurons, each with 
16 channels of ReLU activation functions and 16 inverters supporting 16 differential pairs 
for the second layer. (F) Optical micrograph of the 1T1R array, used as the right crossbar 
in C for the second layer. Scale bar: 1 mm. 

 

Each ReLU channel comprises a half-wave current rectifier, a voltage follower, and an 

inverting amplifier, all constructed using operational amplifiers, as depicted in Figure 2.2A. 

The current rectifier generates a rectified output voltage directly from the input current, 

eliminating the need for an additional trans-impedance amplifier for current-to-voltage 

conversion, resulting in a more compact design. The voltage follower, serving as a unity 

gain buffer, isolates the first stage from the subsequent one and ensures stability for this 

stage, and its very high input resistance and very low output resistance prevent undesired 

impacts from the next stage that might interfere with normal operation [58].  

The inverting amplifier is responsible for providing a positive output voltage required 

for a ReLU activation function. Additionally, it scales down the output voltage to the range 

of 0 to 0.2 V to avoid altering the conductance of the memristors in the second layer during 

inference, as illustrated in Figure 2.2B. Figure 2.2C presents a representative output 

characteristic curve of the hardware ReLU. As anticipated, the output voltage is zero for 

negative input currents and linearly proportional to the current for positive inputs. We 

conducted 25 measurements of the output voltage for each input current, with the variation 

being less than 0.072% in each case on the positive side. The experimental data was 

processed, and the coefficient of determination (R-squared) [59-61] was calculated to be 

1.0, indicating excellent linearity on the positive side.  
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The relationship between the input current (Iin) and the output voltage (Vout) of the 

ReLU is defined by: 

𝑉𝑜𝑢𝑡 = {
𝑅1 × 𝑅3/𝑅2 × 𝐼𝑖𝑛    𝐼𝑖𝑛 ≥ 0
0                                  𝐼𝑖𝑛 < 0

                                                                                       (2.1) 

where R1 represents the feedback resistor of the current rectifier and R3/R2 denotes the 

scaling factor of the inverting amplifier. The product R1 × R3/R2 signifies the gain of the 

ReLU.  

The DC response illustrated in Figure 2.2C is achieved when the gain of ReLU is set to 

100, with a scaling factor of 0.1. The selection of gain is influenced by the range of current 

flowing through the columns of the crossbar. Opting for a lower gain expands the range of 

detectable current, albeit at the cost of reduced sensing resolution, as depicted in Figure 

2.10.  

The measured delay time of the ReLU is 35 ns, as shown in Figure 2.11 (refer to Section 

2.8 for detailed information). It is anticipated that this delay time could be further reduced 

with the adoption of more advanced manufacturing technology. In the current PCB 

implementation, the bottleneck is observed in the data communication between various 

modules in the perceptron and between the perceptron and off-chip peripheral circuits. This 

bottleneck could be significantly mitigated by integrating all the components on a single 

chip.  

Despite these considerations, our hardware ReLU exhibits stability for both positive 

and negative values of input current, distinguishing it from previous approaches [33, 34]. 

Moreover, the integration of current-to-voltage conversion and rectification in a single 



14 
 

stage contributes to a reduced number of components in the ReLUs, potentially leading to 

a decrease in circuit area and power consumption compared to prior art. 

Figure 2.2: Hardware ReLU Design and Performance. 

(A) Circuit design of the ReLU. Each unit/channel comprises three stages: a current 
rectifier, a voltage follower, and an inverting amplifier (labeled in the blue boxes). The first 
stage rectifies the input current, with the resistor (R1) on the feedback used for gain tuning, 
and diodes (D1, D2) for rectification. The voltage follower prevents loading by the next 
stage, and the third stage provides a positive voltage output, consistent with ReLU 
activation function, while also scaling down the output by adjusting resistors R2 and R3. 
(B) Schematic illustrating signal propagation from input to output. The input current (Iin) 
undergoes rectification in the first stage, is converted to voltage with a gain of -R1, and the 
output is duplicated and scaled in the last stage (Vout) by multiplying with -R3/R2 (-0.1 in 
this design). (C) DC characteristic of the hardware ReLU, demonstrating positive and 
linearly proportional output voltage for positive inputs, and near zero for negative inputs. 
The error bars, indicating minimal deviation from expected output values, were obtained 
from 25 measurements for each input. Linear regression shows excellent linearity on the 
positive side with an R-squared value of 1. 

 

A 
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15 
 

2.2 Training and Inference Methodology  

For the training and testing of the two-layer perceptron, we employed electrical pulses 

with varying amplitudes to represent the intensities of different pixels in an image. These 

pulses served as inputs to the first layer along the rows of the first 1T1R array. The training 

process was conducted in-situ and partially on software, utilizing in-house peripheral 

circuitry.  

During the training phase, software ReLU and SoftMax [62] activation functions were 

applied in the hidden and output layers, respectively. Cross-entropy SoftMax was 

employed as the loss function for backpropagating errors from the output to the input [63, 

64]. This choice facilitates faster convergence and lower error rates compared to the mean 

square error (MSE) function, particularly in classification applications [62, 65, 66].  

To determine the necessary weight updates, we utilized the root mean square 

propagation (RMSProp) optimizer due to its faster convergence compared to stochastic 

gradient descent (SGD) [52, 62, 67-73]. The updating of memristor device weights was 

achieved through a one-shot blind update method [74]. This method involved one reset and 

one set pulse on the memristor electrode, synchronized with another pulse on the gate of 

the transistor.  

In contrast, the inference process was exclusively executed in hardware. The input 

pulses were directed into the first memristor crossbar array. The computation results passed 

through the hardware ReLUs and then proceeded to the second crossbar array. The output 

current of the second layer was sensed and digitized to facilitate the classification of 

MNIST digits. 
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2.3 Classification of MNIST Digits 

To showcase its functionality, we employed the fully hardware-based two-layer 

perceptron, as depicted in Figure 2.12, to classify handwritten digits from the MNIST 

dataset, spanning zero through nine. The perceptron comprises 128 input neurons, 64 

hidden neurons, and 10 output neurons. The first 128×64 1T1R array serves as the first 

layer, while a 128 by 10 segment of the second 1T1R array functions as the second layer. 

During computation, two adjacent cells on different rows in the 1T1R arrays were utilized 

to represent one synaptic weigh.  

To accommodate the network dimensions, we cropped and downsampled the images 

in the MNIST dataset to 8 by 8 pixels. All 60,000 training images in the MNIST dataset 

were utilized for the training process, while the 10,000 test images were employed for 

inference. 

The training accuracy is influenced by various factors, including device non-ideality in 

the 1T1R crossbar arrays (refer to Section 2.9 for details), the number of hidden neurons, 

and the number of weight updates. To comprehensively understand the impact of these 

factors, we conducted both experimental and simulation training, utilizing a batch size of 

50 over 2 training epochs with a total of 2400 weight updates.  

In the simulation, we employed both a pure software model, assuming ideal devices, 

and a practical model that considered noise levels and conductance dynamic range. During 

experimental training, partial software ReLUs were adopted. The results indicated that an 

increase in the number of hidden neurons led to higher training accuracy, as illustrated in 

Figure 2.3A. For instance, by elevating the number of hidden neurons from 16 to 64, the 

training accuracy improved from 92.38% to 95.77% in the experimental case. This 
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improvement is attributed to the increased complexity and enhanced capability of the 

perceptron, compensating better for the non-idealities of devices in the network.  

Performing more weight updates also had a noticeable effect on the training accuracy, 

particularly in the early stages, as depicted in Figure 2.3B. However, as the weight updating 

progressed, the increase in training accuracy slowed down, and the difference between 

experimental and simulation training results narrowed. In essence, with more weight 

updating, the experimental accuracy reached nearly identical levels to that of pure software 

simulation, with less than a 1% difference.  

It is noteworthy that the achieved high training accuracy (95.77%), despite device-to-

device variations and existing imperfections in the arrays (refer to Section 2.9 and Figure 

2.8), can be attributed to the in-situ training scheme employed in this study. 

 

 

Figure 2.3: In-Situ Training of the Two-Layer Networks.  

(A) Increase in training accuracy with the number of hidden neurons. The network is 
trained on the MNIST dataset with a batch size of 50 and a total of 2400 weight updates. 
A comparison is made among three cases: pure software training, simulation using 
simulated arrays (hardware parameters extracted and used for modeling arrays), and 
experimental implementation with partial software ReLUs. (B) Rise in training accuracy 

B A 
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with the number of weights updated, accompanied by a narrowing difference in training 
accuracy among the three cases. During training, weights in each array were updated, and 
network accuracy was measured after each batch (50 images). 

 

Likewise, the inference accuracy exhibits significant improvement with a larger 

number of hidden neurons. To assess performance, we utilized 10,000 test images on both 

our fully hardware perceptron and a network with hidden neurons partially implemented 

in software. The detailed discussion and presentation of our fully hardware perceptron is 

available in Section 2.11 and Figure 2.13.  

The inference accuracy increased from 85.94% to 93.63% for our fully hardware 

perceptron as the number of hidden neurons was raised from 16 to 64, as depicted in Figure 

2.4A. Concurrently, the disparity between the inference accuracy of the perceptron with 

hardware and partial software neurons decreased from 1.27% to nearly zero. Examining 

the confusion matrix, as illustrated in Figure 2.4B, revealed that the most frequent 

misclassification occurred with the digit 2, primarily misclassified as digits 0 or 3, as shown 

in Figure 2.4C. It is noteworthy that digits with higher classification errors are often 
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challenging for human eyes to differentiate as well, possibly a consequence of the image 

downsampling done to accommodate the network dimension. 

 

Figure 2.4: Inference Results of the Two-Layer Hardware Perceptron. 

(A) Increase in inference accuracy with the number of hidden neurons. Accuracy is 
measured in different cases: pure software, simulated arrays in simulation, experimental 

implementation with partial software hidden neurons, and experimental implementation 

B A 

C 
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with all-hardware hidden neurons. Noticeable improvement in test accuracy is observed in 
the case of experimental implementation with all-hardware hidden neurons. (B) Confusion 
matrix depicting the inference accuracy using all-hardware hidden neurons. Digit 2 is most 
frequently misclassified. (C) Two images of digit 2 (left column) applied as input, and 
based on the output current, the corresponding probability of each digit (right column) is 
calculated using a SoftMax function. The digit with the highest probability represents the 
classification result. Both images are misclassified, the first one as digit 0 and the second 
one as digit 3, which are challenging even for human eyes to recognize. 

 

2.4 Examination of Nonidealities  

To assess the impact of device non-idealities and built ReLUs on the perceptron's 

functionality, we incorporated non-idealities into our models and evaluated their effects on 

classifying MNIST digits through simulation. The linearity of conductance tuning during 

gate voltage increments and decrements, as illustrated in Figure 2.8B, is a crucial factor in 

perceptron performance. Significant non-linearity can markedly degrade learning accuracy.  

To model the non-linearity of devices in our perceptron, we adopted an exponential 

relationship between the conductance of the devices and the gate voltage [75], as depicted 

in Figure 2.5A. These non-linear models were then employed during the programming 

phase of training in our perceptron. The results indicate that small non-linearities have a 

limited impact on learning accuracy, causing less than a 3% decrease. However, substantial 

non-linearities can significantly degrade accuracy, as shown in Figure 2.5B. 

 



21 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.5: Effect of Non-Linearities of Memristors. 

(A) Non-linearity models of memristors. The conductance of memristors during set and 
reset is modeled using exponential functions, where the conductance is tuned with respect 
to the exponent of the gate voltage instead of a linear tuning relationship. (B) Recognition 
accuracy with non-linear models. The two-layer perceptron was trained in simulation using 
various non-linearities for memristors, and the recognition accuracy after training was 
observed. Significant non-linearities can markedly degrade accuracy. 

 

Another non-ideality that can impact the perceptron's performance is the noise 

associated with our built ReLUs, originating from the thermal noise of resistors as well as 

B 

A 
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voltage and current noise of amplifiers, as illustrated in Figure 2.6A. The total noise at the 

output of each channel of the ReLU is calculated to be 61.05 µV (refer to Section 2.12). 

To assess the effect of noise, we conducted an experiment in simulation using our 

practically modeled perceptron by introducing different levels of noise to the output of 

ReLUs, observing the learning accuracy during inference. 

Figure 2.6B indicates that with the addition of 61.05 µV of noise at the output, accuracy 

remains constant. Furthermore, the results demonstrate that our perceptron exhibits high 

resilience to noise, as even with the introduction of substantial noise (20 mV, equivalent to 

10% of the output voltage), the accuracy drops by less than 5%. 

 

Figure 2.6: Noise of the ReLU and Its Effect on Perceptron Recognition Accuracy. 

B 

A 
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(A) Noise sources in the constructed ReLU. Resistors are associated with thermal noises 
modeled as voltage sources (e1-e3). Amplifiers are associated with voltage and current 
noises due to their internal circuits, modeled as (en1-en3) and (In1-In2). These noises 
combine at the output of the ReLU. (B) Effect of ReLU noise on perceptron recognition 
accuracy. Various total noises were added at the output of the ReLU in the perceptron in 
simulation, and the recognition accuracy was observed. The total noise of the built ReLU, 
equal to 61.05 µV, has no impact on accuracy. The built perceptron shows high resilience 
to noise at the output of the ReLU, with less than 5% accuracy degradation when adding 
noise of 10% of the output voltage for read voltages of 0.1V, 0.2V, or 0.4V, and around 
15% accuracy degradation when the read voltage is 0.05V. 

 

Two additional factors that can impact the perceptron's performance are mismatches 

and errors in ReLU gains. The gain of the ReLU is primarily determined by the feedback 

resistor R1, as illustrated in Figure 2.2A. In an integrated design, it is feasible to fabricate 

resistors with errors ranging from 10% to 30% compared to the nominal value [76], and 

less than 1.5% mismatch with an optimal layout configuration [76-78]. To evaluate the 

impact of errors, we introduced errors of up to 30% to the gain of ReLUs and examined 

the perceptron's performance, which exhibited no accuracy degradation compared to the 

ideal case with zero error.  

Additionally, we conducted Monte Carlo simulation [79], where resistor mismatch was 

modeled by introducing a normal distribution to the gain of ReLUs, and the effect of this 

mismatch was observed in the system results. The standard deviation of the mismatch was 

considered up to 3%, and the learning accuracy was measured 20 times for each standard 

deviation. The mean accuracy value changed by 0.1%, with a maximum variation of 0.7%. 

This indicates that our perceptron can tolerate a 3% mismatch in resistors and up to 30% 

error in resistors without experiencing significant degradation in performance. 
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2.5 Examination of Power, Area, and Latency 

To evaluate efficiency in terms of power, area, and throughput, we compare a 

perceptron with analog hidden neurons to an equivalent perceptron with digital-based 

hidden neurons that encode inputs using the amplitude of input pulses. The data flow for a 

perceptron with hidden neurons implemented using digital units involves analog-to-digital 

conversions and data communication between the hardware and those digital units for each 

layer (refer to Figure 2.7 and Table 2.1). The intensive use of power-hungry peripheral 

circuits such as ADCs/DACs and digital units contributes to increased power consumption 

and latency.  

On the other hand, when using analog-based hardware neurons, the analog signal is 

directly sent to the next layer of the perceptron through the ReLU boards. Consequently, 

there is no need for peripheral analog circuits and digital-based data communication 

between the layers, leading to a substantial improvement in power efficiency and 

computing throughput. It is worth mentioning that in our measurements using our 

implemented perceptron, the latency of the hidden layer using analog-based hardware 

ReLUs is 35 ns, as mentioned previously, compared to the much higher latency that could 

be resulted from the hidden layer using digital-based ReLUs. 
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Figure 2.7: Inference Schemes for Neural Networks with Hardware and Digital-
Based Neurons. 

(A) Block diagram of the case using all-hardware hidden neurons. Two memristor crossbar 
arrays on two chips are employed, each controlled by a separate set of MCUs and peripheral 
circuits. Arrows depict the forward path, with numbers indicating steps during inference. 
Hidden neurons (red arrows) are fully implemented in hardware using the designed hidden 
neuron PCB with multiple analog ReLUs. (B) Block diagram of the case using digital-
based hidden neurons. All steps are identical to the all-hardware neuron cases, except 
hidden neurons (red arrows) are implemented on a digital computing unit. The use of 
hardware neurons reduces unnecessary data communication, resulting in fewer power-
hungry circuit components, enhancing power and area efficiencies, and achieving higher 
throughput, as explained in Section 2.13.  

 

Table 2.1: Components used in an all-hardware hidden neuron and a digital-based hidden 
neuron. 

All-hardware neuron Digital-based neuron [18] 

B 

A 
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trans-impedance amplifier trans-impedance amplifier 

buffer buffer 

inverting amplifier sample and hold 

- ADC 

- DAC 

- Digital-based units 

- Digital computational unit (MCU or PC) 

 

To achieve optimal efficiency in terms of power and area, we conducted estimates for 

power consumption and area occupation of the designed analog-based hidden layer and its 

digital-based counterpart in the 65 nm CMOS technology node, considering state-of-the-

art DACs, ADCs, and amplifiers. The estimations reveal that utilizing all hardware hidden 

neurons will enhance power and area efficiencies by at least 32.8 times and 5.64 times, 

respectively. Detailed information on these estimations is provided in Section 2.13. It is 

important to note that previous efforts [80] aimed at reducing the power consumption of 

the hidden layer by proposing a new ADC. However, their proposed ADC is only 

applicable to a perceptron with inputs encoded using pulse-width, and its resolution is 

subject to a tradeoff with energy consumption. Additionally, the memristor devices were 

programmed either binary or 2-bit, and the hidden layer required a digital controller, 

introducing extra latency. 

 

2.6 Device Fabrication, Chip Integration, and their Electrical Performance 

The 1T1R cells and interconnections between cells were fabricated in a commercial 

foundry with 2 µm technology. The integration of memristor devices onto the CMOS 



27 
 

substrates was carried out at UMass [17]. The exposed metal vias on the CMOS substrates 

were cleaned using argon plasma to eliminate the native oxide. Subsequently, three 

different metal layers, approximately 7 nm Ag, 3 nm Ti, and 50 nm Pd, were deposited 

sequentially through DC sputtering under an 8.8×10-7 torr background vacuum. The layers 

were then lifted off in acetone with a sonication process lasting 10 seconds at room 

temperature, followed by annealing at 300 °C for 40 min in an N2 atmosphere. The bottom 

electrodes (20 nm Pt with a 2~2.5 nm Ti adhesion layer) were patterned and evaporated 

onto the metal pads, followed by lift-off in acetone. A 5 nm Ta2O5 blank layer was sputtered 

using 90 W RF power and 20 sccm Ar flow (background vacuum in the sputterer was better 

than 3.3×10-7 torr). The top electrodes (20 nm Ta and 20 nm Pt) were patterned using 

photolithography, deposited through DC sputtering, and lifted off in acetone at room 

temperature. 

 

 

Figure 2.8: Electrical Performance of an Individual Cell and an Array.  

B A 
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(A) DC voltage forming (orange) process and 10 DC voltage sweeping loops (blue) of one 
device in an array. The initial resistive state of the discrete memristor is high. To form a 
filament inside the switching layer, a DC voltage forming process was performed by 
sweeping a positive voltage across the memristor in the order of 0 → 2 V → 0 with a 
current compliance of 100 μA applied by Keysight B1500A. For the DC voltage sweeping 
loops, reset and set processes were performed 10 times. The reset process was done by 
negative voltage sweeping in the order of 0 → -1.5 V→ 0 without current compliance, 
while a set process was done by a positive voltage sweeping in the order of 0 → 1.5 V → 
0 with a current compliance of 500 μA. (B) The average conductance of the devices on the 
128×64 array during conductance tuning. To tune the conductance of the devices on the 
array, their corresponding gate voltage was gradually increased and then decreased for a 
total of 39 cycles. Conductance was read after each cycle. 

 

2.7 Layout Design of the Hardware ReLU 

The four hardware ReLU PCBs consist of 64 channels of ReLUs along with TIAs in 

parallel that convert positive input currents to positive output linearly with a specific gain 

and convert negative input currents to zero. Each PCB itself includes 16 channels as shown 

in Figure 2.9. The PCB itself is structured into four layers, with the first and fourth layers 
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serving as the signal layer, the second layer as the GND layer, and the third layer as a power 

layer for routing. The layout of the hardware ReLU is depicted in Figure 2.9. 

 

Figure 2.9: PCB of The Hardware ReLU Consisting of 16 Channels.  

Red and blue traces are routed on the first and fourth layers. The green plane represents the 
GND plane and is located as the second layer. The yellow traces and polygons are on the 
third layer. 

 

2.8 DC and AC Response of the Hardware ReLU and Delay Measurement 

The DC characteristics of the ReLU are influenced by its gain, as depicted in Figure 

2.10. Elevating the gain of the ReLU enhances sensing resolution; however, it results in a 

reduced range of current that can be sensed. 
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Figure 2.10: Effect of the ReLU Gain on its DC Characteristics. 

The gain was tuned to be (A) 100, (B) 1k, (C) 10k, and (D) 100k by changing the feedback 
resistor (R1) in the first stage of the ReLU. In all cases, the output voltage is zero when the 
input current is negative, while linearly proportional to the input current on the positive 
side (R2 = 1). A higher gain of the ReLU leads to a higher resolution in input current sensing 
but a smaller range of the current that can be sensed. 

 

To assess the AC characteristics of the ReLU, we connected a 1 kΩ resistor between a 

voltage source and the negative input of the amplifier within the initial ReLU stage. This 

arrangement provided input current to the ReLU. The combination of this resistor with 

parasitic and amplifier input capacitors formed an RC circuit, acting as a low-pass filter. 

B A 

D C 
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This configuration introduced distortion and delay, thereby constraining the frequency 

response of the ReLU, as illustrated in Figure 2.11. The integrated design approach, where 

all components are integrated into a single chip, offers a potential solution to mitigate or 

eliminate the observed delay and distortion. This stands in contrast to the PCB version 

employing discrete components, as demonstrated in this thesis. 
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Figure 2.11: AC Characteristics of the Hardware ReLU. 

The gain was set to be 100, and the AC characteristic of the ReLU was measured at (A) 
100KHz, (B) 1MHz, (C) 5MHz, and (D) 10MHz, respectively. The output voltage follows 
the input current better at lower frequencies. As the frequency increases, the output can 
still follow the input; however, the amplitude of the output decreases. (E) zoom-in plot for 
B, showing a noticeable delay. The delay becomes more visible at higher frequencies due 
to the finer resolution of the oscilloscope. The delay and amplitude distortion result from a 
low pass filter in the input circuitry. The delay does not prohibit the network from operating 
at a reasonable frequency (e.g., 1 MHz) and would be much reduced by building the ReLUs 
on an integrated chip. 

 

2.9 Non-idealities and Programming Yield of the Arrays 

After forming and programming, we evaluated the device conductance, categorizing a 

device as stuck-on if its conductance exceeded an upper threshold (1 mSiemens) or stuck-

off if the conductance fell below a lower limit (10 µSiemens). Both stuck-on and stuck-off 

devices were considered defects, whereas devices with conductance levels in between were 

classified as normal. The yield of the arrays was quantified as the ratio between the number 

of normal devices and the total number of devices in the array (8192 for a 128×64 array). 

In our experiments, the first array demonstrated a yield of 99.85%, while the yield for the 

second array was 88.97%. 

As depicted in Figure 2.1, we successfully deployed a two-layer fully hardware 

perceptron featuring 64 hidden neurons, utilizing both arrays. The entire devices in the first 

array (128×64 devices) were employed for the first layer, while only the 128×10 segment 

of the second array served for the second layer. Given the non-uniform distribution of 

defective devices in the second array, we strategically selected a portion with a lower 

number of defects (yielding 99.61%) to mitigate their potential adverse impact. 
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2.10  MNIST Digits Downsampling and their Mapping to the Perceptron Input 

The initial MNIST digits, originally sized at 28×28, undergo a preprocessing step 

involving image cropping to eliminate pixels without any useful information. This results 

in a reduction of image size to 20×20. To further optimize the images for our system, a 

downsampling process is employed, reducing them to 8×8 using interpolation, as 

illustrated in Figure 2.12A. Simultaneously, the intensity of the images is scaled down to 

a range of 0 to 0.2V, ensuring compatibility with the proper functioning of memristors. 

Figure 2.12B visually represents how the input image pixels are mapped to our perceptron 

for the classification task. It is noteworthy that our system utilizes both 

the original 

intensity value and the inverted intensity value of the pixels as inputs to implement 

differential pairs, enabling the incorporation of both positive and negative synaptic weights. 

 

A 

B 
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Figure 2.12: MNIST Digits Conditioning for the Perceptron. 

(A) MNIST digits are cropped and downsampled using interpolation from 28×28 to 8×8. 
Additionally, the intensity of the pixels is scaled down to the range of 0 to 0.2V. (B) Each 
pixel is mapped to one input of the perceptron for the classification task. 

 

2.11  Perceptron with Fully Analog ReLUs 

The perceptron architecture comprises three layers, with the input layer having a size 

of 128×64 and the output layer having a size of 128×10. The intermediate layer is a non-

linear layer, incorporating ReLU channels to introduce the necessary non-linearity for 

classification tasks. To implement the input and output layers, two sets of peripheral 

circuits and memristor arrays, fabricated on integrated chips, are utilized to perform VMMs. 
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A ReLU board is strategically positioned between these layers, tasked with sensing current 

flows through the first memristor array generated by the initial VMM. This board applies 

a non-linear activation function, along with current-to-voltage conversions. The resulting 

voltage outputs from the ReLU board are then directed to the second set of peripheral 

circuits for the subsequent VMM operation. 

 

Figure 2.13: Perceptron with Fully Analog ReLUs Implemented Experimentally.  

The memristor arrays are fabricated on integrated Chip 1 and Chip 2. Peripheral circuits 
are responsible for applying voltage inputs to the memristor arrays for VMMs and reading 
the current flowing through the memristors as the results of VMMs. The ReLU Board is 
placed between those two VMMs to apply nonlinear activation functions as required for 
the implementation of classification tasks and current-to-voltage conversions. 

 

2.12  Calculation of ReLU Output Referred Noise 

The overall noise at the output of the ReLU is influenced by multiple sources as 

depicted in Figure 2.6A. These include the thermal noise of resistors, characterized by a 

voltage spectral density in the range of e1
2 - e3

2, the voltage noise of amplifiers with a 

spectral density of en1
2 - en3

2, and the current noise of amplifiers with a spectral density of 

In1
2 - In2

2.  

In general, the voltage spectral density of thermal noise in a resistor is expressed as 

4KTR, where K represents the Boltzmann constant, T is the temperature, and R denotes 

the resistor value. The voltage and current noise of an amplifier are determined by the 

internal circuit of the amplifier and are extracted from the amplifier datasheet [81] as (4.3)2 

(nV/√Hz)2 and (0.1)2 (pA/√Hz)2, respectively.  
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The total noise at the output is computed as the sum of the products of the noise sources 

multiplied by their respective gains to the output. At 1 MHz bandwidth, it is calculated 

using 

𝐸𝑒1_𝑜𝑢𝑡
2 = (𝑒1 ×

𝑅3
𝑅2

⁄ )
2

=  (
𝑅3
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⁄ )
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0
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which leads to the total noise of  
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𝐸𝑡𝑜𝑡𝑎𝑙_𝑟𝑚𝑠                                                                                                                                                                

= √𝐸𝑒1_𝑜𝑢𝑡
2 + 𝐸𝑒2_𝑜𝑢𝑡

2 + 𝐸𝑒3_𝑜𝑢𝑡
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2 + 𝐸𝑒𝑛2_𝑜𝑢𝑡
2 + 𝐸𝑒𝑛3_𝑜𝑢𝑡

2 + 𝐸𝐼𝑛1_𝑜𝑢𝑡
2 + 𝐸𝐼𝑛2_𝑜𝑢𝑡

2

=  61.05 µ𝑉                                                                                                                                              (2.10) 

 

The calculated noise was incorporated into the output of ReLUs within the perceptron 

during simulation. The simulation results, as depicted in Figure 2.6B, reveal no noticeable 

degradation in accuracy despite the presence of this added noise. 

 

2.13  Estimation of the Power and Area Efficiencies 

As per Figure 2.7, the employment of hardware neurons in a multilayer perceptron 

eliminates the necessity for peripheral analog circuits, digital-based units, digital 

computational units (MCU or PC), and data communication between layers. Conversely, 

when utilizing digital-based neurons, the inclusion of digital-based units and digital 

computational units (MCU or PC) becomes essential between adjacent layers. Additionally, 

multiple peripheral circuits, including a trans-impedance amplifier, a buffer, a sample and 

hold, an ADC, and a DAC (as outlined in Table 2.1), are required. The integration of 

analog-based hardware neurons in the multilayer perceptron significantly reduces circuit 

complexity, resulting in improved power and area efficiencies. Equally noteworthy is the 

substantial reduction in data communication between digital and analog units, leading to 

enhanced overall efficiency and throughput.  

The power efficiency can be estimated based on the state-of-the-art components 

available at the 65 nm CMOS technology node. As outlined in Table 2.2, a cutting-edge 
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amplifier [82] consumes only 0.72 mW of power, an ADC [83] consumes 1.4 mW, and a 

DAC [84] consumes 68 mW. For the sake of a simplified comparison, the digital units, 

digital computational unit (MCU or PC), and S&H are disregarded in the digital-based 

design, focusing solely on the remaining components in the subsequent calculations.  

By using the analog-based hardware neurons instead of the digital-based ones, power 

consumption of the ReLUs is projected to improve by at least (2×0.72 mW + 1.4 mW + 68 

mW) / (3×0.72 mW) = 32.8 times.  

The area of the circuit components at the 65 nm node are detailed in Table 2.2, with a 

state-of-the-art amplifier occupying 0.014 mm2, an ADC covering 0.079 mm2, and a DAC 

spanning 0.13 mm2. Thus, it can be inferred that the adoption of analog-based hardware 

neurons, as opposed to digital-based ones, would lead to an improvement in area 

occupation by at least (2×0.014 mm2 + 0.079 mm2 + 0.13 mm2) / (3×0.014 mm2) = 5.64 

times.  

 

Table 2.2: Power consumption and area occupation of several state-of-the-art components 
in 65 nm CMOS technology node. 

Component Power Consumption (mW) Area Occupation (mm2) 

ADC [83] 1.4 0.079 

DAC [84] 68 0.13 

Amplifier [82] 0.72 0.014 

  

Given the inherent trade-off among power, speed, area, and resolution in integrated 

circuit design, several constraints were taken into account for their minimum speed and 

resolution. Specifically, a resolution exceeding 8 bits and a bandwidth (BW) surpassing 
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100 MS/s were considered for the ADC and DAC, a unity gain bandwidth (GBW) 

exceeding 40 MHz were considered for the amplifier.  

It is important to note that in the comparisons of power and area, the consideration was 

limited to the power and area occupied and consumed by the specified analog components 

of the digital-based neuron. This excluded the contributions of other analog components 

like Sample and Hold (S&H), as well as the power and area consumed by digital-based 

units and digital computational units (MCU or PC), for the sake of simplicity. The inclusion 

of these components would result in even more significant improvements in area and power 

efficiencies achieved by the analog-based hardware neurons compared to the digital 

counterparts. 

 

2.14  Discussion 

The fully hardware-based two-layer perceptron inherits the benefits of using memristor 

devices as synapses for in-memory computing. Additionally, the integration of hardware 

neurons enhances power and area efficiencies. To fully realize efficiency in terms of power, 

area, and throughput, there is a need for an integrated design of such an analog-based fully 

hardware perceptron, building upon the proof-of-concept demonstration presented in this 

dissertation.  

The integrated chip is anticipated to exhibit higher area efficiency and lower power 

consumption compared to board-level implementations. Furthermore, integrating all 

components onto a single chip reduces parasitic capacitance and resistance, resulting in 

substantially lower latency according to research [85]. Eliminating data communication 

and A/D conversions between layers of the perceptron contributes to a significant reduction 
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in latency and an improvement in computing throughput. This throughput enhancement is 

particularly noteworthy when considering the computing overhead caused by digital 

computational units. Therefore, the design and implementation of neurons, crossbar arrays, 

and peripheral circuits, all on hardware using specially designed analog components, are 

crucial to fully leverage the substantial benefits of memristor crossbars in perceptron 

implementation. Therefore, it is crucial to design and implement neurons, crossbar arrays, 

and the peripheral circuits, all on hardware using specifically designed analog components 

to enjoy the significant benefits of memristor crossbars to the most in the perceptron 

implementation.  

Our fully analog-based perceptron is well-suited for in-sensor computing [86, 87], 

which can further reduce power consumption by processing sensory data on-site. 

To achieve a high level of recognition accuracy within the perceptron, it is necessary 

to fabricate memristor crossbar arrays that exhibit both high yield and uniformity. This 

requires minimizing the presence of defective devices within the array. Additionally, a 

critical aspect involves incorporating a substantial number of hidden neurons, as an 

increase in their quantity correlates with enhanced accuracy. Furthermore, achieving 

exceptionally high recognition accuracy for larger input images necessitates the utilization 

of larger arrays, removing the need for downsampling the input images to fit the array size.  

It is noteworthy to acknowledge the inherent trade-off between the gain of ReLUs and 

their bandwidth. Furthermore, in the integrated design scenario where amplifiers are being 

designed with transistors, it is necessary to minimize the mismatch of transistors and the 

offset of amplifiers. Consequently, there is a need to meticulously design the ReLUs in 

alignment with the specified requirements.  
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2.15  Summary 

We successfully designed and implemented a 64-channel hardware ReLU activation 

function using off-the-shelf analog components. This was integrated into a two-layer fully 

hardware-based perceptron alongside memristor crossbar arrays. The perceptron 

demonstrated its capabilities by accurately classifying digits from the MNIST dataset, 

achieving a recognition accuracy of 93.63%. This performance is on par with a perceptron 

that incorporates neurons partially implemented in software.  

The fully hardware perceptron has advantages in power efficiency, area occupation, 

and computing throughput, which will be further enhanced with an implementation in 

integrated circuits. 
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CHAPTER 3 

MATRIX-MATRIX POINTWISE MULTIPLICATION WITH THREE-

DIMENSIONAL MEMRISTOR ARRAYS: MODELLING AND 

SIMULATION 

 

Within this chapter, a novel architectural design for a 3D memristor array is presented. 

Previous accelerator demonstrations utilized memristors for parallel VMM, requiring 

conditioning of inputs for conversion into 1D vectors suitable for computation which led 

to the necessity of additional computing resources like digital processing units, increasing 

energy consumption and causing delays. While researchers have explored 3D arrays to 

enhance parallel computation, they still require unrolling of input data, adding to resource 

and time demands. Notably, there has not been an implementation of 3D arrays bypassing 

input unrolling, enabling direct processing of sensor array data, promising improved 

parallelism, energy efficiency, and throughput.  

The proposed array architecture in this chapter demonstrates the capability to perform 

matrix-matrix pointwise multiplication in a single operation, directly multiplying 2D inputs 

with weight matrices without the necessity for data unrolling as seen in prior art [88]. This 

innovative approach leads to significant enhancements in both energy efficiency and 

computing throughput. The versatility of the proposed system extends to various domains, 

enabling applications such as classification and edge detection to be accomplished in a 

single iteration, thereby eliminating the requirement for multiple iterations. 
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 The proposed array architecture is simulated, and the outcomes are presented using a 

model where each memristor is emulated by a resistor in MATLAB. Circuit simulation is 

conducted using LTspice, with the execution of a netlist generated by MATLAB. 

Employing the modeled array for matrix-matrix pointwise multiplication in a single shot, 

a CNN is developed in MATLAB for the classification of the MNIST image dataset. The 

methodology is meticulously explained, and comprehensive details of the classification 

results are provided. 

 

3.1 Convolutional Neural Network Implementation Using Three-Dimensional 

Array 

We designed a 3D memristor array featuring multiple input (red) and output (blue) 

electrodes, as depicted in Figure 3.1A. The array comprises independent row banks, each 

hosting several staircases. Within each row bank, each staircase establishes connections 

between an output electrode and multiple input electrodes through a memristor (black) 

situated at the cross point, with memristors stacked across different layers. Consequently, 

memristors are locally interconnected, mitigating the concern of sneak path leakage 

currents, a significant issue in passive fully connected memristor arrays [89-91]. Sneak 

paths represent alternative routes for current parallel to the primary current path within 

memristor crossbar circuits. The bidirectional nature of memristors in crossbar arrays 

introduces the possibility of sneak paths, which, if present, can compromise the accuracy 

of output current, leading to incorrect operations in memristor arrays. 

Through programming the memristors to specific weights, Multiply-Accumulate 

(MAC) operations occur between the inputs and weights in the staircases. Subsequently, 
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the current resulting from these MAC operations, flowing through the output electrodes, is 

converted to output voltages using peripheral circuits. This design facilitates fully analog-

based matrix-matrix pointwise multiplication, where the 2D inputs connect to the input 

electrodes from the top without the need for data unrolling. The inputs are then multiplied 

into the weights, and the resulting output currents are collected from the output electrodes 

at the bottom. 

Our proposed architecture finds application in representing the convolutional layer of 

a CNN. To illustrate the mapping of 2D inputs, outputs, and weights onto the array, an 

example is presented in Figure 3.1B. In this example, the weight matrix takes the form of 

a kernel with dimensions 2×2, and the input is an image sized at 3×3. Assuming a stride of 

1 in this case, the convolutional operation output, with zero-padding, results in a 2×2 matrix. 

The yellow arrows visually depict how the top-leftmost portion of the input (a 2×2 matrix) 

is multiplied by the weight matrix. 
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Figure 3.1: Three-Dimensional Memristor Array Architecture for Matrix-Matrix 
Pointwise Multiplication. 

(A) Design of the three-dimensional memristor array. (B) Mapping of input, output, and 
weights to the array for matrix-matrix pointwise multiplication in a convolution. 

 

A 

B 
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To assess the functionality of the proposed array, we employed MATLAB to model it. 

Essentially, a circuit-based netlist is generated using MATLAB and subsequently utilized 

by LTspice for analog circuit simulation. The process begins with the creation of the netlist, 

which includes input voltage sources, 3D arrays, and TIAs. Subsequently, the weights of 

the array and the gain of the TIAs are incorporated into the netlist. The input voltage 

sources in the netlists are then assigned values based on the input voltage matrix. 

Following the netlist preparation, MATLAB initiates the LTspice simulation by 

executing a command. After allowing LTspice some time to complete the simulation, 

MATLAB reads the output file generated by LTspice. The output matrix, representing the 

matrix-matrix pointwise multiplication of the input and weights, is then extracted from the 

output file. 

Notably, for each pair of input and weight matrices, the entire multiplication process 

occurs within a single step. 

 

3.2 MNIST Digits Feature Extraction and Classification 

To benchmark our proposed design and mapping approach, we conducted a feature 

extraction and classification task by implementing a two-layer CNN. The CNN was tested 

using digits from the MNIST dataset (zero through nine). The block diagram of the CNN 

is illustrated in Figure 3.2. The inputs consist of 8×8 images, and the convolutional layer 

employs four kernels with a size of 3×3. A ReLU activation function is applied, along with 

a 2×2 average pooling layer in the hidden layers. The output layer comprises a 36×10 fully 

connected layer. To adapt the input images, we cropped and downsampled the MNIST 
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dataset images, resizing them from 28×28 pixels to 8×8 pixels [48], which were then fed 

into the network as inputs. 

 

Figure 3.2: Outputs from Each Layer of the Implemented Convolutional Neural 
Network. 

The initial input image, sized 8×8, undergoes convolution with 4 kernels of dimensions 
3×3. Considering a stride of 1, the convolution yields 4 images each sized 6×6. 
Subsequently, ReLU activation functions are applied to the convolutional outputs. 
Following this, an average pooling layer with dimensions 2×2 is employed, resulting in 
image resizing to 3×3. Ultimately, an FC layer is employed for image classification. The 
FC layer receives 36 inputs, equivalent to the unrolling of 4 images sized 3×3 and produces 
10 outputs corresponding to the classes 0 through 9. 

 

The input image is directly fed into the convolutional layer (the first layer), and the 

ultimate output is obtained from the fully connected layer (the last layer). In between these 

layers, a ReLU activation function and a pooling layer are applied to represent the hidden 

layers, and the output from each layer is illustrated. 

For the implementation of the convolutional layer in the network, our modeled 3D array 

is utilized. Considering the input size of the network and the mapping method, 48 input 

electrodes, 48 output electrodes, and 16 row banks are employed. To represent each weight 
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in the network, accounting for the possibility of weights being either negative or positive, 

the output electrodes of every two adjacent row banks are connected, and their input 

electrodes receive inverted inputs. Consequently, two memristors positioned at the same 

location in these row banks constitute a differential pair [16]. This setup facilitates the 

representation of both positive and negative weights within the network. The presence of 

twice as many row banks as the number of rows in the input images serves this purpose. 

In training the network, all 60000 training images from the MNIST dataset were 

utilized. The training process was conducted in batches with a batch size of 50 and extended 

over 10 epochs, totaling 12000 weight updates. The achieved accuracy during training after 

each weight update is depicted in Figure 3.3A. 

To compute training errors using a loss function, a SoftMax function was implemented. 

Additionally, to determine weight gradients during the weight updating process through an 

optimizer, RMSProp was employed. 

 

3.3 Inference Methodology of the Network for MNIST Digits Feature Extraction 

and Classification 

To evaluate the inference of the implemented network, two distinct schemes were 

employed. These schemes differ in terms of the type of convolutional layer they utilize. 

The first scheme utilizes our modeled 3D array, creating netlists, conducting circuit based 

LTspice analyses, and reading out results, as explained in Section 3.1. Meanwhile, the 

second scheme executes all computations within MATLAB using the deep learning 

toolbox.  
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In the initial phase, a feature extraction task was undertaken, and the outputs from both 

schemes were compared. Figure 3.3B illustrates the outputs of the convolutional layers for 

two different input images, digit 3 and digit 7. The outputs from the convolutional layers 

are identical, demonstrating that both schemes exhibit similar performance in feature 

extraction tasks. 

 

Figure 3.3: Training Results and Mid-layer Outputs Showing Feature Extraction. 

(A) Accuracy progression during training after each weight update. (B) Feature extraction 
task employing two schemes for two digits from the MNIST dataset as inputs.  

 

Subsequently, MNIST digits were employed for classification. The first scheme 

achieved an accuracy of 94.36%, while the second scheme achieved an accuracy of 96%. 

This indicates that our designed three-dimensional array and the proposed mapping method 

perform effectively without significant functionality degradation. They emerge as potential 

candidates for matrix-matrix pointwise multiplication in future experimental 

convolutional-based networks, offering improved energy efficiency and computing 

throughput without compromising functionality. 

A B 
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3.4 Sequence Processing 

Expanding the complexity of the proposed architecture through the addition of more 

layers offers the opportunity to demonstrate sequence processing capabilities for future 

integration. The fundamental distinction between a network designed solely for image 

classification and one designed for sequence classification lies in the incorporation of a 

recurrent layer in the latter. Recurrent layers possess the ability to extract features from 

temporal inputs, a functionality notably absent in networks focused solely on image 

classification. Two prominent approaches for implementing recurrent layers are long short-

term memory (LSTM) [92] and reservoir computing (RC) [93]. Notably, reservoir layers 

offer distinct advantages over LSTM layers as they operate without the need for explicit 

training. This characteristic allows reservoir layers to effectively compute intricate 

temporal data at a comparatively lower training cost. However, the LSTM-based networks 

typically outperform the RC counterparts due to their higher computational complexity. 
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To demonstrate the integration of the proposed architecture with a recurrent layer for 

sequence processing, we generated a dataset with 5958 sequences of 8×8 images for 

training and 1010 sequences for test using the digits 1, 2, and 3 from the MNIST dataset. 

Sequences of three frames were created, each comprising all three digits in various 

combinations. In this context, as depicted in Figure 3.4A, six distinct sequences are 

achievable. Employing the network illustrated in Figure 3.4B yielded an accuracy of 99.9% 

with LSTM and 93.56% with RC. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.4: Integration of Convolutional Layer with Recurrent Layer for Sequence 
Classification.  

(A) Dataset generation using MNIST digits. Six distinct classes represent various possible 
three-frame sequences of MNIST digits 1, 2, and 3, specifically created for sequence 
classification. (B) Network configuration featuring the integration of a convolutional layer 
with recurrent layer (LSTM and RC) for sequence processing.  

 

A B 
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In prior research, a variety of datasets have been employed for sequence classification, 

including moving MNIST [94-96], UCF sports clips [97-98], USF gait [92, 99-100], 

CASIA-B gait [100-102], and MNIST pen stroke [103] dataset. Selection of the appropriate 

dataset should consider its compatibility with hardware requirements. 

Our study incorporates the MNIST pen stroke sequences dataset, presenting an 

alternative application of our proposed concept through sequence classification. This 

dataset, a modification of the original MNIST dataset, converts handwritten digit images 

into pen stroke sequences that visually represent the skeletal structures of the digits, as 

illustrated in Figure 3.5A. The dataset comprises 60000 training data and 10000 test data. 

Due to the substantial time required for simulations, we opted to utilize only the first 10000 

training data and 2500 test data. Furthermore, we downsampled the images from the 

original size of 28×28 to 8×8, as illustrated in Figure 3.5B, to reduce simulation time and 

enhance feasibility for future experimental demonstrations.  

For classification, the network architecture depicted in Figure 3.5C is employed, with 

the convolutional layer implemented using our innovative 3D array concept. The recurrent 

layer incorporates LSTM, resulting in an accuracy of 94.1%, surpassing the 93.4% 

achieved with the RC recurrent layer. 
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Figure 3.5: MNIST Pen Stroke Dataset Conditioning and Classification. 

(A) Generation of the dataset involves thinning and preprocessing the original MNIST 
digits to extract their skeletal structures. (B) The original 28×28 images are downsized to 
8×8 for effective processing. (C) Illustration of the network architecture employed for the 
classification process.     

 

3.5 Summary 

In this chapter, we introduced a 3D memristor crossbar array design along with a 

proposed mapping method, facilitating matrix-matrix pointwise multiplication in a single 

cycle. This advancement enhances the energy efficiency and computing throughput of 

memristor-based in-memory computing paradigms. To validate the functionality of the 

design, the memristor arrays were modeled in MATLAB and executed with LTspice and 

A 

B 

C 
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MATLAB. This resulted in the successful implementation of a CNN, which was 

subsequently employed for MNIST feature extraction and classification tasks. The 

implemented network exhibited highly accurate feature extraction and achieved a 

recognition accuracy of 94.36%, matching the results obtained from a comparable CNN 

utilizing the deep learning toolbox of MATLAB. Furthermore, through the incorporation 

of recurrent layers, we successfully demonstrated the efficacy of the proposed system in 

the sequential classification task involving the pen stroke MNIST dataset, achieving a 

recognition accuracy of approximately 94%. 
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CHAPTER 4 

MATRIX-MATRIX POINTWISE MULTIPLICATION WITH THREE-

DIMENSIONAL PROGRAMMABLE RESISTOR ARRAYS 

EXPERIMENTAL IMPLEMENTATION 

 

In this chapter, we undertake the design, modeling, and experimental implementation 

of our proposed 3D array architecture. Memristors are modeled using variable resistors or 

potentiometers, and the construction of the 3D array serves as a tangible demonstration of 

matrix-matrix pointwise multiplication, validating the feasibility of our concept. The 

potentiometers of the system are programmable digitally via a Serial Peripheral Interface 

(SPI) to 1024 levels. They belong to the EEPROM type offering an endurance of 200 

thousand programming cycles and a data retention period of 50 years. The peripheral 

circuitry comprises multiplexers/demultiplexers and an ARM-core MCU responsible for 

programming the potentiometers. Additionally, DACs, TIAs, buffers, inverters, and ADCs 

are incorporated to assist in the multiplication process. The MCU plays a key role in 

communication with ADCs and DACs for input conditioning and output retrieval. 

Furthermore, our system is designed with flexibility, allowing for the incorporation of 

additional layers such as ReLU activation functions, recurrent layers like reservoir 

computing layers, and fully connected layers. This adaptability positions the system for 

future applications, including but not limited to image classification and sequence 

processing. 
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Moreover, we present insights into the deployment of the proposed hardware-centric 

system designed for matrix-matrix pointwise multiplication, wherein memristor devices 

are employed instead of resistors. Additionally, we offer preliminary assessments 

regarding energy consumption of the potential integrated system design utilizing the 16 nm 

FinFet technology node.  

 

4.1 Experimental Implementation of the Proposed 3D Analog Multiplier  

Memristor devices are renowned for their low energy consumption, high speed, and 

scalability. The utilization of a 3D memristor array offers a highly compact architecture 

capable of executing numerous operations concurrently in a notably efficient manner. 

However, the fabrication of such an array poses challenges and demands a considerable 

amount of time. Hence, in this thesis, we opt to model these memristors using digital 

potentiometers, essentially variable resistors controllable through digital units. This 

approach enables the programming of potentiometers to varying levels of resistance, 

resembling the capabilities of memristor devices. Subsequently, these programmable 

potentiometers are employed to construct the same architecture as previously proposed for 

the 3D memristor array.  

The block diagram presenting the flow of signals in our experimentally implemented 

system is shown in Figure 4.1. To program the resistance of each potentiometer within the 

resistive array, a series of multiplexers and demultiplexers are employed throughout the 

system. These components are controlled by an ARM-core MCU using SPI communication 

protocols and Input/Output (IO) pins as shown by orange arrows. Following the 

programming of potentiometers to the desired resistance levels, DAC channels are 
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programmed to convey voltage inputs to the array. The current outputs from the array 

undergo processing through TIAs, buffers, and inverters to be converted into voltage, 

preparing them for reading by ADC channels. Subsequently, the ADC channels receive 

and convert all signals into a digital format, which is then read by the MCU for subsequent 

processing. 

 

Figure 4.1: Signal Flow of The Experimentally Implemented System. 

The MCU sends the required signals through SPI protocol all the way to the potentiometers 
for programming as shown by orange arrows. The other signals (blue and black) are 
responsible for the matrix-matrix pointwise multiplication by providing the inputs and 
collecting the outputs. The system has the flexibility of adding more layers through 
connections to the block labeled as Extensions for more complex tasks. 

 

In addition, our system incorporates ReLUs, enabling the execution of activation 

function operations essential for classification tasks. Furthermore, by altering the 

connections of inverters and ADCs, supplementary boards can be linked via the designated 

block named Extensions. This allows the incorporation of more complicated layers such as 

reservoir computing and fully connected layers, thereby enhancing the adaptability of the 

system and enabling the execution of more complex tasks such as image classification and 

sequence processing. 
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The system is implemented using off-the-shelf components on PCBs, comprising three 

distinct types of boards. Firstly, there is the core 3D array board, responsible for 

implementing the staircase structure described in Section 3.1. Secondly, the rowbank board 

is designed to integrate 24 core 3D array boards together. Lastly, the motherboard is 

engineered to integrate 16 rowbank boards. The subsequent sections provide a 

comprehensive explanation of the design and functionality of each board. 

 

4.2 Design of the Core 3D Array Board 

The potentiometers are positioned at the crosspoints of staircases, with each 

potentiometer connected to its individual input. However, they collectively share a 

common output. Illustrated in Figure 4.2A is an example of one staircase, where the output 

(O1) is defined as: 

𝑂1 = 𝑀1 × 𝐼1 + 𝑀2 × 𝐼2 + 𝑀3 × 𝐼3 + 𝑀4 × 𝐼4 + 𝑀5 × 𝐼5                                         (4.1) 

where I1, I2, I3, I4, and I5 represent inputs and M1, M2, M3, M4, and M5 denote the 

conductance of the potentiometers. The board is depicted in Figure 4.2B which 

incorporates potentiometers, multiplexers/demultiplexers, and a right-angled header for 

connection to other boards. To facilitate independent programming of each potentiometer, 

the multiplexers/demultiplexers are strategically positioned on the board, as illustrated in 

Figure 4.2C. The board comprises four layers, with the top and bottom layers dedicated to 

routing signals and placing components. Meanwhile, the middle layers serve as a GND 

plane and a plane for routing power signals. The layout of the board, depicting signal 

routing, is presented in Figure 4.2D.    
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Figure 4.2: Core 3D Array Board. 

(A) The board exhibits a staircase structure with one potentiometer on each crosspoint. All 
potentiometers share a common electrode as the output, while their other electrodes 
function as inputs. (B) Staircase PCB featuring 4 multiplexer/demultiplexers and 3 
soldered potentiometers. The right-angled header facilitates connections to other boards. 
(C) Schematic representation of the core 3D array board, detailing the components. (D) 
PCB layout (48.6 mm × 39.9 mm) providing insight into the layers and signal routing of 
the board. 

 

To validate the linear programmability of the potentiometers through the digital SPI, 

various values are programmed onto a potentiometer, and the resulting resistance is 

measured. As depicted in Figure 4.3A, the R-squared value is one, indicating a complete 

match between the actual resistance values of the potentiometer and the expected values. 

A B 

C D 
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Additionally, through this testing process, we determined that the resistance of the 

potentiometer is programmable across a range from approximately 40 Ω to 51.6 KΩ. 

To assess the consistency of potentiometer resistance on a core 3D array board, 

considering potential impacts from signal routing on the board, all potentiometers are 

programmed to the same value at seven different steps, distributed randomly across the 

entire range from the lowest to the highest possible resistance. As illustrated in Figure 4.3B, 

the potentiometers exhibit uniform resistance.  

 

Figure 4.3: Linearity and Uniformity of Resistance of Potentiometers. 

(A) The linear programmability of the potentiometers through digital programming. The 
resistance range is all the way from approximately 40 Ω to 51.6 KΩ. (B) Uniformity of 
resistance of potentiometers along the core 3D array. 

 

4.3 Design of the Rowbank Board to Address the Potentiometers 

As explained in Section 3.1, the rowbank boards serve as the foundation for integrating 

staircases together on a perpendicular plane. Essentially, multiple staircases are connected 

on each rowbank. While these staircases share some of the inputs, each possesses its 

individual output, as depicted in Figure 4.4A. Consequently, different outputs can be 

achieved by programming the potentiometers to varying levels of conductance. In our 

A B 
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system, a total of 24 staircases can be connected on one rowbank through headers, as 

illustrated in Figure 4.4B. The schematic of the rowbank, along with the layout, is 

presented in Figure 4.4C and Figure 4.4D. The PCB is designed as a 4-layer board, with 

the top and bottom layers allocated for routing signals and placing components, while the 

middle layers function as the GND plane and accommodate power traces. 
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Figure 4.4: Rowbank board. 
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C 
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(A) The board features a staircase structure with 5 potentiometers on each staircase. All 
staircases share some of the inputs, and each has its individual output. (B) Rowbank PCB 
equipped with 24 headers for mounting 24 staircase boards. (C) Schematic representation 
of the rowbank board, including multiple multiplexers/demultiplexers and headers for 
connecting to the core 3D array boards and the motherboard. (D) PCB layout (235.4 mm 
× 159 mm) illustrating the layers and signal routing of the board. 

 

4.4 Design of the Motherboard to Provide Inputs and Read Outputs 

The motherboards serve the purpose of integrating all the rowbanks, resulting in the 

implementation of a 3D array. Two distinct motherboards have been designed, and each 

can accommodate a total of 8 rowbanks. The motherboard incorporates essential 

components such as ADCs, DACs, TIAs, buffers, inverters, and voltage regulators, as 

illustrated in Figure 4.5A. Additionally, an MCU is positioned on the bottom of the 

motherboard, facilitating the programming of potentiometers, DACs, ADCs, and handling 

further processing tasks. The layout of one of the motherboards is presented in Figure 4.5B, 

designed as a 6-layer board. The top (first), third, and bottom (sixth) layers are dedicated 

to routing signals, with two middle layers (second and fifth layers) serving as GND planes 

adjacent to the signal layers. The fourth layer is allocated for routing power traces, and 

components are strategically placed on either the top or bottom layers of the board. 
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Figure 4.5: Motherboard. 

(A) Motherboard PCB designed to accommodate the mounting of 8 rowbank boards. (B) 
PCB layout (438.3 mm × 403.4 mm) illustrating the layers and signal routing of the board. 

 

A 
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4.5 Matrix-Matrix Pointwise Multiplication Demonstration  

To demonstrate the functionality of the experimentally implemented system in 

performing matrix-matrix pointwise multiplication as a proof of concept, the focus is on a 

convolutional operation with a stride of 1. It is noteworthy that the system exhibits 

adaptability to also accommodate the stride of 2. A convolutional operation is composed 

of multiple matrix-matrix pointwise multiplications, and as illustrated in Figure 4.6A, the 

corresponding input pixels are multiplied by the kernel pixels and summed to calculate 

each output pixel value. Given power consumption constraints, inputs of 4×4 and kernels 

of 2×2 have been selected for the system. The DACs, situated on the motherboard and 

under the control of the MCU, are responsible for delivering inputs to the potentiometers 

located on the core 3D array boards. These potentiometers, in turn, utilize their conductance 

to implement the kernel weights. Weight programming entails the utilization of SPI, 

wherein the MCU placed on the motherboard transmits commands to adjust the registers 

of the potentiometers, effectively setting their conductance. As a result, the resistance of 

the wiper of the potentiometers adjusts in accordance with the received commands. The 

outputs are then read from TIAs, converting the current flow through all potentiometers to 

voltage in just a single step which highlights the superiority of our system compared to the 

prior art. 

To showcase the functionality of the system, two simple tasks have been implemented: 

in the first task, the input remains fixed while various kernels are applied, while in the 

second task, a fixed kernel is utilized while targeting an input with varying pixel values. 

Initially, an input and a kernel with fixed intensity for all pixels are applied. The outputs 

are then read for different kernels. Figure 4.6B demonstrates that the higher the intensity 

of the kernel pixels, the higher the intensity of the output pixels.  
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Additionally, an input with varying pixel values is convolved with a fixed kernel to 

further showcase the functionality. As depicted in Figure 4.6C, the higher the sum of the 

pixel values, the higher the output pixel value, aligning with expectations from 

convolutional operations. 

 

 

 

 

 

 

 

Figure 4.6: Experimental Results of Matrix-Matrix Pointwise Multiplication in 
Convolutional Operation. 

(A) The convolutional operation consists of multiple sub operations of matrix-matrix 
pointwise multiplication. Utilizing a 3×3 input, a 2×2 kernel, and a stride of 1 yields a 2×2 
output. On each step, one output pixel value is calculated which is the result of dot product 
of the kernel into 2×2 sub matrix of the input. Each step computes one output pixel value 

A 

B 

C 
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by performing a dot product of the kernel with a 2×2 sub-matrix of the input. Subsequently, 
a horizontal or vertical stride shift is applied to calculate the remaining output pixel values. 
(B) Experimental outcomes of the convolutional operation with various kernels applied to 
a fixed input. The potentiometers are programmed to the weight of kernels, and the inputs 
are applied by DACs. The outputs are read by TIA which converts current flowing through 
potentiometers to voltage by gain of 10K. As anticipated, for a constant input, higher kernel 
pixel values correspond to increased intensity in the output pixel values. (C) Experimental 
results of the convolutional operation with varied pixel values in the input applied to a fixed 
kernel. As anticipated, a higher summation of input pixel values within the corresponding 
sub-matrix leads to increased intensity in the resulting output pixel value. 

 

With adequate power delivery, the system is capable of accommodating inputs as large 

as 8×8 and kernels of 5×5, thus enabling the demonstration of more realistic applications 

such as edge detection and feature extraction. Furthermore, the integration of additional 

layers into the system, such as fully connected layers and recurrent layers, will enhance its 

capability to showcase more complex applications such as image classification and 

sequence processing. 

 

4.6 Memristors For Matrix-Matrix Pointwise Multiplication 

The experimental implemented system explained earlier in this chapter for matrix-

matrix pointwise multiplication is bulky and consumes high energy, primarily attributable 

to two key factors: the utilization of variable resistors and the incorporation of off-the-shelf 

components in the peripheral circuitry. Hence, it becomes imperative to investigate taking 

advantage of the benefits of memristor devices and the integrated design of peripheral 

circuitry. 

Given that memristors offer substantial advantages for in-memory computing 

paradigms, it is crucial to offer a comprehensive understanding of their integration into the 
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proposed matrix-matrix pointwise multiplication system and how this incorporation 

influences the performance. 

Memristor devices are widely acknowledged for their low energy consumption, 

elevated speed, and scalability. Memristors are advancing rapidly, with their size 

continually decreasing. The smallest reported memristor in the literature is as small as 2 

nm [104]. Furthermore, memristors exhibit remarkable power efficiency, capable of 

consuming as low as few µW [105]. The deployment of a 3D memristor array introduces 

a remarkably compact architecture that excels in executing multiple operations 

simultaneously with notable efficiency. 

The central component of the implemented matrix-matrix pointwise multiplication 

system is the resistive array designed for matrix implementation. Prior to the realization of 

the system detailed previously in this chapter, we conceived an innovative concept for a 

3D memristor architecture as the core element. However, due to the time-consuming nature 

of fabricating such an architecture, we opted to substitute it with variable resistors. The 

fundamental idea of rowbanks and staircases remains consistent, as depicted in the cartoon 

shown in Figure 3.1A. 

Memristor devices are strategically positioned at the crosspoints of input and output 

electrodes. Each staircase connects multiple memristors with multiple input electrodes and 

an output electrode. The rowbanks play a pivotal role in assembling the 3D architecture to 

achieve system density. They also establish connections between staircases, facilitating the 

realization of the desired functionality. Inputs are applied form the top to the input 

electrodes and read from the bottom through the output electrodes. 
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4.7 Resource Estimation on Integrated Design of The System for Matrix-Matrix 

Pointwise Multiplication 

The adoption of integrated design implementation results in a more compact and area-

efficient system, as well as minimal signal degradation and latency owing to the reduction 

in interconnects. Additionally, a system implemented through integrated design contributes 

to enhanced energy efficiency by optimizing the layout and minimizing parasitic elements. 

The shorter interconnections and optimized layout further lead to higher operational speeds. 

While the fabrication of integrated designs of our system may include increased complexity 

and necessitate advanced manufacturing processes, it is valuable to estimate energy 

consumption of such a design. 

To deploy a CNN with an 8×8 input, employing four 3×3 kernels with both positive 

and negative weights and a stride of 1 within the integrated version of our specially 

designed system in the 16 nm technology node, we assess the required resources. The 

estimation involves utilizing the power consumption values detailed in Table 4.1 for each 

component, with a frequency set at 2GHz.  

 

Table 4.1: Power consumption of several state-of-the-art components in 16 nm FinFet 
technology node. 

Component Power Consumption (mW) 

DAC_8bit [106] 50 

DAC_12bit [107] 330 

Amplifier [108] 0.54 

ADC_8bit [109] 61.3 

ADC_12bit [110] 300 

SoC [111] 2100 
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The total energy consumption is determined by applying the following equations, 

taking into account two scenarios: one with 8-bit bit precision for the VMM core, and 

another with 12-bit bit precision for the VMM core. 

 

𝐸𝐷𝐴𝐶_8𝑏𝑖𝑡 = (𝑃𝑜𝑤𝑒𝑟) × (
1

𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
) = (50𝑚𝑊) × (

1

2𝐺𝐻𝑧
) = 25 𝑝𝐽                      (4.2) 

𝐸𝐷𝐴𝐶_12𝑏𝑖𝑡 = (𝑃𝑜𝑤𝑒𝑟) × (
1

𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
) = (330𝑚𝑊) × (

1

2𝐺𝐻𝑧
) = 165 𝑝𝐽               (4.3) 

𝐸3𝐷𝐴𝑟𝑟𝑎𝑦
= (# 𝑜𝑓 𝑀𝐴𝐶𝑠) × (𝐶𝑜𝑛𝑑𝑢𝑐𝑡𝑎𝑛𝑐𝑒𝑎𝑣𝑒𝑟𝑎𝑔𝑒 ) × (𝑉𝑜𝑙𝑡𝑎𝑔𝑒𝑟𝑒𝑎𝑑)2 × (

1

𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
)

= (2 × 648) × (
1

10𝐾𝑜ℎ𝑚
) × (0.2𝑉)2 × (

1

2𝐺𝐻𝑧
)

= 2.592 𝑝𝐽                                                                                                                                    (4.4) 

𝐸𝑎𝑚𝑝𝑙𝑖𝑓𝑖𝑒𝑟 = (𝑃𝑜𝑤𝑒𝑟) × (
1

𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
) = (0.54𝑚𝑊) × (

1

2𝐺𝐻𝑧
) = 0.27 𝑝𝐽              (4.5) 

𝐸𝐴𝐷𝐶_8𝑏𝑖𝑡 = (𝑃𝑜𝑤𝑒𝑟) × (
1

𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
) = (61.3𝑚𝑊) × (

1

2𝐺𝐻𝑧
) = 30.65 𝑝𝐽             (4.6) 

𝐸𝐴𝐷𝐶_12𝑏𝑖𝑡 = (𝑃𝑜𝑤𝑒𝑟) × (
1

𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
) = (300𝑚𝑊) × (

1

2𝐺𝐻𝑧
) = 150 𝑝𝐽                (4.7) 

𝐸𝑆𝑜𝐶_𝑎𝑣𝑔 = (𝑃𝑜𝑤𝑒𝑟_𝑎𝑣𝑔) × (
1

𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
) = (2.1𝑊) × (

1

2𝐺𝐻𝑧
) = 1.05 𝑛𝐽             (4.8) 



71 
 

𝐸𝑡𝑜𝑡𝑎𝑙−1𝑐𝑜𝑟𝑒8𝑏𝑖𝑡

=  2 × 8 × 8 × 𝐸𝐷𝐴𝐶8𝑏𝑖𝑡
 +  𝐸3𝐷𝐴𝑟𝑟𝑎𝑦

 +  6 × 6 × 3 × 𝐸𝑎𝑚𝑝𝑙𝑖𝑓𝑖𝑒𝑟  +  6 × 6 × 𝐸𝐴𝐷𝐶8𝑏𝑖𝑡

+ 𝐸𝑆𝑜𝐶𝑎𝑣𝑔
= 5.385 𝑛𝐽                                                                                                               (4.9) 

𝐸𝑡𝑜𝑡𝑎𝑙−1𝑐𝑜𝑟𝑒_12𝑏𝑖𝑡

= 2 × 8 × 8 × 𝐸𝐷𝐴𝐶12𝑏𝑖𝑡
 +  𝐸3𝐷𝐴𝑟𝑟𝑎𝑦

 +  6 × 6 × 3 × 𝐸𝑎𝑚𝑝𝑙𝑖𝑓𝑖𝑒𝑟  +  6 × 6 × 𝐸𝐴𝐷𝐶12𝑏𝑖𝑡

+ 𝐸𝑆𝑜𝐶𝑎𝑣𝑔
= 26.551 𝑛𝐽                                                                                                           (4.10) 

 

Since the number of cores is equal to the number of kernels which is four, opting for 

an 8-bit bit precision configuration for the VMM core yields a total energy consumption 

of 18.39 nJ, while the 12-bit bit precision scenario results in a total energy consumption of 

107.26 nJ. Notably, the DACs which provide the inputs to the system contribute 

significantly to the overall energy consumption as shown in Figure 4.7. In future cases 

where inputs are directly fed into the 3D array, the need for the DACs is eliminated and 

also the contribution of the SoC diminishes. 
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Figure 4.7: Total Energy Consumption of the Integrated System Design. 

The DACs which feed the inputs to the system contribute to a substantial share of the 
overall system energy consumption. In future cases where inputs are directly fed into the 
3D array, the need for the DAC is eliminated, and the contribution of the SoC diminishes.  

 

4.8 Summary 

This chapter introduced a proof-of-concept that highlights a sophisticated system 

capable of executing matrix-matrix pointwise multiplications for convolutional operations 

in a single cycle. The discussion went deep into the details of the system's design and 

functionality, accompanied by the presentation of experimental results. The 

implementation employed printed circuit boards and off-the-shelf components, limiting the 

scalability due to constraints in area and power consumption. Kernels or weights were 

implemented using variable resistors. To enhance system density, future studies could 

explore the integration of memristor devices. Additionally, an integrated design of the 

system holds promise for further improving density and reducing power consumption.  
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CHAPTER 5 

FUTURE WORK AND CONCLUSION 

 

5.1 Summary of Contributions 

In this dissertation, we address the challenges associated with the implementation of 

entirely hardware-based in-memory computing systems. These challenges impede the 

systems from achieving full hardware-based functionality, resulting in additional resource 

utilization. 

In Chapter 2, we described our developed compact fully analog-based ReLUs which 

were employed as hidden neurons in a fully hardware-based perceptron designed for the 

classification of MNIST images. The utilization of our developed ReLUs in neural network 

demonstrations yields better performance in terms of power consumption, speed, and area 

efficiency. These performance enhancements hold substantial significance, particularly in 

the context of deep neural networks that demand numerous layers for effective operation.  

In Chapter 3, we introduced a 3D array architecture designed to execute a substantial 

number of MAC operations efficiently. This array has the capability to carry out matrix-

matrix pointwise multiplication of input voltages to the weight matrix within a single cycle. 

The adoption of this array leads to enhanced performance in terms of energy efficiency, 

throughput, and speed. To benchmark the proposed design, we employed LTspice to model 

memristors with resistors and integrated them with MATLAB to demonstrate the 
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functionality for three distinct tasks: feature extraction, image classification, and sequence 

classification.   

In Chapter 4, we delved into the practical implementation of our proposed 3D array 

architecture and provided a comprehensive overview of the methodology employed to 

realize it. Through the utilization of our implemented array architecture in conjunction with 

purpose-designed peripheral circuitry, we demonstrated the execution of matrix-matrix 

pointwise multiplication operations in convolution. Our findings revealed the ability to 

conduct all the necessary multiplications for convolution within a single cycle or step, 

marking a significant advancement in expediting the operations of analog computing-based 

systems and progressing towards the realization of fully analog computing systems in the 

future. Moreover, we investigated the feasibility of incorporating memristor devices into 

the array for upcoming demonstrations, and we estimated the resource utilizations and 

performance of the integrated circuit designs of our implemented system, employing the 

16 nm technology node.  

 

5.2 Applications and Future Directions Based on This Dissertation 

The evolution towards 3D in-memory computing systems promises a groundbreaking 

shift in system-on-chip design for the future. Such systems are poised to offer a range of 

key functionalities: 

Primarily, harnessing their extensive on-chip storage capacity, they effortlessly 

accommodate the weight requirements of large-scale neural networks. 
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Furthermore, by the physical implementation of intricate neural circuits, these systems 

enable efficient in-memory processing, allowing for the execution of complex 

computational tasks with exceptional efficiency. 

Additionally, through the integration of sensing and computing functionalities, they 

enable the seamless processing of high-volume data without incurring significant 

communication overheads. This integration optimizes data processing pipelines and 

elevates overall system performance. 

Despite the early potential demonstrated by 3D circuits in providing high density and 

design flexibility for in-memory computing, their practical realization presents a host of 

challenges spanning devices, circuits, processes, and beyond. Unlike conventional 2D 

circuits, 3D circuits involve the integration of multiple device layers fabricated through a 

series of manufacturing processes, necessitating meticulous design and optimization efforts 

to meet thermal budget constraints and enhance fabrication yield. Moreover, thermal 

dissipation emerges as a potential bottleneck for 3D circuits as different layers are stacked 

atop one another [50]. 

The proof-of-concept realization of our developed fully analog ReLU and the hardware 

system for matrix-matrix pointwise multiplication, executed in a single iteration, represents 

a pivotal milestone that lays the groundwork for future implementations of three-

dimensional dense, power-efficient, and high-throughput fully analog in-memory 

computing systems. Transitioning from variable resistors to memristor devices, coupled 

with integrated circuit design, is anticipated to yield substantial enhancements.  

Moving forward, one of the key future directions based on the work presented in this 

dissertation is the implementation of matrix-matrix pointwise multiplication using the 
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memristor-based version of the developed three-dimensional array to achieve superior 

performance. However, this endeavor will require complex fabrication techniques due to 

the necessity of numerous masks and etching processes for each layer. Additionally, 

developing efficient peripheral circuitry to program the memristor devices and devising 

novel approaches to mitigate sneak path current represent significant challenges.  

Another promising direction involves integrating sensor arrays with the three-

dimensional array to directly receive input data, eliminating the need for digital 

preprocessing. While this integration promises to enhance overall system delay and latency, 

it also introduces challenges such as noise and degradation that require careful 

consideration.  

Furthermore, the three-dimensional array, primarily designed for convolutional 

operations of neural networks, can be extended to integrate additional layers such as LSTM, 

reservoir computing, and fully connected layers to enable more advanced applications.  

The comprehensive system developed atop the proof-of-concept presented in this 

dissertation holds promise for a variety of applications, including edge detection, image 

classification, sequence processing, video processing, and beyond, showcasing the 

versatility and potential impact of this transformative technology.    

 

5.3 Applications and Future Directions on Analog In-Memory Computing Systems 

Fully analog in-memory computing systems hold significant appeal in both academic 

research and industrial applications due to their potential advantages. These systems find 
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utility in scenarios where energy efficiency, parallel processing, minimal data movements, 

high throughput, and scalability are paramount considerations [112]. 

Anticipated research trajectories are to enhance the energy efficiency of analog in-

memory computing systems. This requires the development of low-power analog devices, 

exploration of novel materials, and optimization of analog circuit design like development 

of novel three-dimensional integrated circuits to minimize energy consumption while 

preserving computational powers. 

Analog in-memory computing emerges as a potent tool for the effective deployment of 

various neural network models. The future landscape involves refining algorithms 

designed specifically for analog in-memory computing, including novel strategies for 

mapping neural network computations onto analog hardware and adapting training 

algorithms to leverage analog system features [113-116]. 

Moreover, advancements in non-volatile memory technologies, including resistive 

switching devices and memristors, play a pivotal role in the evolution of analog in-memory 

computing systems [117-118]. Subsequent efforts may focus on enhancing the reliability, 

speed, and scalability of these memory technologies for neural network applications. 

Additionally, analog in-memory computing proves well-suited for real-time and edge 

computing applications [119-120]. Future trajectories may include designing systems 

proficient in efficiently processing neural network computations at the edge, mitigating 

data transfer requirements, and enhancing application responsiveness. 

It is worth mentioning that while current emphasis predominantly centers on deep 

learning, future investigations may explore applications of analog in-memory computing 

beyond conventional neural network models. This encompasses potential applications in 



78 
 

optimization problems, cognitive computing [121], and diverse AI tasks. Analog 

computing also excels in signal processing tasks [122-125], including sensor data analysis, 

image processing, and audio signal processing. The continuous nature of analog signals 

enables the efficient handling of continuous data streams. 

Acknowledging the promising advantages, it is imperative to recognize that fully 

analog in-memory computing confronts several challenges, including precision issues, 

noise interference, and the necessity for specialized hardware. However, the dynamic 

nature of this field is actively addressing these obstacles through ongoing research 

endeavors, with the goal of fully unlocking the potential of analog computing across a 

spectrum of applications. 

To tackle precision issues, one strategy involves the development of memristors 

capable of exhibiting a high number of distinguishable conductance levels, coupled with 

the implementation of high-precision peripheral circuitry. This approach aims to enhance 

the accuracy and reliability of analog computations. 

Addressing noise interference represents another significant challenge. Engineering 

memristors to achieve higher levels of distinguished conductance can mitigate the impact 

of noise, thereby improving the signal-to-noise ratio and enhancing the overall 

performance of analog computing systems. Additionally, employing integrated design 

instead of discrete implementations and implementing proper layout techniques can 

contribute to noise reduction. Another critical aspect to consider is the sneak current path 

problem, where adjacent memristors' current contributes to the overall results, introducing 

unwanted noise. Various approaches have been proposed to overcome this challenge, 

including the integration of selectors such as transistors or diodes, alternative programming 
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schemes like the half biasing scheme or 1/3V biasing scheme, and locally connecting cells 

using architectures such as the staircase architecture like what we have utilized in this 

dissertation. However, there remains a need for continuous innovation to develop novel 

approaches and architectures that further minimize these noise-induced effects. 

Furthermore, overcoming the requirement for specialized hardware presents an 

opportunity for innovation. Flexibility in model architectures, such as the utilization of 

dynamic neural network layers like reservoir computing layers instead of traditional LSTM 

layers, offers a promising avenue. Additionally, the adoption of reconfigurable hardware 

platforms like Field-Programmable Gate Arrays (FPGAs) instead of conventional MCUs 

for post-processing tasks can provide greater adaptability and efficiency in analog 

computing environments. 

By addressing these challenges through innovative approaches and technological 

advancements, the field of analog in-memory computing is poised to realize its full 

potential and revolutionize various domains ranging from artificial intelligence to data 

processing and beyond.  
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