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Abstract

Rapid advances in machine learning have made information analysis more efficient than ever

before. However, to extract valuable information from trillion bytes of data for learning

and decision-making, general-purpose computing systems or cloud infrastructures are often

deployed to train a large-scale neural network, resulting in a colossal amount of resources in

use while themselves exposing other significant security issues. Among potential approaches,

the neuromorphic architecture, which is not only amenable to low-cost implementation, but

can also deployed with in-memory computing strategy, has been recognized as important

methods to accelerate machine intelligence applications. In this dissertation, theoretical and

practical properties of a hybrid neural computing architecture are introduced, which uti-

lizes a dynamic reservoir having the short-term memory to enable the historical learning

capability with the potential to classify non-separable functions. The hybrid neural com-

puting architecture integrates both spatial and temporal processing structures, sidestepping

the limitations introduced by the vanishing gradient. To be specific, this is made possi-

ble through four critical features: (i) a feature extractor built based upon the in-memory

computing strategy, (ii) a high-dimensional mapping with the Mackey-Glass neural acti-

vation, (iii) a delay-dynamic system with historical learning capability, and (iv) a unique

learning mechanism by only updating readout weights. To support the integration of neu-

romorphic architecture and deep learning strategies, the first generation of delay-feedback

reservoir network has been successfully fabricated in 2017, better yet, the spatial-temporal

hybrid neural network with an improved delay-feedback reservoir network has been success-

fully fabricated in 2020. To demonstrate the effectiveness and performance across diverse

machine intelligence applications, the introduced network structures are evaluated through

(i) time series prediction, (ii) image classification, (iii) speech recognition, (iv) modulation

symbol detection, (v) radio fingerprint identification, and (vi) clinical disease identification.
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General Audience Abstract

Deep learning strategies are the cutting-edge of artificial intelligence, in which the arti-

ficial neural networks are trained to extract key features or finding similarities from raw

sensory information. This is made possible through multiple processing layers with a colos-

sal amount of neurons, in a similar way to humans. Deep learning strategies run on von

Neumann computers are deployed worldwide. However, in today’s data-driven society, the

use of general-purpose computing systems and cloud infrastructures can no longer offer a

timely response while themselves exposing other significant security issues. Arose with the

introduction of neuromorphic architecture, application-specific integrated circuit chips have

paved the way for machine intelligence applications in recently years.

The major contributions in this dissertation include designing and fabricating a new class of

hybrid neural computing architecture and implementing various deep learning strategies to

diverse machine intelligence applications. The resulting hybrid neural computing architec-

ture offers an alternative solution to accelerate the neural computations required for sophis-

ticated machine intelligence applications with a simple system-level design, and therefore,

opening the door to low-power system-on-chip design for future intelligence computing, what

is more, providing prominent design solutions and performance improvements for internet of

things applications.
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Chapter 1

Introduction

1.1 Motivation

Emerging data processing capabilities are highly desired in our data-driven society. General-

purpose computers with the conventional von Neumann architecture have demonstrated

their exceptional performance when executing basic mathematical instructions. However,

the limitation of system buses between central processing unit (CPU), graphics processing

unit (GPU) and storage unit (e.g., 
ash memory) signi�cantly reduces the computational

e�ciency when dealing with highly sophisticated machine intelligence applications, such as

pattern recognition [1{4]. More importantly, the demand on computational resources and

energy has increased with the increasing demand for data density, especially in today's data-

intensive environment. Such required resources and energy have become the burden to the

world's energy consumption [5].

In our daily life, we are constantly impacted by sensory impressions, for instance, recognizing

familiar faces and hearing ongoing tra�c. All these external impulses instantly produce a

huge neural activity in our brain. To be speci�c, when recognizing familiar faces or sound

from a crowd, our brain not only analyzes each trait, but also classi�es and compares them

with the known ones. More importantly, our brain could recognize the scene from a fraction of

blurry images within a second, in which a classical computer takes minutes or even hours. It
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has been proved that our human brain is capable to constantly categorizing external impulses

in di�erent patterns for analyzing and learning with merely 20W of power consumption [6],

which is more e�cient than any supercomputers.

Emerged with the evolution of arti�cial intelligence (AI), deep learning strategies, taking ad-

vantages from human brains, provide systems the ability to automatically learn and optimize,

in a way that is su�cient by training a large-scale arti�cial neural network (ANN) with a

general-purpose learning algorithm. Throughout the development history of AI, deep learn-

ing strategies are optimized by utilizing high performance processors and big data [7{9].

Despite that the deep learning strategies have broken many performance records in ma-

chine intelligence applications, the general-purpose learning algorithm relied on the conven-

tional von Neumann architecture signi�cantly restricts the computational e�ciency [10{12],

more importantly, impeding such a powerful learning module to be deployed onto resource-

constrain or power-limited portable platforms.

Arose with the introduction of neuromorphic architecture [13], application-speci�c integrated

circuit (ASIC) chips have paved the way for deep learning strategies, accelerating the compu-

tational e�ciency while reducing the hardware overhead. For instance,TrueNorth, fabricated

by IBM in 28nm process, demonstrates 25; 000� power reduction over the one used by a

classical computer [14,15].Loihi , fabricated by Intel in 14nm process, demonstrates 1; 000�

speedup with 100� power reduction over CPU [16]. Moreover, a specialized ASIC-based

convolutional neural network (AlexNet), fabricated by Stanford University in 45nm process,

demonstrates 189� speedup with 24; 000� power reduction over CPU and 13� speedup

with 3; 400� power reduction over GPU [17]. Last but not least,Tianjic , fabricated by

Tsinghua University in 28nm process, demonstrates 100� throughput enhancement with

10; 000� power e�ciency acceleration over GPU [9,18].

In general, many learning algorithms used in deep learning strategies utilize some version of

gradient descent during the training operation, and yet, such approaches are complicated by

the vanishing gradient problem while themselves consuming a colossal amount of computa-

tional resources (e.g., the storage capacity and the memory bandwidth during the operation).

To this end, it is crucial to investigative a new class of neuromorphic architecture with a

computational-e�cient processing structure and learning algorithm.
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1.2 Research Contribution

During my Ph.D study, my research aims to bridge the neuromorphic architecture and deep

learning strategies by designing and fabricating a new class of hybrid neural computing

architecture. To be speci�c, I introduce a spatial-temporal hybrid neural network built

upon a delay-feedback reservoir network with a unique learning algorithm, reducing the

implementation complexity of deep learning strategies on ASIC chips, while exhibiting a

competitive accuracy across diverse machine intelligence applications. Major contributions

are summarized as follows:

1. Design and Fabrication of Delay-Feedback Reservoir Network

My goal in this project is to design a new class of nonlinear neural activation and

spiking neurons for the reservoir computing network (RCN) and to explore the appli-

cations of RCNs in time series prediction and facial recognition. The insight of my

approach is to adapt by simplifying the conventional RCNs through a single nonlinear

neural activation and a delay-feedback topology with a chain of spiking neurons. The

resulting delay-feedback reservoir (DFR) network has been successfully fabricated in

GlobalFrondries 130nm BiCMOS process.

2. Investigation of Neuromorphic Architecture with Memristive Synapses

In this project, my goal aims to design a convolution-immersed DFR (Ci-DFR) network

with emerging memristor devices as electronic synapses, enabling a new computing

solution for neuromorphic architecture with extremely high e�ciency. The resulting

Ci-DFR network has been successfully implemented on a printed circuit board with

discrete memristor devices.

3. Design and Fabrication of Spatial-Temporal Hybrid Neural Network

To support the integration of neuromorphic architecture and deep learning strate-

gies, my goal in this project is to build a new class of hybrid neural network (HNN)

by integrating both spatial and temporal information processing capabilities with the

unique nature from DFR network. My techniques involve integrating the multilayer

perceptron (MLP) and the DFR network to improve the network's learning capabil-

ity, utilizing the in-memory computing strategy to accelerate the neural computations,
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and adopting the unique learning mechanism to sidestep the vanishing gradient prob-

lem. The resulting spatial-temporal HNN (STHNN) has been successfully fabricated

in GlobalFrondries 180nm CMOS process.

4. Implementation of Spike-Timing-Dependent Plasticity

In the endeavor to accelerate the training e�ciency, my goal in this project is to adapt

the neural activity ( i.e., spikes) to carry out the training operation without the need

of data conversion. My approach is to design a new class of training circuits and

systems by utilizing the spike-time-dependent plasticity (STDP) topology with the use

of supervised learning framework. The resulting STDP training circuits and systems

are designed and optimized inGlobalFrondries 180nm CMOS process.

5. Deployment of Deep Learning Strategies on Internet of Things

My goal in this project is to explore the applications of deep learning strategies on inter-

net of things (IoT) applications, including communication and healthcare. More specif-

ically, my approach is to deploy various deep neural network (DNN) models for mod-

ulation symbol detection in 5G multiple-input multiple-output orthogonal frequency-

division multiplexing (MIMO-OFDM) systems, radio �ngerprint identi�cation in over-

the-air WiFi environments, and clinical disease identi�cation in healthcare.

The rest of this dissertation is organized as follows: Chapter 2 provides an overview of

neuromorphic architecture and deep learning strategies. Chapter 3 and Chapter 4 exhibit

the design solution for high-performance DFR network and neuromorphic architecture with

recon�gurable memristive synapses, respectively, followed by the design strategy of STHNN

with in-memory computing acceleration in Chapter 5. The implementation of deep learn-

ing strategies on IoT applications is discussed in Chapter 6, and the dissertation is then

concluded in Chapter 7.
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Chapter 2

Programming versus Deep Learning

Bene�ted by the Moor's Law, general-purpose computers built based upon the von Neumann

architecture have been deployed worldwide in past several decades [19]. The success in the

development was �rstly enabled by doubling the computational performance, followed by

the multi-core computing architecture [20]. However, the fact that separating the location

of processing units and memory storage signi�cantly restricts the computational e�ciency,

especially in today's data-driven society. This is where neuromorphic architecture comes

into help, in a way that is su�cient by training large-scale arti�cial neural networks (ANNs)

with a colossal amount of data, replicating the way that we humans learn.

2.1 Neuromorphic Architecture

With merely 20W of power consumption, our human brain is capable to process raw sen-

sory impulses to enable learning and analyzing activities. More importantly, our humans

along with other mammalian creatures are capable to adapt their behaviors according to

environment changes with a unique historical self-learning capability. These advantages are

attributed from the parallel operation in low frequency. Compared to conventional von

Neumann computers based on arithmetic operations, the unique signal processing natures in

mammalian brain are fundamentally di�erent, as summarized in Table 2.1. Such distinctions
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Table 2.1: Comparison of von Neumann computer to human brain.

Von Neumann Computer Human Brain

Processing Elements
central processing unit

(CPU)
soma

Computing Units
arithmetic logical unit

(ALU)
arti�cial neuron

Memory Storage random-access memory synapses

Signal Transmission system buses dendrites and axons

Transmission Scheme one-to-one many-to-many

Format of Signal binary spike

Learning Mechanism pre-programmed instructions self-learning

Level of Complexity low high

Operating Frequency high (within GHz range) low (within kHz range)

Power Consumption high (within kW range) low (� 20W)

of processing structure and working mechanism result in a performance di�erence between

von Naumann computers and human brain. As the development of von Naumann comput-

ers on machine intelligence applications is su�ered by the computational resources spent on

data transmission [21], it is essential to develop a novel computing architecture, in a way to

replicate the working mechanism of our human brain.

The concept of neuromorphic architecture was developed by Dr. Carver Mead in 1980s [13],

replicating the natural neuro-biological behaviors with very large-scale integration (VLSI)

technology and highly parallel computing architectures. This is made possible by rebuilding

three critical components: (i) neuron, (ii) synapse, and (iii) network structure.

General architectures of von Neumann computers and ANNs are depicted in Fig. 2.1. In

a classical von Neumann computer, raw sensory inputs are digitized and subsequently pro-

cessed by a set of pre-programmed instructions through arithmetic logical units (ALUs),

which are usually executed by a combination of logical blocks [22{24]. After a series of exe-

cutions, the computed digitized information is then converted back into analogue signals for
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(a)

(b)

Figure 2.1: General architectures of (a) von Neumann computers with pre-

programmed instructions and (b) arti�cial neural networks with self-learning

capability.
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Table 2.2: Overview of key features on contemporary neuromorphic chips.

SpiNNake

[25]

Neurogrid

[26]

TrueNorth

[14]

Loihi

[16]

Technology 130nm 180nm 28nm 14nm

# of Neurons 20,000 65,000 1 million 130,000

Design Strategy { analog digital digital

# of Synapses 20 million { 256 million 130 million

Silicon Area 102mm2 168mm2 430mm2 60mm2

Neuron Density 204 per mm2 390 per mm2 2,438 per mm2 2,184 per mm2

Synapse Density
0.2 million

per mm2
{

0.6 million

per mm2

2.1 million

per mm2

Power Density 0:012mW/mm2 18mW/mm2 0:15mW/mm2 {

visualization. ANNs, on the other hand, are capable to generate a general solution by learn-

ing a colossal amount of problems without any prede�ned instructions. More importantly,

analogue information can be processed without digitization. Machine learning algorithms

are what underlies ANNs, implementing a general-purpose learning algorithm that allow

ANNs to automatically learn and optimize.

The methodology behind ANNs is that a network is built upon layers of neurons with in-

terconnected electronic synapses. In general, raw sensory information propagates between

neurons while having an appropriate scaling with weights and a nonlinear transformation.

The �nal outcomes are in
uenced not only by the nonlinear transformation, but also by the

way that the electronic synapses are interconnected. In other words, the output can be ma-

nipulated by adapting the strength of electronic synapses. Such a manipulating mechanism

can be seen as the training operation, while the neural-like computing structure is generally

referred to the neuromorphic architecture.

Neuromorphic architecture, also referred to the cognitive computing systems in recent years,

exhibits a path of designing a high-performance and high-e�cient computing system, speci�-

cally targeted on accelerating computational e�ciency while reducing the hardware overhead
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for machine intelligence applications [9, 14, 16, 25{46]. An overview of key features on con-

temporary neuromorphic chips is summarized in Table 2.2.

2.2 Deep Neural Network

Deep learning strategies are the cutting edge of arti�cial intelligence (AI), in which ANNs

are trained to extract key features or �nding similarities from raw sensory information. This

is made possible through multiple processing layers with a colossal amount of neurons, that

is, deep neural networks (DNNs) are what underpins deep learning strategies.

The general structure of DNNs can be represented as a hierarchical organization of neurons

interconnected by electronic synapses. By concatenating layers of neurons in a processing

pipeline, a complex network is created to carry out neural computations and to learn with

some feedback mechanisms. To be speci�c, a neuron is activated and passes computed

information to others only if the incoming signal results in a value greater than certain

threshold, otherwise ignored. The incoming signal to a neuron is in
uenced by the computed

signals from its former layer and the associated synaptic weights. In a DNN, initial synaptic

weights are all random but during the training operation, these synaptic weights are updated

interactively, in a way that is su�cient by learning to predict a correct output.

Depending on network con�gurations, the structure of DNNs can be generally categorized

into two aspects,i.e., the feedforward neural networks (FNNs) and the recurrent neural net-

works (RNNs). The former aims to extract key features from static data (e.g., images) while

the latter aims to discover similarities from temporal information (e.g., speech). In recent

machine intelligence applications, DNNs can represent functions of increasing complexity by

deploying more hidden layers and associated neurons.

2.2.1 Feedforward Neural Network

In the FNN family, neurons are divided into separate sequence layers while signal can only

be propagated forward without internal loops. Each layer simply executes the operation of
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Figure 2.2: General processing structure of feedforward neural network.

hl =

8
<

:

f (x � Win + bin ); if l = 1;

f (hl � 1 � W l
h + bl

h); otherwise,
(2.1)

where f () is a nonlinear neural activation, x is a set of input vectors,l indicates the l-th

hidden layer, Win and Wh denote input weights and internal weights, respectively, andb is

bias vectors. The output state can be then calculated as

ŷ = g(hlast � Wout + bout ); (2.2)

whereg() is the softmax function to compute the probability distributions of a given input,

hlast is network states in the last hidden layer, andWout is output weights. The resulting

output only contains information of a single trajectory of input history, and thus, such a

computing structure is designed to process static data. Multilayer perceptron (MLP) and

convolutional neural networks (CNNs) are quintessential models in the FNN family. The

former is only made of dense layers, while the latter is made of convolutional layers, pooling

layers and dense layers. With the capability of capturing both spatial and temporal depen-

dencies, CNNs perform a better design solution for �ltering images, and thus, understanding

the sophistication of images better. Despite that CNNs have broken many performance
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records in pattern recognition [7, 47{57], the network's accuracy and the training time are

signi�cantly impacted by the number of convolution layers and kernels.

2.2.2 Spiking Neural Network

In the endeavor to integrate neuroscience and deep learning strategies, DNN models in recent

years aim to create a network that replicates the behavior of brain cortex. By incorporat-

ing with the discrete event-driven processing structure, spiking neural networks (SNNs), a

new class of FNN, propagates neural information through biologically-realistic signals (i.e.,

spikes), as demonstrated in Fig. 2.3. Essentially, SNNs take advantages of specialized net-

work topology, exhibiting favorable properties in neural circuits and systems [58, 59]. In

recent machine intelligence applications, SNNs have been proven to be a powerful network

model in the domain of pattern recognition [60{65]. However, SNNs are not di�erentiable,

where the gradient descent cannot be adapted for the training operation, otherwise losing

the precise temporal information within spikes. Such training properties signi�cantly limit

the performance of SNNs in real-world applications.

Figure 2.3: General operating principle of spiking neural network.

2.2.3 Recurrent Neural Network

By contrast, RNNs are built upon FNNs with recurrent connections added to the hidden

layer, as shown in Fig. 2.4. Each neuron within the hidden layer has a feedback loop to

create a dynamical memory, and thus, having a similar temporal dynamic as in SNNs [66].

With the recurrent nature, the state of network are in
uenced not only by the present input,
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but also by the context based on historical information stored in the network itself, which

can be expressed as

ht = f (x t � Win + ht � 1 � Wh + bh); (2.3)

wherex t is the input at present time, andht � 1 is the state of network at previous computing

cycle. The output state of RNNs at present time can be then calculated with the same

correlation as in FNNs, as depicted in Eq. 2.2.

Figure 2.4: General processing structure of recurrent neural network.

With the implementation of an interacting cell and several regulating gates built upon the

classical RNN model (known as vanilla RNN [67]), both long short-term memory (LSTM) [68]

and gated recurrent unit (GRU) [69] have the capability to determine how much of each in-

formation should be passed forward or removed. Such a learning mechanism enables both

LSTM and GRU to have a better control-ability and performance over vanilla RNN. Be-

yond that, the Hop�eld network demonstrates the capability to emulate the human memory,

o�ering the content-addressable (i.e., associative) memory natures during the training op-

eration [70]. Because of the sequential nature of recurrent connections, RNNs are widely

deployed in temporal-related applications, such as time series prediction, speech recognition,

and natural language processing [12, 71{78]. Nevertheless, the highly nonlinear nature of

RNNs has become a major factor that limits the computational e�ciency on the training

operation. What is more, the required computational resources lead to a signi�cant hardware

overhead, impeding such powerful computing modules to be deployed onto resource-constrain

or power-limited portable devices.
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2.2.4 Reservoir Computing Network

Reservoir computing networks (RCNs) are a recently introduced deep learning paradigm

that is built by simplifying the processing structure based on classical RNNs [79{85]. The

concept underlying RCNs is the mechanism that our human brain process information by

producing patterns of transient neuronal activity [86]. A general RCN consists of three

computing layers as in classical RNNs, in which the reservoir layer is built with a group

of sparsely-connected neurons, as depicted in Fig. 2.5. The state of reservoir dynamics

expresses a similar correlation as in classical RNNs, which can be written as

ht = f (x t � Win + ht � 1 � Wres + yt � 1 � Wfb ); (2.4)

where yt � 1 is the output state at previous computing cycle,Wres is specialized internal

weights, andWfb denote feedback weights from the output layer to the reservoir layer. The

output state of the network can be also calculated with the same correlation as in FNNs, as

depicted in Eq. 2.2.

Figure 2.5: General processing structure of reservoir computing network.

In classical RNNs, all weight matrices and bias vectors are needed to be trained. By contrast,

RCNs take the advantages from linear algorithms, in a way that is su�cient by only training

the linear readout weights. In order to properly compute the reservoir principle, internal
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weights in the reservoir layer are must initialized according to the echo state property (ESP)

[87], which can be expressed as

Wres :=
j� max (Wres)j

�
� Wres ; (2.5)

wherej� max (Wres)j is the absolute maximum eigenvalue ofWres 2 [� 1; 1], and � < 1 denote

the spectral radius. OnceWin and Wres are initialized, these weighted values remain �xed

for the entire simulation.

High-dimensional mapping and fading memory are two other critical properties for comput-

ing the reservoir principle. The former aims to nonlinearly project sequential inputs onto a

higher dimensional space to enhance the network's separability, while the latter adopts the

historical learning mechanism as in classical RNNs to improve the network's learning capa-

bility. High-dimensional mapping is the key operation in RCNs for separating random inputs

into di�erent categories. As illustrated in Fig. 2.6, two various objects cannot be linearly

separated in a low-dimensional space. By contrast, the network's separability optimizes ac-

cordingly as inputs are projected onto a higher dimensional space (e.g., from two-dimensional

to three-dimensional), and thus, separating two various objects with a linear hyperplane.

Figure 2.6: Illustration of high-dimensional mapping.

The echo state network (ESN) [79] and the liquid state machine (LSM) [80] are the two

well-known RCN paradigms. In general, the use of signal topology is the major attribute

that set these two models apart, where numeral numbers are adopted in ESN while spikes

are adopted in LSM. In recent machine intelligence applications, it has been found that the
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performance metrics of RCNs outperform classical RNNs by three-order of magnitude more

accurate in time series prediction [45, 82]. Better yet, RCNs have also proven their bene�t

in speech recognition [88{92], optical character recognition [93,94], grammar modeling [95],

noise modeling [96], and robotics [97{100].

2.3 Nonlinear Neural Activation

In DNN designs, the correlation between pre-neuron and post-neuron activities is generally

de�ned by a nonlinear activation function (NNA), mapping the resulting values within [0; 1],

[� 1; 1], etc. based upon applications.

2.3.1 Unit Step Function

In the past century, the unit step function, as shown in Fig. 2.7a, was �rstly introduced as

a NNA [101], which can be expressed as

f step(x) =

8
<

:

0; if x < 0:

1; otherwise:
(2.6)

The unit step function is widely adopted in SNNs, allowing spiking neurons to be activated

only if the incoming signal results in a value grater than a speci�c threshold. However, as

the unit step function is not di�erentiable and immutable, such a function cannot be applied

in classical FNNs and RNNs.

2.3.2 Recti�ed Linear Unit

The recti�ed linear unit (ReLU) [102] is the most commonly used NNA in recent machine

intelligence applications, more speci�cally, in FNNs. The ReLU function, as depicted in Fig.

2.7b, ranges within [0; 1 ], which can be written as
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f ReLU (x) = max(0; x): (2.7)

The ReLU function is monotonic and di�erentiable, where its derivative can be denoted

using a unit step function as presented in Eq. 2.6. In practice, the fact that forcing all

negative values to zero signi�cantly reduces the network's learning capability, known as

the dying ReLU problem [103]. To be speci�c, synaptic weights will not be updated and

corresponding neurons will stop responding to variations in gradient errors, because the

gradient goes towards zero during the training operation.

(a) (b)

(c) (d)

Figure 2.7: Common nonlinear activation functions and their derivative on (a)

unit step, (b) recti�ed linear unit, (c) sigmoid, and (D) hyperbolic tangent.
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2.3.3 Sigmoid and Hyperbolic Tangent

By contrast, sigmoid and hyperbolic tangent (tanh) are the most commonly used NNAs in

RNNs, as demonstrated in Fig. 2.7c and 2.7d, respectively, in which tanh is antisymmetric

with respect to the origin. The mathematical representation of sigmoid function and its

derivative can be expressed as

f sigmoid (x) =
1

1 + e� x
; (2.8)

f 0
sigmoid (x) = f sigmoid (x)(1 � f sigmoid (x)) ; (2.9)

while the mathematical representation of tanh function and its derivative can be denoted as

f tanh (x) =
ex � e� x

ex + e� x
: (2.10)

f 0
tanh (x) = 1 � f tanh (x)2 (2.11)

It has been proven that the tanh function converges faster than the sigmoid function [104].

However, both sigmoid and tanh functions are su�ered from the vanishing gradient problem

[105]. Such a property indicates that the gradient towards either end of these functions tends

to respond very less to change, and therefore, slowing down the learning operation or even

refusing the network to learn.

2.4 Training Algorithm

DNNs simply carry out the neural computations based on their network structure, in which

the resulting outputs would be a classi�cation or a prediction. Based upon the resulting

outputs, some feedback mechanisms can be applied to enable the learning operation, allowing
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the network to improve so as to classify or predict better. Such a learning operation is

adapted by updating synaptic weights between neurons and hidden layers, in a way to

minimize the cost function, which can be generally de�ned as

C = cost(y; ŷ) (2.12)

where ŷ denotes the predicted output from network, andy denotes the expected outcome.

Several cost functions can be adapted during the learning operation, such as the empirical

loss, the mean square error, the cross-entropy loss, etc.

Figure 2.8: Applying gradient decent training algorithm to minimize the loss.

The backpropagation algorithm, as depicted in Fig. 2.8, aims to minimize the cost function

by optimizing synaptic weights and bias vectors with some version of gradient descent with

respect to a learning rate of� , which can be generally written as

W := W � �
@C
@W

; (2.13)

b := b� �
@C
@b

: (2.14)
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In general, the bigger the gradient, the bigger the adjustment to synaptic weights and bias

victors, or vice versa. In practice, such a method would be su�ered by the vanishing gradient

problem [106]. To be speci�c, as the gradient of cost function propagates recursively back-

ward, the resulting gradient will gradually shrink. More importantly, as the network gets

deeper, the gradient presented in the earlier layers will be plainly small or even non-existent,

and thus, slowing down the learning operation or even refusing the network to learn. Nev-

ertheless, the backpropagation algorithm is still the most powerful and successful training

algorithm for DNNs.
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Chapter 3

High-Performance Delay-Feedback

Reservoir Network

3.1 Introduction

Deep neural networks (DNNs) have matured to provide intelligence systems that replicate

the neural-biological processes of our human brain, demonstrating remarkable success across

diverse machine intelligence applications. A pristine DNN with a colossal amount of neurons

is not capable to generate a general solution until its synaptic weights are properly trained

by tremendous amount of data. That is, the capability of DNNs deployed for real-world

applications is associated not only with the network structure, but also with the data vol-

ume [107{109]. It can be observed from Fig. 3.1 that the data volume used for big data

analytic has explosively increased over the past decade [110], potentially improving the ca-

pabilities of DNNs. Nevertheless, the demand on computational resources and energy has

signi�cantly increased with the increasing demand for data volume. To this end, it is essential

to investigate a new class of neuromorphic architecture with a simple processing structure,

high reliability and low power consumption.

Reservoir computing networks (RCNs), an emerging machine learning paradigm, are built

based upon the classical recurrent neural networks (RNNS), in which the echo state network
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Figure 3.1: Global growth trend of data volume over the past decade.

(ESN) [79] and the liquid state machine (LSM) [80] are deployed to keep pace with the

explosive escalation of data density on machine intelligence applications. The internal layer

of RCNs is built of sparsely connected neurons with �xed synaptic weights, and thus, the

learning operation is hereby carried out by only updating the linear readout weights. RCNs,

in recent years, have been fully developed in both software (e.g., TensorFlow, PyTorch, Ca�e,

etc) and hardware (e.g., �eld programmable gate array (FPGA)), and have demonstrated

their advantages over classical RNNs across diverse machine intelligence applications [90,

111{114]. Despite that the RCNs o�er signi�cant reduction on training complexity while

yielding a competitive classi�cation or prediction accuracy, the fact that realizing a colossal

amount of nonlinear neurons in hardware is still su�ered from the computational cost and

design overhead.

A key �nding emerged that the our human brain operates in the transition regime between

periodic and chaotic [115], known as the edge-of-chaos [116], leading to more advanced

information processing capabilities. Such a hypothesis can be also deployed in DNNs with the

introduction of delay-feedback systems and time-multiplexing, particularly suitable for RNNs

due to the recurrent nature [117]. It has been proven that the computational performance in

targeted systems can be signi�cantly improved with the embedded edge-of-chaos computing

characteristic [118,119].
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My goal in this project is to design a new class of nonlinear neural activation and spiking

neurons for the delay-feedback reservoir network and to explore the applications of RCNs

in time series prediction and facial recognition. The insight of my approach is to adapt

by simplifying the classical RCNs through a single nonlinear neural activation and a delay-

feedback topology with a chain of spiking neurons. Major contributions of this project are

summarized as follows:

ˆ A novel design solution for delay-feedback reservoir network built based upon a delay-

dynamic architecture with the time-multiplexing characteristic, exhibiting a rich dy-

namic behaviors by varying the network dynamic in between periodic and chaotic.

ˆ A prototype fabrication with fully-analog components, yielding an average power con-

sumption of 529� W. To the best of our knowledge, this fabricated prototype is the

�rst implementation of delay-feedback reservoir network with analog integrated circuit

(IC) design technique.

ˆ Up to 6:79� error reduction over the state-of-the-art RCN models on a time series

prediction benchmark.

ˆ A classi�cation accuracy of 98% on facial recognition, yielding 26 percentage points

more robust against noise compared to the multilayer perceptron.

The rest of this chapter is organized as follows: Section 3.2 provides an overview and related

works of RCNs. The design methodology of the introduced delay-feedback reservoir network

and the performance evaluations of the fabricated prototype are discussed in Section 3.3 and

Section 3.4, respectively, followed by the software-based experimental evaluations in Section

3.5. This chapter is then concluded in Section 3.6.

3.2 Time-Delay Reservoir Network

Nonlinear systems with a delay-feedback coupling can be referred to a class of dynamic

systems, which are ubiquitous in a variety of real life systems [120]. Such behaviors can
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be found in the transport of substances, the conduction time of nerves, the regulation of

gene, etc [121]. With the everlasting enthusiasm of neuroscience, a key �nding emerged

that our human brain operates in the transition regime between periodic and chaotic. To

support the integration of neuroscience and DNNs, such a dynamic variation nature is hereby

deployed in RCNs with the capability to improve the computational performance. From the

mathematical point of view, the transition of system dynamic can be controlled by varying

the timing-coe�cient of a delay-feedback system [118]. Such a property is described by the

delay di�erential equations, de�ning a system in which the dynamics depend on both present

and previous states, and changing its dynamic behaviors accordingly as the delay varies.

Figure 3.2: General processing structure of time delay reservoir network.

The delay-feedback system is expected to be the most suitable architecture in RCNs because

of its nonlinear transformation and high-dimensional mapping natures. With the introduc-

tion of time-multiplexing deployed on a delay-feedback system, the reservoir dynamics are

hereby given by a single nonlinear neural activation and a delay-feedback loop, as demon-

strated in Fig. 3.2. Such an evolutionary structure is referred to the time-delay reservoir

(TDR) network, in which the state of reservoir dynamics can be simpli�ed as

ht = f (x t � MK + ht � 1); (3.1)

whereMK is a mask function, in which the time length per frame is identical to the time

interval between neurons in the delay-feedback loop. The mask function introduces the time-

multiplexing with random scaling factors to inputs, ensuring that the system always resides
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in the temporal domain. Along the delay-feedback loop, the temporal separation together

with the short-term memory experience the high-dimensional mapping with the potential to

classify otherwise non-separable functions.

Such a delay-feedback-immersed RCN signi�cantly reduces the design complexity of DNNs

in application-speci�c integrated circuit (ASIC) chips with analogue hardware in either elec-

tronically [27, 88, 112, 113, 122{125] or optically [126{133]. For instance, in [112], a LSM

model is implemented with 135 neurons in a FPGA for pattern recognition, yielding a recog-

nition accuracy of 96.4%. Moreover, in [113] and [123], two di�erent LSM models with 200

and 343 neurons, respectively, are implemented in a FPGA for speech recognition, yielding

a recognition accuracy of 95% and 99.79%, respectively. Last but not least, in [124], an ESN

model is implemented in a FPGA for time series prediction, yielding a mean square error as

low as 2:39� 10� 4.

The photonic implementations of TDR Network introduce the phenomenon of optical chaos,

attracting wide-spread attention in recent years. For instance, [128] and [130] introduce a

photonic implementation of TDR network with the semiconductor optical ampli�ers (SOAs),

o�ering a high-speed optical information processing. More importantly, photonic devices are

nonlinear in nature, potentially reducing the hardware overhead. Nevertheless, the photonic

implementation often requires expensive peripheral devices, such as digitizer and waveform

generator, resulting in a lower mobility.

On the other hand, digital IC implementations o�er compact design area, low power con-

sumption and noise immunity. For instance, [88] and [125] introduce a digital TDR network

built with discrete components, demonstrating a potential implementation capability of TDR

network with very large-scale integration (VLSI) circuits and systems. However, real-time

operations require the interface with raw sensory information in an analog format, and there-

fore, power-hungry peripherals are necessary, for instance, operational ampli�ers, analog-to-

digital converters (ADCs), digital-to-analog converters (DAC), etc. By contrast, analog IC

implementations process analog signals directly without the need of data conversions, hence,

signi�cantly reducing the design complexity and hardware overhead. More importantly, ana-

log implementations closely mimics the physical characteristic of neurological systems, in a

similar way that how we human brain process information.
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3.3 Design Strategy of Delay-Feedback Reservoir Net-

work

3.3.1 Network Architecture

An overview of the delay-feedback reservoir (DFR) network is demonstrated in Fig. 3.3. The

DFR network is built based upon the conventional TDR network, comprising of a temporal

encoder and a dynamic reservoir layer with the delay-feedback topology.

Figure 3.3: System-level architecture of delay-feedback reservoir network.

Unlike the classical TDR network, the masking interface is substituted by a temporal encoder

[134{136] in the introduced DFR network, relating input with time-multiplexing nature while

representing the post-neuron signals by an inter-spike-interval (ISI) temporal spike train. To

be speci�c, the carried information from raw sensory inputs is encoded into the time intervals,

D i , between spikes, which can be written as

D i = st+ � (Cm ; Vth ) � st (Cm ; Vth ); (3.2)

wherest+ � and st denote the �ring time of spikes presented at timet + � and t, respectively,

which can be generally expressed as
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s(Cm ; Vth ) = Cm �
Vth

I in � I leak
; (3.3)

whereCm denotes the membrane capacitance,Vth denotes the �ring threshold, I in and I leak

denote raw sensory input and leakage currents, respectively. Such an encoded ISI spike train

allows each spike to be the reference frame with respect to each other, as depicted in Fig.

3.4, conveying more information for latter computations.

Figure 3.4: Illustration of temporal encoder and the fabricated prototype.

The processing structure of the dynamic reservoir layer in the introduced DFR network is

built and optimized based upon the classical TDR network implementation strategy, com-

posing of a sigmoid nonlinear neural activation (NNA), an analog-to-spike (A/S) encoder,

a dynamic delay-feedback loop (DFL) with a delay calibration module, a spike-to-analog

(S/A) decoder, and an analog adder. During the operation, time intervals between spikes

on an ISI temporal spike train from the input encoder are fetched into the sigmoid NNA to

carry out the nonlinear transformation. The selected activation data are then digitized back

into the a temporal spike train by the A/S encoder, propagated along the dynamic DFL,

and eventually integrated with the next incoming input to create the short-term memory.

Such a property establishes connections within the context of data, enabling the historical

learning capability, which can be expressed as

ht = f ((1 � � ) � D i
t + � � ht � 1): (3.4)
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To minimize the information lost during computations, the dynamic DFL is built followed

by a S/A decoder and a signal gain regulator,� , ensuring that the new incoming input is

dominant. Moreover, to realize a variety of dynamic behaviors with respect to the time-

multiplexing, a controllable delay calibration module is deployed to regulate the timing-

coe�cient along the dynamic DFL. Last but not least, by adopting the spiking information

processing technique, the introduced DFR network not only enables a novel design solution

for TDR network with analog IC implementations, but also eliminates the complex data

conversion, and thus, power-hungry peripherals are unnecessary, potentially making the

system suitable for large-scale DNN designs.

3.3.2 Learning Rule

During the training operation, the trajectory of reservoir dynamics is computed by feeding

the training samples,f x j gm
j =1 , where m is the input dimension. As the outcomes, a set of

internal states, f htgm
t=1 , is obtained. Consequently, optimal output weights can be calculated

directly through the Tikhonov regularization, which can be de�ned as

Wout = Y � S0 � (S � S0+ � � I )� 1; (3.5)

where S0 represents the transpose matrix of reservoir dynamicsS = [ h0; h1; � � � ; hn ], Y =

[y0; y1; � � � ; yn ] is the target output, n is the number of training samples,� � 0 is a constant,

and I is the identity matrix with the same size of reservoir state. The general learning

operation of the introduced DFR network is summarized in Algorithm 1.

3.3.3 Hardware Implementation

Sigmoid Nonlinear Neuron Activation

It can be observed that the sigmoid NNA is a critical module that plays an important role in

the operation of high-dimensional mapping. The simpli�ed design scheme of sigmoid NNA

is depicted in Fig. 3.5.
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