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Abstract

Efficient Neuromorphic Photonics Processor Architectures for
Machine Learning

In the past decade, photonics and neuromorphic computing have been

pioneered as possible alternatives to our current computing systems. Due to

its low propagation loss, photonics has become not only a suitable medium

for long-distance communications, but also for short intra-chip communi-

cations. There has been a significant advance in the photonic integration

industry, and photonic devices are finding niche applications in computing.

Meanwhile, neuromorphic computers, inspired by the biological brain, have

evolved to overcome the problems inherent in von-Neumann-based systems.

This research is motivated by the advancements in these fields, which

provide high energy efficiency (attojoule/MAC), high speed, and high band-

width, in addition to potentially more parallelism. A further limitation of

the prior research has been that it has concentrated on the device-level and

small circuit-level neuromorphic nanophotonics. We exploit this synergy by

combining novel concepts from each of the fields. Our primary approach

has focused on design and analysis of efficient neuromorphic photonic

architectures for machine learning. We researched the design of efficient

specialized neuromorphic photonic computing systems for machine learning

that,

• Can execute state-of-the-art neural networks

• Exhibit great energy efficiency and speed

• Are programmable
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We studied various classes of neural networks. Based on preliminary analy-

sis and experiments, it appeared that convolutional neural networks are well

suited to be realized using photonics. Consequently, we concentrated on

convolutional neural networks and optimized our design for the convolution

operation. In order to achieve further optimization, we investigated the

possibility of using mathematical transforms to perform the convolution

operation. By using the Winograd transform, we were able to reduce the

costs without sacrificing performance. We explored the design space by

• Highlighting potentials, pitfalls, and limitations

• Developing a design and simulation framework for neuromorphic pho-

tonics

Toward the end of this study, we also investigated the potential of using

photonics for large-scale neuroscience simulations, such as that of the

brain. We proposed and analyzed optical communication links as an effi-

cient method of facilitating synaptic connections for brain simulations. We

achieved this by,

• Modeling a photonic-plasmonic link within a brain simulation tool

commonly-used by computational neuroscientists

• Performing a comparison study between the optical implementation

and its electrical counterpart

• Designing and simulating an adaptive network-on-chip augmented

with a photonic-plasmonic express interconnect to further improve the

speed and energy efficiency

The results of our study indicate that neuromorphic photonic systems

could significantly improve the energy efficiency and speed of current sys-
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tems. Nevertheless, converting digital and analog signals and interfacing

with electrical components consume a substantial portion of those gains.

It is likely that future improvements in technology and architecture will

reduce these costs.
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Chapter 1: Introduction

1.1 Background and Motivation

Gordon Moore predicted in two papers published in 1965 and 1975

that the complexity (number of transistors per area) of integrated circuits

would increase exponentially over time. The size of integrated circuits

would decrease every three years by a factor of three, according to his

prediction. This would result in the number of transistors per chip doubling

every 18 to 24 months. Currently, the feature size of consumer electronics

has reached 7nm. Although this trend continues to hold as of today, it

is expected to end soon. The Dennard and Koomey scale laws, [36] and

[67], address the energy implications of technology scaling. According to

Dennard, the power consumption remains roughly constant as transistor

density grows. By combining Moore’s Law with Dennard’s scaling law,

Koomey estimated that performance per watt doubles approximately every

1.5 years. Nonetheless, Koomey’s and Dennard’s scaling ended around 2004

[41]. Electronic computers have nevertheless continued to advance in the

form of parallel multicore architectures, graphical processing units (GPUs),

field programmable gate arrays (FPGAs), and other application-specific

integrated circuits (ASICs). Nevertheless, many computational problems

remain beyond the capabilities of our current computers. In response,

various novel computing paradigms were introduced and developed, such

as neuromorphic and photonic computing.

The plateau of digital electronics integration is thought to have been

driven by two main phenomena, namely fundamental physics imitations as

well as von-Neumann architectures. Limitations in fundamental physics
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can also be attributed to a variety of factors, including

• Near atomic component feature sizes: Commercial electronic devices

have a feature size of 5nm, while silicon atoms are approximately 0.2nm

in size. Furthermore, the number of impurity atoms used in doping a

semiconductor is decreasing to just a few atoms. Physically, this poses

significant challenges to the development of denser integration.

• Excessive, and often prohibitive, noise: The increasing Johnson noise

voltage, or thermal noise, will have a fundamental thermodynamical

effect that will prevent any reduction in the gate voltage. This leads to

random bit-flipping in a transistor as the thermal noise voltage is able

to override the gate voltage.

• Quantum tunneling effects: In CMOS devices, the gate oxide layer

separates the gate from the current-carrying channel. As gate oxides

become thinner, electrons will be able to penetrate the insulator and

jump the bandgap, which is referred to as quantum tunneling. Leakage

currents are consequently generated between the gate and the channel.

• Capacitive effects: With the shrinking size of transistors, parasitic ca-

pacitance between conductors increases. Consequently, these parasitic

capacitances reduce switching speed and increase power consumption.

von-Neumann architecture is the design methodology behind the vast

majority of our present-day computers. The von-Neumann paradigm has

far-reaching consequences beyond the hardware realm as it imposes signifi-

cant burdens on our underlying software technologies and programming

paradigms. One of the main characteristics of von-Neumann architecture

is the separation of memory and computation. Instructions and data are
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stored in memory. The computing component carries out the processing. As

a consequence of this separation, data is perpetually transmitted between

the processor and the memory. Insufficient processor fan-out along with

limited interconnect bandwidth causes a bottleneck in data movement and,

consequently, underutilization of processing resources.

A photonics-based solution offers an alternative to the limitations of

electronics in data transmission and computing. Similarly, neuromorphic

systems employ processing elements (PEs) that are highly distributed with

large incoming (fan-in) and outgoing (fan-out) connections. The lengths

and types of connections of a biological neural network are diverse. Some

connections travel only to short local PEs, whereas others connect the

most remote parts of the system. Neuromorphic processors are mainly

specific-purpose in contrast with general-purpose processors.

These developments are all congruent with the gradual evolution of

traditional computing workloads into a new class of applications defined

by big data and artificial intelligence. At the same time, specialization has

become the dominant trend in HPC and has made it necessary for systems

to move from homogeneous to heterogeneous.

Scientists and engineers have long aspired to build a computer that mim-

ics the human brain. As a whole, the human brain performs impressively on

a wide range of tasks including cognition, movement, control, and reasoning

at a higher level. This achievement is all the more impressive considering

the power budget of only 20W [32]. In psychological studies, neuroscientists

cite three main causes for the exceptional capabilities of the brain. The

first is the high degree of connectivity among neurons through synaptic

connections. The second is the hierarchical structure of the brain in terms

of its structure and function. The third is the complex coding of information
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in the form and timing of neuronal signals. Neurons constitute the base

computational unit of the brain. The neurons transmit information through

electrical charges known as action potentials or spikes. The network of

axons and synapses is responsible for communication between neurons. By

storing synaptic weights, synapses serve as memory units as well.

At present, the state of the art in artificial intelligence is largely enabled

by the adoption of the artificial neural network (ANN) model. Modern deep

learning (DL) architectures build upon layers of transformations and create

a hierarchy of cognitive features similar to the brain’s hierarchy of functions.

The irony of ANNs is that they are predominantly driven by silicon-based

digital electronics constructed by von-Neumann, which contrast with the

structure of the human brain.

A neuromorphic computing approach can significantly enhance pho-

tonics in three ways. By eliminating the energy wasted in charging and

discharging electrical wire, photonics can improve energy efficiency of com-

munications in a neuromorphic system. Further, current neuromorphic

algorithms, which are applied to ANNs, use the multiple-and-accumulate

(MAC) operation. It is possible to perform MAC efficiently using photonics.

We will discuss this in more detail in the chapter 3. Lastly, photonics inherits

parallelization in the form of wavelength-division-multiplexing (WDM). Utiliz-

ing WDM allows us to integrate more communication and computing into a

photonic system in addition to allowing us to select data by tuning/untuning

to a specific set of wavelengths.

1.2 Problem Statement, Objectives, and Approach

Nanophononic advances have enabled significant advances in communi-

cation and computing by offering high energy efficiency (attojoule/MAC),

4



high speed, and high bandwidth, in addition to potentially more parallelism.

As a result, new computing paradigms have emerged, including neuro-

morphic computing, which is based on principles of parallel computing

applied to a massively connected network. Neuromorphic photonics can

take advantage of the synergy between these two fields. Previously, the focus

of research has largely been on device-level or small-circuit-level aspects.

In this paper, we explore the design of efficient specialized neuromorphic

photonic computing systems for machine learning, which are able to,

• Execute state-of-the-art neural networks

• Exhibit great energy efficiency and speed and,

• Are weight programmable

Our approach is to explore the design space by

• Highlighting potentials, pitfalls, and limitations

• Demonstrating how to leverage mathematical formulations and trans-

forms as well a recent development in NNs to design efficient architec-

tures

• Exploring new directions for introducing more biologically accurate

systems

• Developing a design and simulation framework for neuromorphic pho-

tonics, which can enable effective exploration of the design space

In order to accomplish this, we examined various classes of neural net-

works in depth. Initial investigations indicated that convolutional neural

networks (CNNs) are better suited to being realized using photonics due
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to their sparse connections between inputs and filters. Our study demon-

strated that photonic realizations of CNNs can achieve lower hardware

overhead compared to fully-connected neural networks. Therefore, we fo-

cused our efforts on realizing photonic CNNs. By utilizing the Winograd

transformation, we were able to optimize our design. In addition, we in-

troduced memristors as the preferred analog memory for photonic neural

networks.

Towards the end of this research, we realized that optical interconnects

may be beneficial for large-scale computational neuroscience simulations

such as full-scale brain simulations. The problem of brain simulation

has been demonstrated to be communication bound [92]. This suggests

that, by taking advantage of novel optical interconnect technologies, such

simulations can be made significantly more energy efficient. Accordingly,

we investigated the problem by,

• Modeling a recently proposed hybrid photonic-plasmonic intercon-

nect (HyPPI) as part of the NEST brain simulation software, which is

commonly used by computational neuroscientists

• Conducting a comparative study between the optical and electrical

implementations of the optical implementation

• Designing and simulating an adaptive network-on-chip augmented

with the HyPPI to demonstrate the possible energy and speed savings

for multi-core simulation scenarios

1.3 Organization of this Dissertation

The remainder of this dissertation is arranged as follows. A review of

previous related research in neuromorphic computing, photonic computing,
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and neuromorphic photonics is presented in chapter 2. Chapter 3 explains

in detail the rationale and methodology for designing artificial neural net-

works in general and convolutional neural networks in particular. Next,

we explore the working mechanism of CNNs and discuss why CNNs are

the suitable class of ANN for photonic implementation. We also present

two designs for photonic CNN accelerators. A photonic neural network

simulator is described in chapter 4 and we describe our perspective on our

envisioned photonic neuromorphic design flow. The results and evaluation

methodologies are discussed in chapter 5. Chapter 6 focuses on the use of

optical interconnects as computing hardware for large-scale neuron simula-

tions. Lastly, we conclude our research in chapter 7 by summarizing the

perspectives, goals, contributions, and lessons learned.
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Chapter 2: Related Work

2.1 Neuromorphic Computing

While the efforts to develop neuromorphic systems can be traced back

to the 1980s [32][82] when researchers attempted to emulate the biological

neuron, it was not until early 2000s at which time spiked neural networks

(SNN) had become available for use as neuromorphic chips. One of the earli-

est attempts at integrating biological neurons in a chip was the Spinnaker-1

project. Spinnaker-1 chips have 18 ARM cores emulating 16 thousand neu-

rons and 16 million synaptic connections. Each Spinnaker-1 board contains

48 Spinnaker chips consuming up to 80 Watts of power. TrueNorth [87] is a

digital chip with approximately 1 million neurons, and 256 million synaptic

connections. The voltage of a neuron is represented in TruNorth by the

n-bit binary word. A TrueNorth board accommodates 16 TrueNorth chips at

a total power rate of 1W . Alternatively, Neurogrid [22] is a mixed-signal chip

designed to simulate complex models of neurons, as well as to represent

the voltage across neuron membranes through a charge capacitor. The

Neurogrid chip contains approximately 65 thousand neurons with 500 mil-

lion synaptic connections. On a Neurogrid board, there are 16 chips which

consume an overall power of 3W . Loihi [34] is a digital neuromorphic chip

built using Intel’s 14nm manufacturing process that mimics hierarchical

connectivity by modeling synaptic delays.

All of the neuromonic chips mentioned above have the following two

characteristics. There is the asynchronous address event representation

(AER), in which computations are only performed asynchronously when

input spikes are present. This is in contrast to systems using synchronized
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clocks. This technology results in significant energy savings since power

is used only during peak periods. Secondly, the communication between

neurons is carried out by NoCs. Due to the limitations of 2D fabrication,

the adoption of NoCs is unlike the 3D connectivity of the human brain.

2.2 Photonic Computing

A great deal of debate surrounds what an optical computer is or ought

to be. It is a fascinating concept that is subject to a great deal of hype. A

comprehensive review is found in [27] and a recent survey can be found in [9].

There are conflicting views outlined in [21]. It is generally recognized that

research conducted in the past decades (usually called optical computing)

greatly influenced the research conducted in recent years (usually called

photonic information processing). During the presentation, ideas that work

well were identified, as well as pitfalls to avoid.

Optical logic based on nonlinear and bistable devices was proposed in

the 1960s [105]. Although optical devices do not offer certain fundamental

properties necessary for logic gates [66][65]. Both inputs and outputs of

electronic gates are represented by voltage, which means that one gate may

drive another. However, in most nonlinear optical devices, the output signal

must be a different wavelength from the pump input, indicating that it

cannot drive a similar gate. In addition, electronic components typically

have a consistent logical "0" (0 V) and "1" (1 V) potential, so the ability

to drive multiple gates simultaneously (i.e. fanout) is assumed. Optical

signals attenuate when they are split. Thus, the definition of logical "1"

changes when signals fan-out [52]. This is the consequence of representing

information as potential energy (voltage) rather than a conserved energy

unit (photons or current). Hence, a non-digital architecture is favored for
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light-based processing.

For optical system reconfiguration, such as switching, the second option

would be to utilize electronic-photonic interactions, which are inherently

inefficient due to the difference in dimensions of the wave functions. Re-

searchers have, however, turned to areas such as nanophotonics and plas-

monics, which enhance the interactions between light and matter. As a

result, micrometer-sized opto-electronic devices have been demonstrated,

although they often display some trade-offs in terms of optical signal loss

[12].

Many other approaches circumvent the digital computing paradigm

entirely and instead focus on specialized tasks. These included Fourier

transforms [53], matrix-vector multiplication, and radar [33]. A number of

optical communication technologies have long been recognized as potential

media for artificial optical neural networks (ONNs), as reviewed in [91]. Many

approaches to ONN interconnection have relied on spatial multiplexing

techniques, including configurable spatial light modulation [93], matrix

grating holograms [144], and volume holograms [15], [112]. However, free-

space and holographic devices are difficult to integrate and require precise

alignment, despite they are dense techniques for all-to-all interconnection.

Optoelectronic computers have encountered three major obstacles in

previous decades. The first problem was that many approaches could not

be integrated easily, which resulted in high costs and a high environmental

impact. Additionally, the utility of over-specialized optical "co-processors"

has been superseded by simultaneous improvements in microelectronic

performance. Also, fundamental concepts of what makes a computer have

often been overlooked. There are basic concepts like cascadability, fan-out,

fan-in, and metrics that are taken for granted in conventional computers,
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but these must be completely reconsidered for unconventional physical

hardware.

2.3 Neuromorphic photonics

The idea of neuromorphic photonics is to create photonic devices and

circuits whose equations governing their operation are similar to those

describing a neural model.The study of neuromorphic computing is moti-

vated by two divergent reasons: one is biologically-inspired, to gain insights

into cognition, and another is engineering-inspired, to enhance computing.

Technological motivation is predominant in neuromorphic photonics. As

neural models are implemented on the hardware, there are a wide variety

of metrics, algorithms, tools, and benchmarks specifically developed for

neural networks [55] [138][73] [40] [39] [37]

.

Various neuromorphic systems exist, including individual lasers and

individual spiking neurons [94]. During the last few years, there has been

an increased interest in integrated lasers that are similar to spiking neurons.

[103]. However, the focus of research in this field so far has been on isolated

neurons [62], [110], [107], [95], [100], [99] and feedforward chains [132],

[113], [35], [140].

Moreover, neuromorphic silicon photonics adheres to current industrial

foundry platforms, thereby enabling their near-term construction, not just

to neural network models. In 2014, a proposed architecture for integrated

photonic neural networks was presented [127] and realized in 2017 [125].

Each neuron transmits its output signal in a wavelength. This wavelength

is multiplexed, and the resulting signals are broadcast to all other neurons

where they are weighted by the transmission through a microring resonator
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[128]. Electro-optic modulation creates nonlinearity in the neurons’ non-

linear transfer function. Weighted signals are detected, and the resulting

electronic signal modulates the wavelength of that neuron. In addition,

experimental [149] and theoretical studies [89] have demonstrated that

electromagnetically induced transparency (EIT) can be used for all-optical

nonlinear activation.

Due to the lack of lasers on Silicon, modulator neurons were the final step

to ensure compatibility with foundry platforms. Neurons in [125], [124], [10],

[49] are implemented with modulators that exploit the nonlinearity of electro-

optical transfer functions. Energy per bit and connectivity capacitance are

two important characteristics of modulators of this class. When using

photonic crystals in Indium Phosphide, there is a low CV2 switching energy

and a low RC switching delay in an O-E-O link. This is made possible by a

low switching voltage and a low transimpedance [98].

As modulators do not exhibit spiking dynamics, this move marks a

significant departure from earlier works on spiking. Most neuromorphic

electronics are designed to emulate spiking neural networks with mod-

est interconnects by encapsulating neural spikes in asynchronous, time-

multiplexed digital packets. Regardless of continuous-time or spikes, a

modestly sized but fast network can be achieved in photonics with direct

spatial or wavelength-multiplexed interconnects. Both can be done with low

crosstalk, low dispersion, and no capacitive loading of the interconnect line.

Several other neuromorphic photonic networks in silicon have been

proposed in 2017. Shainline and colleagues have proposed a supercon-

ductor optoelectronic network with unmatched energy efficiency in /cite-

shainline2017superconducting. Single photons are used to communicate

by superconducting nanowires. In the context of deep learning, a pro-
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grammable nanophotonic processor is studied in [114]. The transmission of

light through a coherent mesh of Mach-Zehnder interferometers is used to

define weights. Training can then be accomplished by sending light through

the mesh in the opposite direction [60]. After each layer, coherent optical

interconnects need to be resynchronized due to sensitivity to optical phase.

In [139], a mesh-compatible, partially electronic neuron has been proposed

to help compensate for nonlinear materials’ phase shifts induced by signals.

However, all-optical nonlinear devices are still to be proposed to counteract

signal-dependent phase shifts.

The application domains of neuromorphic photonics complement those

of neuromorphic electronics. Its advantages are bandwidth and energy

efficiency, yet they will not likely compete with the low system power and

high scale of neuromorphic electronics. Even so, both offer significant power

reductions in comparison with conventional computers based on multi-core

processors, GPUs, and FPGAs.

As the neuromorphic photonic systems are scaled up, they could address

computational problems in scientific computing and RF signal processing

that are currently inaccessible. A feature of neuromorphic engineering is

that existing algorithms can be reused. Hopfield networks, which are a

subset of neural networks, have been extensively used in mathematical

programming and optimization problems [58] [138].

Neuromorphic photonics can do much more than improve current ma-

chine learning calculations and can potentially enable previously unimag-

ined applications, for example, the measuring and controlling of ultrafast

physical phenomena. A study conducted by Gordon et al. in [116] investi-

gated deep neural networks’ potential for classifying microwave qubit states

using nanosecond transient observations. The development of this idea
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will require close collaboration with experimental physics experts. The

developers of applications can only use new computer technology if they are

confident that a propositional computer will adhere to a model. It demon-

strates the power of model adherence - the idea of neuromorphism - as it

enables further investigation of possible future applications of scaled-up

networks.

By integrating photonics into neural networks for the implementation of

neuron functions, a near future alternative should be available for limiting

energy consumption and increasing operating speed for neural networks.

[102][28][42]. Coherent electromagnetic waves interfere with one another as

they propagate through a photonic integrated circuit (PIC). Implementation

of hardware solutions that mimic multiply-and-accumulate (MAC) is central

to a number of AI techniques and algorithms. Photonic neural networks

have an advantage over electronics in that their energy consumption doesn’t

scale with MAC speed. To train an optical neural network, the optical sig-

nal must be modulated in a hybrid optical-electronic configuration [50].

Consequently, these new architectures face considerable obstacles when

compared with their electronic counterparts. To gain competitive advantage,

they must have low power consumption and high-speed electro-optic mod-

ulation [136][75][11]. A photonic neural network also must pair with O-E

and electrical to optical E-O convertors as well as I/O interfaces. However,

when trained, photonic neural networks do not require additional energy

for active switching. As a result, weighting architectures can be realized

without consuming any dynamic power, thus allowing the computation to be

performed completely passively [18][83][76]. There is an attractive future for

all-optical neural networks (AONNs) in this landscape. Current all-optical

implementations in free space and in integrated photonics outperform their
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equivalent electronic counterparts, offering energy effectiveness and speed

enhancement [5] [115][61][90].
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Chapter 3: An Efficient Architecture for Neural Network

Accelerators

In this chapter we introduce photonic realization of the operations com-

monly used in ANNs, namely photonic MAC and photonic nonlinear activa-

tion function. Then, we propose two photonic realizations of CNN acceler-

ators. First, we propose PCNNA: a photonic convolutional neural network

accelerator. We explain the rational behind why CNNs are suited to be

implemented using photonics. We present an analytical model to estimate

the potential speedups from PCNNA compared to some of the existing elec-

tronic CNN accelerators. Secondly, we propose a second CNN accelerator,

namely Winograd CNN, where improve upon our previous design through

adoption of a mathematical transformation and emerging technologies such

as Memristive memory devices.

3.1 Photonics for Realizing Neural Networks

3.1.1 Photonic MAC operation

In photonics, MAC can be realized and executed with extremely minimal

power budgets. However, the conversion of the data from electrical to optical

(EO) and from optical to electrical (OE) introduce substantial energy losses.

In [127] authors proposed a photonic realization of the MAC operation

by using microring resonators (MRRs). Figure 3.1 depicts the MRR real-

ization of a MAC operator. The input consists of data signals placed on

different wavelengths and bundled up together. By tuning each MRR, with

a different resonant frequency, in and out of resonance, the amplitude of

the pass-through signal is adjusted. This can be leveraged as a weighting
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mechanism for the input signals. Finally these weighted signals are inco-

herently aggregated using a photodetector, which realizes the summation

part of the MAC operation.

Figure 3.1: A broadcast-and-weight neuron. Inputs Xi modulate different
wavelength lasers. Modulated beams are then bundled through WDM.

Figure 3.2: Microring resonator (MRR) operation for performing point-wise
multiplication.

Using N distinct wavelengths, we can realize up to N2 all-to-all connec-

tions between two layers of neurons. At the time of writing this manuscript,

the maximum number of supported N is reported to be be around 100 [128],
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which enables up to 10k independent connections. It is worth noting that

integrating laser sources with such narrow wavelength bands while trying

to maintain the free spectral range (FSR) with tunable rings, is a complex

task. One solution is to use chip-based tunable phased-locked frequency

comb generators on the source laser side [59]. With the MRRs, dense-WDM

(DWDM) can be used to enable closely spaced wavelength tunability. DWDM

can exploits strong optical confinement of silicon waveguides using tunable

MRRs with FSR of more than 50nm and quality factor rating Q close to 104

resulting in a total of up to 50 channels [142]. A channel spacing of 0.8nm

can establish a resonance bandwidth of up to 0.4nm and a cross-talk level

of −10dB [29].

3.1.2 Photonic Nonlinear Activation Functions

A nonlinear activation function is inspired by the nonlinear thresholding

of action potentials in biological neurons. In neural networks, the non-

linearity of the activation function allows the network to learn nonlinear

patterns. Our world is nonlinear and without nonlinear activation functions

the whole neural network collapse into a linear transformation incapable

of learning complex nonlinear patterns. In addition, the nonlinearity of

the activation function allows the network to converge into definitive states

by eliminating infinitely cascading noise, similar to the nonlinearity of the

transistor forcing the digital computer into binary states. Apart from the

requirement of nonlinearity and differentiability for training, there are no

limits to the shape of the activation function itself, and many activation

functions have been proposed each with strengths in different applications

[64].

Conventionally, photonic neural network architectures have been mod-
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eled and fabricated with external nonlinear activation functions [115] and

Mach-Zehnder modulators (MZM) [126]. External nonlinear-activation func-

tions are often implemented with digital conversion between layers, which

quickly becomes the most costly piece of the system. External nonlinear

analog components increase system complexity and interconnect latency.

MZMs, while appealing from their popularity in communications systems,

have been shown to require a larger footprint [13]. In neural networks

larger footprint results in lower neural density. This points to monolithi-

cally integrated absorption modulators or micro-scale lasers as the optimal

modulators for photonic neural networks.

In [49] we proposed an electro-optic nonlinear function based on electro-

absorption modulators. We developed a model to guide the optimal choice

of design parameters in the development of a monolithically integrated

photonic neural network using on-chip absorption modulators. We begin

by introducing the electro-optic absorption modulators and examine their

operating parameters. To this we add a circuit for coupling the photodiode to

the modulator. We introduce an integrating circuit with capacitive coupling

to allow higher voltages to be reached with minimal impact to RC delay.

To the circuit and modulator models, we add a noise model and sweep

the free parameters of the modulators, length and input optical power, to

maximize SNR. We introduce a power consumption model to allow results

to be compared on a basis of energy efficiency.

Modulators either alter the signals amplitude via direct electro-absorption

(EAM), or shifting the phase inside an interferometer (electro-optic modulator,

EOM) such as in linear MZI (or MRR) to modulate the amplitude. To provide

the nonlinear activation function in photonic NNs either modulator can be

utilized yet with different rationales; the advantage of EAMs is that they
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do not rely on interferometeric schemes to modulate a signals amplitude

and, thus, can be designed more compact than EOMs. Reducing footprint

allows increasing a) the neuron’s areal density, and b) the photonic neurons’

firing- or clock speed, since the MAC rate (i.e. MAC/s) scales with modulator

3dB-bandwidth (speed). However, if the vector matrix multiplication (VMM)

is performed via shifting phase, then using phase for the activation function

maybe synergistic to the design layout. An advantage of field-driven EOM

over carrier-based EAMs is that their intrinsic switching time is substantially

shorter as compared to electronic clocking.

In a similar approach in [90] two methods to realize all-optical activation

functions are proposed and simulated. The proposed device is based on a

reversible transparency induced by a Fano resonance in a plasmon-exciton

system. This system consists of a semiconductor nanocrystal, i.e. quantum

dot (QD), within two gold nanorods. The nonlinear response induced by

reverse saturable absorption in films of buckyballs was studied. The optical

response of the two hybrid systems shows a strong non-linearity suitable

for being employed as activation functions in photonic neural networks. We

find the optimal configurations that optimized the mode coupling between

the signal transmitted in a waveguide and the hybrid structures using

numerical tools.

The results show that the all-optical nonlinearity provides about 3 and

7 dB extinction ratios for the two systems considered, respectively, and

classification accuracies. The functional simulation of neural networks with

the proposed activation function demonstrated accuracies on par with their

software counterparts. Together with a developed concept for an all-optical

perceptron, these findings point to the possibility of realizing pure photonic

NNs with potentially unmatched throughput and even energy consumption
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for next generation information processing hardware.

3.2 Exploring Efficient Architectures for the Realization of Photonic

Neural Networks

3.2.1 CNNs vs. Fully-Connected

A CNN is commonly defined as an ANN with at least one convolutional

layer. While CNNs are mostly known for their success with image-type

data, they can be utilized for any other data type with local features. In a

CNN, each convolution layer can be regarded as a collection of filters that

inspect the input for features. As a result inputs and outputs in CNNs are

referred to as feature maps (fmap). Through stacking of convolutional layers

we can create a hierarchical structure for feature detection. This results

in layers close to the CNN input to learn primitive features, while layers

closer to the output of the CNN learn more abstract features capable of

finding complex patterns. Depending on the input data, the dimensions

of filters in CNNs vary. The most common format is where filters are of 3

dimensions. The first two dimensions represent the height and width and the

last dimension corresponds to the number of channels. Convolutional filters

have been used in image processing long before the recent breakthroughs of

CNNs. In traditional image processing these filters were manually designed

and engineered for specific tasks. This would make them ineffective for

general applications and vulnerable to designer bias. Here in CNNs, filters

are learned through the training process. Figure 3.3 shows the overall

architecture of a CNN layer.

Despite their architectural diversity, modern neural networks often have

one or more number fully-connected layers. Two fully-connected layers each
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Figure 3.3: A CNN layer architecture. N filters on the left scan the corre-
sponding input feature maps in the middle for features. Output feature
maps are comprised of N channels equal to the number of filters.

with N neurons create N2 synaptic connections. Now, 10k connections is

far from the required number even for simple benchmark datasets such as

MNIST, which has 728 neurons only in the input layer. In contrast, CNNs

follow a different pattern. In a CNN, connections are between a subset of

input (receptive field) and filters, which makes CNN connections sparse.

CNN filters are usually of sizes between 3×3 up to 11×11. The connections

between components of the filter and the receptive field are element-wise

rather than all-to-all. Functionally, smaller filters are preferred over larger

filters in a CNN. The latter is due to the fact that smaller filters are more

granule in terms of the feature they can detect. Larger filters can detect

coarser features. However, stacking layers of CNN with smaller filters can

enable detection of abstract coarse-grain features.
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Figure 3.4: MRR bank for an input feature map of size 16×16 and 5 kernels
of size 3× 3, a) without filtering the input feature map and b) with input
feature map filtered to only pass through receptive field. It can be seen that
taking advantage of narrow receptive field results in less number of total
microrings.

3.2.2 PCNNA: A Photonic Convolutional Neural Network Accelerator

PCNNA takes advantage of MRR banks proposed in [125] to perform MAC

operations. However, one major drawback of this scheme is that the number

of microrings required to perform the multiplication part of MAC in each

layer scales with Ni×Ni+1, where N is the number of nodes in a layer and i

is the layer number. This exponential increase in the number of microrings

makes implementation of such networks challenging.

For a kernel of size Nkernel, at each location of the kernel over the input

feature map, only Nkernel values corresponding to the receptive field of input

feature map take part in the convolution. Therefore, using MRR banks,

we only need to allocate Nkernel microrings for weighting and the rest of

Ninput −Nkernel values can be ignored. We will refer to these values as non-
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Table 3.1: Summary of convolution layer parameters used in this work

Parameter Description

n Input feature map height and width
m Kernel height and width
p Padding size
s Stride step size
nc Input feature map number of channels

Ninput Input feature map size
Nouput Output feature map size
Nkernel Size of kernel

receptive field values. The ignoring of the non-receptive field values result

in large savings in terms of both number of wavelengths that represent the

input feature map and the number of microrings required in the following

layer to demultiplex incoming wavelengths. Figure 3.4 conceptually shows

the effect of filtering non-receptive field values in MRRs for convolution

operation (a) with no filtering of the non-receptive field values and (b) with

non-receptive field values filtered.

Current CNNs comprise of tens, if not hundreds, of layers with almost

the same number of kernels per layer [68, 122, 56]. While filtering non-

receptive field weights results in large savings in the number of microrings

and respectively power consumption, implementing a full CNN using MRRs

still requires large footprints and power consumptions. Besides, hardwired

implementations tailored for one particular CNN becomes additionally ex-

pensive as they lose flexibility. Therefore, in PCNNA we construct our design

based on implementation of a single layer of CNN and virtually reusing it

sequentially for different layers.

In PCNNA convolution layers are processed sequentially. Convolution

result values of each layer are stored back to the off-chip DRAM. In ad-

dition, for each location of the kernels corresponding to a receptive field,
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partial convolutions are processed sequentially at the optical core of PCNNA.

But, as multiple kernels share the same receptive field values, convolution

computations for different kernels are performed in parallel. Figure 3.5

illustrates the parallel execution of K kernels as they progress across the

input feature map.

Figure 3.5: Parallel execution of kernels as they sequentially progress over
various locations of the input feature map.

At the high level PCNNA runs on two clock domains, a fast clock domain

(5GHz), which runs the optical sub-systems and their immediate electronic

circuitry, and a main slower clock domain to interface with the external

environment. Figure 3.6 depicts the overall hardware architecture of our

design. PCNNA consist of a weighting MRR bank repository, which its

microrings tune to kernel weights. Kernel weights are initially stored in
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an off-chip DRAM memory. Upon arrival of a new layer request, kernel

weights are loaded from the off-chip DRAM into the kernel weight buffer.

Buffered digital weights are then converted into analog voltages that control

the tuning of the microrings in the MRR banks.

Figure 3.6: Conceptual high-level hardware architecture PCNNA. The shaded
areas, which include the core optical components run of a fast clock (5GHz).
Buffers isolate the fast optical core from the outside slow clock environment.

Similarly, the input feature maps are initially stored in the off-chip DRAM.

It should be noted that over the execution of one layer of a CNN the kernel

weights do not change. However, due to sequential progression of kernels

over the input feature maps, the input values are regularly updated. For

instance, in Figure 3.5 the values corresponding to kernels do not change

until a new layer is loaded, but the input receptive field goes through 49

cycles. Thus, the cost associated with loading kernel weights is amortized

over execution of different receptive fields of an input feature map.

For each receptive field corresponding to a particular location of a kernel,

a subset of input feature map values (Nkernel) are loaded into the input buffer.
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These buffered values are then moved closer to the PCNNA core and stored

in a small but fast cache memory. Each value in the cache memory is then

converted to an analog signal using the input digital to analog converters

DACs. Laser beams of different wavelengths generated by laser diodes (LD)

modulate the analog signal from the DAC. Laser beams fly through the

MRR banks and their output photodiodes, which perform the multiplication

and summation operations respectively. This process can be done quite

fast (flight time of light) once all input values are loaded and converted to

analog signals. Even the integrated photodiodes’ operating frequency at 0

bias voltage can be as high as tens of GHz if not hundreds [44]. Hence, the

whole optical weighting and summation fits within a single clock cycle of

our fast clock domain. Lastly, computed convolution values are digitized

back through the ADC and stored into the off-chip DRAM.

The latter procedure repeats for every location of kernels across the input

feature map. For any consecutive location of kernels within a layer, only a

fraction of input feature map values proportional to the size of the stride is

required to be loaded into the cache. As a result, the bandwidth required for

continuous loading of various receptive field values of input feature maps is

minimized.

We assume that input feature maps are square-face volumes. As a result,

the size of input feature maps and kernels are as follows,

Ninput = n×n×nc (3.1)

Nkernel = m×m×nc (3.2)

where n and m are the size of input feature map and kernel in x and y

direction, and nc is the number of channels. For a given input feature map
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and a set of K kernels, the output feature map will have the size,

Nout put = (

[
(n+2p−m)

s

]
+1)2×K (3.3)

where p is the size of the padding, s is the size of the stride, and K is the

number of kernels. Given the above input layer, without any filtering of the

non-receptive field values, the number of required microrings would be,

Nmicrorings = Ninput×K×Nkernel (3.4)

By filtering the non-receptive field values, the total number of rings will

drop to:

Nmicrorings = K×Nkernel (3.5)

One important takeaway from equation 3.5 is that unlike equation 3.4

where the total number of rings scales with the product of the input size,

the number of kernels, and the kernel size, here the total number of rings

scales linearly with the number of kernels K and its size Nkernel.

For instance, the first convolutional layer of AlexNet with an input feature

map of shape 224×224×3 and 96 kernels of shape 11×11×3 will require

approximately 5.2 Billion microrings without filtering non-receptive field

values. However, once non-receptive field values are filtered, the same

number would drop to 35 thousand. The latter translates into a saving

of more than 150k× in the number microrings. Similarly, the 4th layer of

AlexNet, which accounts for the most number of kernel weights will require

3456 microrings. Considering a microring size of 25µm×25µm [125], it takes

an area of 2.2mm2 to fit all the microrings. Figure 3.4 compares the number

of microring for different layers of AlexNet.
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Figure 3.7: Total number of microrings required in MRR banks for different
convolutional layers of AlexNet for two cases, namely redundant microrings
Filtered and Not-Filtered.

3.3 Optimizing the Design of Photonic CNNs using Mathematical

Transformations and Novel Technologies

3.3.1 Algorithms and Transformations for Convolution

As discussed in earlier sections convolution accounts for the significant

portion of computations in neural networks in general and in CNNs in

particular. This is not merely for the inference stage but also during training

a large number of convolution are performed. However, the performance

requirements of the convolution in the inference stage is different from those

during training. During training, the model tunes its parameters by creating

gradient weight adjustments. In order to do this, all or multiple input data

instances are batched together and fed into the model. As a result the

amount of time to process a batch is amortized among many data instances.

In contrast, during the inference the trained model is deployed to perform
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Table 3.2: Kernel size in CNN implementations. It can be seen that filter of
size 5×5 comprise only a minute fraction of total filters.

CNN 1×1 (%) 3×3 (%) Small 1D filters 5×5 (%)

GoogLeNet 64.9 17.5 1.7 15.9
Inception V3 43.2 17.9 35.7 3.2
Inception V4 40.9 16.1 43 0
MobileNet 93.3 6.7 0 0
ResNet50 68.5 29.6 1.9 0
VGG16 0 100 0 0

predictions, often in real time. Thus, the inference is more latency-sensitive.

For instance in a self-driving vehicle application, the model only receives a

small number of input images per second, however, processing and reaction

time to an output stimulus is expected to be minimal to avoid any potential

collision scenarios.

One factor that is shown to have a significant impact on the latency of

the CNNs is the size of the filters. Functionally, filters with smaller sizes

are preferred over larger filters [116][56][123]. Table 3.2 list the filter size

for some of the recent CNN implementations.

At the time of writing this manuscript there are three main methods

to speed up a convolution operation. In the first approach convolution is

realized by transforming the convolution into general matrix multiplication

(GEMM). In this approach the convolution input and the filter undergo a

transformation by the Toeplitz matrix. Then, the two transformed matrices

are multiplied using matrix multiplication. The drawback of this approach

is that Toeplitz transform bloats the size of the input matrix by a factor r

where r is the size of a r× r filter.

Second method uses Fast Fourier Transform (FFT) to perform tiled con-
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volution operations. From Fourier theorem we know that cyclic convolution

can be performed by transforming the input and filters into Fourier domain.

An element-wise multiplication (also known as Hadamard multiplication)

results in an equivalent of convolution, but in Fourier domain. An inverse

FFT operation transforms the calculated convolution back into the original

domain. FFT-based convolution had been the method of choice for convolu-

tion operation [80][133][31] until the recent past. Lately, it is shown that

FFT-based convolution is better suited for larger filter sizes [70]. The third

method uses the Winograd filtering algorithm, which we explain in detail in

the following section.

In a 2D convolution, a single output component of the convolution is

calculated by,

yn,k,p,q =
c

∑
n=1

r

∑
x=1

r

∑
y=1

xn,c,p+x,q+y×wk,c,x,y (3.6)

The operation in equation 3.6 is repeated for all outputs convolution com-

ponents. In a brute-force convolution the total number of multiplications

required to perform a full convolution is equal to

(m× r)2 (3.7)

where m is the size of the output feature map channel and r is the size of

the filter. At the time of writing this paper, Winograd convolution in the

most efficient convolution algorithm being used for CNNs [70]. Winograd

convolution is based on the minimal filtering principles. The algorithm

states that in order to calculate m outputs with a finite impulse response

(FIR) filter of size r, denoted by F(m,r), the number of required multiplications

is,

n = (m+ r−1) (3.8)
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While equation 3.8 is derived for the 1D convolution operation, one can

nest it with itself to acquire a 2D convolution. Therefore, the number of

multiplications needed for the same 2D convolution is given by,

(m+ r−1)2 (3.9)

From equation 3.7 and 3.9 we can infer that Winograd results in a

reduction in the complexity by a factor of,

(mr)2

(m+ r−1)2 (3.10)

It should be noted that in our proposed photonic accelerator, multipli-

cation operations are carried out by MRRs. Any reduction in the total

number of multiplication operations, and thus MRRs, can save us not only

in footprint of the design, but also in the design complexity.

Now, in order to understand how minimal Winograd works, let us first

consider the case for 1D convolution. Let matrix W be the matrix of weights,

and matrix D be the data matrix. Winograd computes the F(2,1) convolution

as following d0 d1 d2

d1 d2 d3




w0

w1

w2

=

m1 +m2 +m3

m2−m3−m4

 (3.11)

where values mi are intermediate values found by

m1 = (d0−d2)×w0

m2 = (d1 +d2)×
w0 +w1 +w2

2

m3 = (d2−d1)×
w0−w1 +w2

2
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m4 = (d0−d3)×w2

Above equations show that with only 4 multiplications between inputs

and weights, Winograd can compute a F(2,3) convolution. All wi terms

can be pre-computed after the training stage. In order word, during the

inference time, while data values di, corresponding to inputs change, the wi

values remain the same throughout the inference. The 1D Winograd can be

expressed by a closed matrix form as

Y = AT [(G×w)� (BT ×d)] (3.12)

where AT , BT , and G are three heuristic transforms described by equations

3.13, 3.14, and 3.15. w is the weight vector and d is the input vector.

AT =

1 1 1 0

0 1 −1 −1

 (3.13)

BT =



1 0 −1 0

0 1 1 0

0 −1 1 0

0 1 0 −1


(3.14)

G =



1 0 0

1
2

1
2

1
2

1
2 −1

2
1
2

0 0 1


(3.15)

One conclusion from equation 3.11 is that to compute a single output of

1D convolution only a window of (m+ r−1) input values are needed.

In a modern CNN the bulk of convolution operations are comprised of 2D
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convolutions. Equation 3.12 can be easily extrapolated for 2D convolution

by nesting two 1D Winograd convolutions. The resulting 2D Winograd would

be,

Y = AT [(G×w×GT )� (BT ×d)×B] (3.16)

From [70] for the case of F(4×4,3×3) matrices BT , G, and AT have the forms,

AT =



1 1 1 1 1 0

0 1 −1 2 −2 0

0 1 1 4 4 0

0 1 −1 8 −8 0


(3.17)

BT =



4 0 −5 0 1 0

0 −4 −4 1 1 0

0 4 −4 −1 1 0

0 −2 −1 2 1 0

0 4 0 −5 0 1


(3.18)

G =



1
4 0 0

−1
6

−1
6

−1
6

−1
6

1
6

−1
6

1
24

1
12

1
6

1
24

−1
12

1
6

0 0 1


(3.19)

The number of addition and multiplications required for Winograd trans-

form, not the element-wise multiplications, increases quadratically with the

tile size. Thus, Winograd is expected to perform most efficiently for smaller

filter sizes, and thus smaller input tiles.
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Algorithm 1: Winograd for 2D convolution
for row=0; row<H; row+=m do

for column=0; column<H; column+=m do
for channel=0; channel<c; channel+=1 do

for filter=0; filter<N; kerne;+=1 do
load input tile;
transform input tile;
load transformed filter;
perform EWMM

end
end

end
Output Winograd convolution result

end

3.3.2 Winograd CNN Accelerator Design withMemristive Weight Mem-

ory

We used the broadcast-and-weight neuron in 3.1 to realize our proposed

Winograd based CNN. More specifically, we adopt broadcast-and-weight

neurons to perform two Winograd transformations and one element-wise

matrix multiplication (EWMM).

Figure 3.2 shows the working mechanism of a MRR-based weighting

function on a single wavelength λ0. The MRR operates as a tunable analog

filter with the center frequency of λ0. Applying voltage to EOM leads to partial

passage of optical signal through the waveguide proportional to the voltage.

By setting this voltage pragmatically we can create a weighting mechanism.

It is worth noting that in neural networks, once the network is trained, the

weights do not change. Thus, here we would like to use a voltage source to

keep its value once trained. Memristors are great candidates for this task

as they retain their resistance value for extremely long time intervals. In

our simulations we use the memristor model introduced in [117] with bit

resolution of 6 bits.
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AMRR has a natural transmission spectrum λ0 that sets the transmission

spectrum (T). When an optical signal travels the main waveguide, MRR with

the resonance frequency of λ0 can force the signal content on λ0 band to

couple into the MRR. Applying a voltage to a MRR shifts the resonance

frequency due to the changes in the refractive index of the MRR. A voltage

shift from V0 to V1 can introduce a transmission change (∆i) corresponding

to the two the difference between λ0 and λ1. As a result by adjusting V1

we can control the level of coupling between the waveguide and the MRR,

mimicking the weighting of the original signal in the waveguide. This is

used in our scheme, to implement the point-wise multiplication.

The most widely used modulators are either the p-i-n junction based

[141] or the p-n junction based [148]. In regards to performance silicone-

based MRRs and foundry implementations can achieve 50GHz with a driving

voltage in the range of 1 2V . [47][148][16]. It was shown in [38] that a

Silicone-based electro-optic MRR reached the speed of 11GHz with insertion

loss as low as 2dB. Such modulation speeds are fully within the acceptable

speed regime for the inference neural network because the neural network

is already trained and the weights are set. As a result the inference speed

is only bounded flight-time of the photon.

There are multitude of sources than contribute to the uncertainty of

values by perturbing the weights programmed and the output signal. First,

the electrical noise associated with the MRR modulator. Secondly, the

variation in the analog voltage provided by the memristive memory. Thirdly,

the inter-channel cross-talk at high data rates high data rate situations(>

20Gb/s) [63][19]. The latter can be compensated for by providing more power

within channels.

There are two sets of values that determine the power for a photonic
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accelerator. First, higher bound, which is dictated by the maximum optical

power that the silicone waveguide can carry before incuring nonlinear effects.

Secondly, the lower bound that is derived from the signal to noise ratio (SNR)

of the photodiode. For instance, a foundry integration of the Germanium

photodiode can reach 40GHz operating frequency and a noise equivalent

power (NEP) of 1pW/
√

Hz under a reverse bias voltage of 2V [1]. Recently,

there has been many demonstration of research photodectors operating in

hundreds of GHz frequency regime [134][108][78]. Dynamic range of the

photodiode is required to be set carefully to avoid saturation in addition to

accounting for the bit resolution [115].

In [126] authors presented a method to calculate the speed of the optical

parts of the accelerator ignoring the IO limitation. The concluded the speed

can be derived by the total number of MRRs and their corresponding pitch

size. They also identified that the two main sourced of error are photode-

tection and phase cross-talk. Additionally, the variations in fabrication

can also lead to spectral shifts of the resonance frequency. While there are

multiple methods to tune the resonance frequency of MRR, due to high

optical sensitivity of elements to temperature, thermal tuning is extremely

popular in MRRs. This can be achieved by simply placing micro-heaters

near each individual MRR [24][143].

Brain-inspired neuromorphic system borrow two main principles from

biological brains, namely, massively distributed processing and physical

proximity of memory to the processing elements. Such memory units are

required to be programmable corresponding to the plasticity of synaptic

connections in the brain. Except for very limited number of learning algo-

rithm, the bulk of modern neural networks perform training and inference

separately demanding different requirements. During the training phase
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the weights are set and programmed into the weight memory. Once these

weights are set, during the inference the value of the weights do not change.

It should be note that MRRs require an analog bias voltage as a their pro-

gramming mechanism. Having said that an ideal weight memory would be

analog and non-volatile.

Memristive memory devices satisfy all of the above requirements. Modern

memristive memories have ultra-low power consumption, non-volatile, with

very high retention times [145][25][117]. The bit-resolution of memristive

memories has continuously risen over past decade [17][86][101][72]. Au-

thors in [117] proposed and fabricated an analog memristive memory unit

with bit-resolution of up to 6.5 bits. The device has a footprint of 20µ×20µ

and is capable to retain its resistive state for up to 8 hours. In order to have

a better sense of the footprint in a real world scenario, we can estimate the

memristive memory footprint for the largest layer of AlexNet. In AlexNet the

third convolutional layer has the largest number of filter weights equal to

884,736. Assuming the overhead circuitry increases the footprint to approxi-

mately 50µ×50µ, the memristive memory unit can be realized in less than

0.25cm2. Figure 3.8 depict a programmable MRR weight with a memristive

memory to provide the programming voltage.

In this paper we propose a photonic CNN accelerator based on Wino-

grad algorithm and realized using the photonic neuron introduced in [128].

Figure 3.9 depicts the architecture of a single Winograd PE. Our proposed

accelerator processes a single layer of a CNN at a time. This is mainly due

to the fact that in a CNN different tiles of output feature maps are computed

sequentially, and thus arrive at different times. But, in order to initiate

processing of the next layer, all the inputs from the previous layer need to

be available and synchronized. Our approach to process one layer at a time
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Figure 3.8: A MRR weight memory with Memristor to program the weight.

enforces this synchronization. Furthermore, implementing multiple layers

of a CNN will result in large area overheads.

At the input of our accelerator, an input tile of shape n×n× c along with

filters of size r× r× c are transformed into the Winograd domain. Input and

filters’ transforms are then multiplied element by element. The output of

this multiplication needs to be transformed back using an inverse Winograd

transform. The signals at this stage are digitized using an array of ADCs

and placed onto the output line buffers to be stored back in the off-chip

memory.

Figure 3.10 presents the overview of the our proposed architecture. Our

proposed architecture runs on two clock domains. First a high speed

5GHz clock domain, which accommodates low latency components of the

accelerator including the photonic components. In section 5.2.1 we explain
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Figure 3.9: High-level flow diagram of Winograd filtering technique for
convolution operation. Unlike conventional convolution, which computes a
single output at a time, Winograd algorithm computes a tile of output, here
of size m×m. In order to generate an output tile, Winograd requires to fetch
an input tile of size n×n. Both input tile and filter are transformed into the
Winograd domain. Within the Winograd domain, previously transformed
input and filter are multiplied in an element-wise fashion. Finally, the output
of the element-wise multiplication is transformed back into the original
domain and channels are collapsed into a single value per tile element.

our rationale on how we arrive at the 5GHz high speed clock frequency. The

rest of the accelerator including input feature map buffers, filter buffers,

filter Winograd DSP module, and filter path DAC run on a slower clock

domain because there is no time sensitivity on filter path, and data transfer

from/to off-chip memory. At the heart of our accelerator, we have an

Element-Wise Matrix Multiplication unit, which we implement in photonics

using photonic neurons. We store the input feature maps and filters in an off-

chip memory. Both the input feature maps and filters require to go through

Winograd transformation, which are matrix multiplications described in

equations 3.18 and 3.19. It should be noted that while input feature maps

change for different tiles of inputs, filters are fixed for each layer. For that,

we implemented the input feature map transformations in photonics and

filter Winograd transformations in electronic DSP. This way, we will not

pay the overhead associated with photonic implementations including the

conversion of electronic filters to photonics. Later, the transformed filters
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and input feature map tiles are converted into analog signals to modulate

the laser beams. However, as the filters are fixed over the processing time

of the layer, analog filter signals need to be maintained for that time. Thus,

we propose to use the non-volatile analog memristive memory bank, which

maintains these voltages in their analog form for long retention times.

Figure 3.10: High-level architecture of our proposed photonic accelerator.
Input feature-maps and filters are initially stored in an off-chip memory.
Input tiles of size n×n are loaded into the input line buffer one at a time.
Kernel weights do not change once the CNN is trained. Thus, we perform fil-
ters’ Winograd in electronics and the cost is amortized over many input tiles.
Winograd transform for input feature map tiles are computed in photonics.
The photonic element-wise matrix multiplication (EWMM) unit performs
the core Winograd element-wise Winograd multiplications. Outputs are
digitized and placed onto the output line buffer. Finally, processed layer
outputs are stored in the off-chip memory.

In Winograd convolution, and in each iteration, a tile of n×n is processed.

In order to process an entire feature map, the transformed filter tile needs to

move across the input feature map. In this paradigm two successive input

tiles share size (r−1)×n elements. This, introduces data reuse opportunities,

to avoid multiple queries of same data block. Here our goal is to exploit

this opportunity at the front-end of our accelerator. Our design is inspired

by the work in [77], where authors utilize line buffers to avoid redundant

queries from the off-chip memory. Figure 3.11 shows an example line buffer
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design to load and hold a 3×3 input feature map tile. Input tiles are fetched

from off-chip memory and loaded into the line buffer. Buffered tiles are then

passed into the digital to analog converter (DAC) using parallel channels.

Figure 3.11: An example line buffer design to load and hold an input tile of
size 3×3.

In parallel to the input data stream, transformed filter weights are con-

verted into the analog signals to program the analog memristive memory. We

then use the voltage generated using the stored analog signals to modulate

the laser source for the filters. Each output signal generated by a DAC is

then used to modulate a laser beam of a particular wavelength λi. It is

worth noting that for each set of filters modulated by the laser source, input

line goes through multiple iterations corresponding to different input tiles.

Once both input tile laser beam and the filter laser beam are ready, the

EWMM, multiplies each element of the Winograd input feature map tile with

its corresponding Winograd filter value. The output from EWMM unit must

be transformed back from Winograd domain into the original domain by the

inverse Winograd transform. The result contains output feature map tiles

for multiple channels c. Lastly, output feature map values are digitized and

stored back into the off-chip memory.

A key principle in HPC is to try to minimize the IO and other communi-

cation latencies, compared to that of the computation time, to avoid unit
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under-utilization. From Algorithm 1 we can see that the two inner-most

loops iterate over different channels of the input feature map tile and dif-

ferent filters. Moreover, operations within these two loops are independent

form one another. This provides parallelization opportunities at the cost

of additional hardware. In other words, the amount of parallelization and

speed up we can achieve, scales linearly with the number of pipeline replica-

tions in our system. This linear scaling plateaus as soon as the computation

bandwidth approaches the data transfer bandwidth. Our envisioned design

uses an arbitrary number of 100 parallel paths. Our evaluation results in

the next section justifies this selection.
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Chapter 4: Photonflow: Our Photonic Neural Network Methodology

and Simulation Framework

One of the main challenges in thephotonic neuromorphic design flow

is the lack of sufficient tools between the high-level and low-level abstrac-

tions. While it took decades for digital electronics to gradually bridge the

abstraction gaps, photonics and more specifically neuromorphic photonics

should take a shortcut and adopt as many of such methodologies and learn

from the past experience. Neuromorphic computers are divergent from their

conventional von-Neumann counter-parts in three major ways. First, the

co-localized processor and memory scheme, which brings the memory and

processor closer together. A byproduct of this is that the programs move

closer to processors. Second, inspired by the human brain, processing

elements in neumorphic computers are inherently heterogeneous. This het-

erogeneity elevates various functionalities while preserving locality. Third,

programming through learning, rather than explicit programming, is an

important differentiating factor from conventional programming paradigms

and lead to robust systems, or possibly even improved performance

4.1 Neuromorphic Photonic Design Flow Perspective

Our perspective is that, a design flow for neuromorphic processors in

general, and for neuromorphic photonics in particular should be cognizant

of the hardware infrastructure, even from early specification stages. This

can be achieved by including accurate behavioral models into the training

and initial inference tests. Figure 4.1 shows an envisioned design flow for

neuromorphic photonics. Particular to neuromorphic systems, top layers
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Table 4.1: Comparison of various photonic tools vs their scope. *Neural
Network column indicates whether the tool can natively design and simulate
a modern neural network.

Scope

Tool
Device
Simu-
lation

Circuit
Model-
ing

System
Simu-
lation

Neural
Net-
work*

Lumerical [2] 3 3 7 7

OmniSim [4] 3 7 7 7

Synopsys [51] 3 3 7 7

Caphe [43] 3 3 7 7

VPIphotonics [6] 3 3 7 7

PhotonTorch [69] 7 3 7 7

QNET [129] 7 3 7 7

Neurophox [3] 7 7 3 3

DEAP CNN [20] 7 7 3 3

PhotonFlow [84] 7 7 3 3

accommodate for steps necessary to translate an application statement into

a neural network graph with a trained set of weights. In this section, we

briefly review some of the reported design and simulation methodologies and

tools in photonics and how they fit within the design flow of neuromorphic

photonics. Tabel 4.1 compares various photonic simulation tools in terms

of their level of abstraction and whether they provide neuromorphic design

support. Then we review examples of recent efforts that aim to simulate

modern photonic neural networks.

Traditionally, electromagnetic simulation workflows are used to design

and optimize nano-photonic devices by methods such as finite difference

time domain (FTDT) or beam propagation method (BPM), which simulate

the propagation of the electromagnetic wave in a particular geometry. While
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FTDT and similar methods can be highly optimizable and efficient at the

device simulation level, when the circuit exceeds only a few number of

components, scalability becomes an issue. Some of the more recent ef-

forts are focused on creating a facilitated design environment for photonic

components from behavioral device specifications. These specifications are

commonly laid out through a scripting language such as SKILLS, AMPLE,

TCL, or Python. This helps to not only shorten the design time, but also

standardize the design process [2][8][23].

At the circuit level, photonic platforms allow for more complex func-

tionalities that would not be feasible to directly expand from device level

approaches. Hence, some of the more coarse-grain features need to be ab-

stracted away into aggregate and behavioral representations in the form of

input-output relations. The majority of the current photonic circuit design

tools enable designers to schematically connect photonic building blocks

and translate them into photonic circuits [2]. In [43] the platform creates a

closed simulation loop that generates circuit-level models from electromag-

netic simulation and refines those models based on actual measurements

from taped out circuits. These tools commonly offer parameterized modules

with attached layouts and API-like interfaces to automate some parts of the

process, without providing full customization capabilities. In neuromorphic

computing, processing units are inherently heterogeneous and hierarchical.

This, highlights the necessity of circuits design, simulation, and layout tools

that enable hierarchical flows equipped with a comprehensive library of

basic neuromorphic processing circuits.

With the success of artificial neural networks (ANNs) over the past decade,

academia and industry have paid much attention to harness the ANNs

prowess by introducing novel conceptual neural network architectures and
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applying them to existing problems. However, the bulk of these efforts are

undertaken with digital electronic hardware being the primary computing

platform with precise digital number representations and safeguarding

mechanisms such as error detection and error correction. Even mixed-

signal neuromorphic platforms of interest with analog cores [22][7] in large

part rely on offline training with algorithms and methods with high bit-

precision representations and computationally near-ideal transfer functions.

It should be noted that the assumption behind using trained weights for

inference is that the inference hardware should retrain the integrity of

connections, weights, and their dynamics in the case of spiking neural

networks.

Currently, at the top level neuromorphic processing software stack, neu-

ral network platforms such as Google Tensorflow and Pytorch, carry out

translation of application-level specifications to computational graphs and

their corresponding trained weights. However, these weights are trained

agnostic of the inference hardware. In digital electronics this disparity is

usually manifested when the bit-resolution of the inference hardware is

different from that of the trained weights [106]. In analog neuromorphic

circuits and in particular in photonics, by mapping arithmetic functions

to non-ideal transfer functions of the photonic components, the integrity

of trained weights is challenged. In addition, unlike digital circuits, even

small amounts of noise can skew numerical representations. We envision,

a high-level hardware-aware layer in the photonic neuromorphic software

stack, which can natively simulate and execute a modern neural network.

One effective approach to realize such layer is to conduct training and in-

ference by including behavioral models of photonic components early on in

the neural network selection and training process.
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In [3] a machine learning and photonic simulation framework, namely

Neurophox was presented. Neurophox enables robust and efficient simula-

tion of optical neural networks that operate based on the unitary matrix

multiplication principles. In addition, Neurophox can seamlessly integrate

with existing machine learning frameworks such as Google Tensorflow. How-

ever, Neurophox is capable of simulating only the unitary optical systems

such as the nanophotonic processor in [54].

Here, we propose a design methodology applicable to neuromorphic

systems. Our methodology is based on extending existing commonly used

neural network packages, such as Google Tensorflow. We propose to extend

the hardware-agnostic arithmetic units with functional and measurement

models of the technology, here photonics. Our approach is distinguished

from other similar works in three major ways. First, our approach allows

users to benefit and rely on low-level and mid-level features of Tensorflow

such as high-speed back-end processing on a variety of hardware choices

such as CPUs and GPUs. Secondly, our work particularly emphasizes on

noise as a significant component of any analog circuit including photonics.

Lastly, familiarity with a widely-used platform such as Tensorflow, shortens

the learning time and the time to import existing work into our tool

Our goal is two fold, first, to investigate the effect of non-ideal analog

photonic components on the functional performance of a neural network.

Secondly, estimate the power consumption of these analog photonic compo-

nents in such networks to achieve a better understanding of the trade-offs

of adopting the neuromorphic photonics. In the rest of this section we

first introduce a few of the most commonly used photonic components in

neuromorphic photonics. Then, we briefly discuss the overall hierarchy of

the Tensorflow tool and where and how it was extended. Lastly, we provide
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example mathematical descriptions of the modeled components.

We extend Tensorflow with two classes of models. First, functional

models, that transform ideal noise-free arithmetic operations with their

realistic analog photonic representations. Secondly, power models that

aim to compute power estimates. While power models do not affect the

functional performance of a neural network such as the prediction accuracy,

functional models influence them.

Here we start by introducing a set of commonly adopted photonic devices.

We emphasize on two example devices used to realize photonic multiplication,

namely MRR and Mach-Zehnder interferometer (MZI). The two devices realize

the same functionality so we use them as an example case for design space

exploration.

MRRs play a significant role in photonics. A generic MRR is a circular op-

tical waveguide as shown in Figure 4.2 (a). The MRR in Figure 4.2 is coupled

to one Through and one Drop waveguides. The portion of the light coupled

to the ring will loop through the ring and then couple back to the Through

waveguide and create anywhere between a destructive or a constructive

interference. The level of interference depends on the wavelength of the

incoming beam and the resonant frequency of the ring. By applying a bias

voltage Vbias the resonant frequency of the ring is changed, thus affecting

the level of interference.

That being said, the two outputs of the MRR together can be used to

create differential weighting between an incoming light beam and a bias

voltage. It should be note that this weighting is spectrally sensitive and even

can be engineered to realize selective parallel multiplications on different

wavelengths.

Another alternative device that can be used for weighting in photonics is
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the MZI [114]. Figure 4.2 (b) demonstrates a MZI device. The input light

beam is split into two beams through a beamsplitter. Each beam incurs a

different phase change by a phase shifter. At the output, a combiner com-

bines the two phase-shifted beams. The output beam will have a different

amplitude dictated by the relative phase of the two beams, which similar to a

MRR can cause a range of interferences. Hence, by controlling the amount of

phase shift, a weighting mechanism between the input beam and the phase

shift is realized. As discussed in chapter 1, in photonics, the summation

operation can be realized optically in two main ways; incoherently via a

photodiode or alternatively, coherently by combining two phase-stabalized

photonic beams. By feeding a set of input light beams to a photodiode, we

can aggregate the power of the beams and generate an electrical current

proportional to the sum of the incident beams.

Another important class of components in neural networks is the nonlin-

ear activation function. Without nonlinear activation functions the whole

neural network collapses into a linear transformation, incapable of finding

complex nonlinear patterns. There has been many recent works in pho-

tonics to build nonlinear activation functions for neural networks [48][89].

One way to build a nonlinear activation function in photonics is to map the

nonlinear activation function onto the transfer function of an electro-optic

modulator (EOM). The advantage of this method is that when paired with

a photodiode, the output of photodiode is an electrical current, which can

directly be used to drive an electro-optic modulator without the need of

any direct electrical to optical conversion. Furthermore, we can use a new

laser source to be modulated by our signal, which allows to keep signal

cascadability high.

Tensorflow at heart is a dataflow graph processor that can map a com-
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Table 4.2: Mapping of primitive math operations to their hardware realiza-
tion.

Math Operation Photonic Representation

Multiplication MRR, MZI
Addition Photodiode

Connection Waveguide
Non-linear Activation Electro-Optic Modulator

putational graph across machines in a cluster and across different com-

putational devices, such as CPUs, GPUs, and TPUs. While our design

methodology is for the most part focused on the inference, the availability

of training algorithms allow the designer to benefit from a wide variety of

state-of-the-art train-time tools on top of a familiar user interface. Figure

4.3 depicts the hierarchical architecture of Tensorflow and our extended

photonic models.

Core Tensorflow is coded in C++ to take advantage of its performance and

portability. Given an input graph, it partitions the graph into sub-graphs to

be used by supported underlying computing hardware. From Figure 4.3 it

can be seen that, many of standard kernels are fused in the low-level kernel

implementations to gain better performance for standard neural network

architectures. Within the low-level kernel layer, the kernels form a gamut of

operations from very simple tensor definition to more complex convolutional

and recurrent layers. Since these fused kernels are accessible through

high-level Python and C++ clients, we can extend these base kernels inside

the training and inference libraries.
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4.2 Photonflow Extended Models

In the rest of this section, we provide example mathematical models we

used to extend the base Tensorflow components with. The first example is

the power model for the photodiode. Power in a photodiode is calculated

using the Responsivity equation as follows,

R =
Iph

Pin
= λ

q
hc

η [
A
W

] (4.1)

where Pin is the power of input incident light, Iph is the photo-current, q is

the electron charge, λ is the wavelength, h is the Planck’s constant, and c is

the speed of light. For a photodiode, given the technology, the Responsivity

is known. In this work we use values from foundry processes [130].

Another example of a model we implemented here is the noise models.

Noise models fall under the functional models class as they perturb the

operation of, otherwise ideal, photonic neural networks. For the same

photodiode, there are two types of noise sources namely thermal noise and

the shot noise, which are derived from,

Isn =
√

2q(Iph + ID)∆ f and Itn =

√
4KBT ∆ f

RSH
(4.2)

where ID is the dark current, ∆ f is the bandwidth, KB is the Boltzmann

constant, T is temperature in Kelvins and RSH is the total equivalent shunt

resistance. Noise models are particularly interesting because they let us

explore the design space of photonic neural networks with different noise

characteristics.

The last class of models are functional models that aim to create a

more realistic implementation of photonic devices or adjust for functional
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imperfections of photonic hardware. For example in MRRs, which are used

to realize the weighting operation, the actual transfer function of the Through

port is defined by,

TT hrough =
Ipass

Iinput
=

r2
2a2−2r1r2acosφ + r2

1
1−2r1r2acosφ +(r1r2a)2 (4.3)

where a is the attenuation, r1 and r2 are coupling coefficients with Through

and Drop waveguides, and φ is the single pass phase shift. As a result,

when a becomes non-negligible the weighting of the incident beam and the

bias voltage incur some level of precision loss.
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Figure 4.1: Enivisoned design flow for neuromorphic photonics system
design. At the top of the design flow stack, neuromorphic-specific steps
account for accurate translation of application statement into trained set of
weights.
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Figure 4.2: Schematic diagram of (a) a MRR device (b) a MZI device.

Figure 4.3: Overview of the Tensorflow architecture and our extended pho-
tonic model library implementation.
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Chapter 5: Experimental Results for the Photonic Simulations

5.1 PCNNA CNN Accelerator

Here we derive an analytical estimation of the execution time for the

PCNNA. The optical convolution core of PCNNA is capable of computing

convolutions of multiple kernels in parallel for a single receptive field within

a single clock cycle. We name this time window Tmac_i, which equals the time

to complete all multiply-and-accumulate operations for a series of kernels

over the receptive field location ith. The number of locations (Nlocs) kernels

can have on the input feature maps is found by equation 3.3 divided by its

number of channels,

Nlocs =
Nout put

K
= (

[
(n+2p−m)

s

]
+1)2 (5.1)

Therefore, without considering the electronic IO limitations, the compu-

tation time to perform a full convolution for for an input feature map and K

kernels is,

Tconv = Nlocs×
1

fclock
(5.2)

It should be noted that Tconv in equation 5.2 is independent of the number

of kernels. This allows for increasing the number of kernels without sacrific-

ing execution time. The only overhead associated with increased number of

kernels in PCNNA is the allocation of more dedicated microrings per kernel.

However, the number of microrings increase only linearly with the number

of kernels. The total execution times based on a 5GHz clock for each layer

of Alexnet using PCNNA is listed in Figure 5.1. This result shows that the

PCNNA core has the potential of speedups of up to 5 orders of magnitude in
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comparison to its cutting-edge electronic counterparts. But, a full system

implementation performance of PCNNA is bound by the electronics, both at

the front-end and the back-end.

Figure 5.1: Comparison of execution time for convolution layers of AlexNet.
PCNNA(O) indicates the Optical core of PCNNA without electronic IO con-
straints. PCNNA(O+E) indicates full system comprising Optical and Elec-
tronic sub-systems.

On the front-end, for each iteration of kernels across the input feature

map, the corresponding receptive field values are loaded from the off-chip

DRAM into the buffer. For each convolution layer, the first location of kernels

on the input feature map require to load Nkernel = m×m×nc value into the

buffer. However, as the kernel moves across the input feature map, for

subsequent locations of kernels, only a subset of Nkernel values equal to nc× s

must be updated. The stride value s is usually 1 and in general smaller

stride values are preferred over larger ones as they tend to retain more

information from at the boundaries of kernels locations on inputs.
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Buffered inputs are cached in the SRAM memory [45], which has a 128kb

capacity that can store 8 thousand 16bit values. The access time for the

memory is 7ns and it has a footprint of 0.443mm2. Cached values need to be

converted to analog signals using Digital-to-Analog Converters (DAC). In

PCNNA DACs operate at a rate of 6GSa/s [74] while each takes up an area of

0.52mm2. Our design comprises 1 kernel weight DAC and 10 input DACs. It

is worth noting that for every single set of kernel weights for a CNN layer,

multiple input values need to be loaded corresponding to different locations

of kernels over the input feature map. Here, analog input values from DAC

modulate the laser beams with Mach Zehnder Modulators (MZM), which

are usually faster than the 5GHz clock.

At the output, calculated convolutions are digitized with a 2.8GSa/s

Analog-to-Digital Converter (ADC) [118] and stored into the off-chip DRAM

through the output buffer. Considering all hardware specifications, the

speed bottleneck of PCNNA is the DAC. For every location of kernels over

the input feature map a DAC needs to sequentially convert digital inputs to

analog values at each stride. This number for largest layer of AlexNet with

a stride of 1 and 10 (NDAC) DACs equals:

Nupdated−inputs =
nc×m× s

NDAC
=

384×3×1
10

≈ 116 (5.3)

We calculated the execution time using this speed constraint. Figure 5.1

reports on the estimated execution time of convolution layers of AlexNet on

PCNNA in comparison with Eyeriss [30] and YodaNN [14]. In Figure 5.1,

PCNNA(O) indicates only the purely optical core execution times and PC-

NNA(O+E) represent the full system estimated execution times considering

the electronic constraints. Even with electronic IO speed restrictions the
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full PCNNA system still has the potential of saving up to more than 3 orders

of magnitude in execution time.

5.2 Winograd CNN Accelerator

In this section we evaluate the performance of our accelerator for the

3×3 filters of the VGG16 against the recent FPGA [146][77][104][119][147]

and GPU implementations [77].

5.2.1 Speed

Here we develop a model to estimate the execution time of the our ac-

celerator. First we model the time required to convolve one input tile with

one filter and we call it Ttile_ f ilter. Following that, we generalize the model

to the case where we parallelize the process based on available resources.

For one input feature map tile and a filter, both, the input branch and the

filter branch of the Figure 3.10 are fully pipelined. Therefore, the execution

time of a layer is determined by the longer of the two paths of filter path

and input path. For each iteration of the filter path, input data path goes

through multiple iterations. This is because a single filter operates on many

input data tiles. That said, the input data path sets the upper bound on

the delay. Our execution time model is comprised of two major components

namely, the Input/Output time (TIO) and the computation time (TComp). We

define (TIO) as,

TIO = max(Tload,To f f load) (5.4)

where Tload is the time it takes to transfer data from the off-chip memory to

the input of the laser sources. Moreover, we can implement a total of Pinput
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DACs to speedup the data transfer. Considering the fact that our input

matrices are of the shape 4×4, we used an array of 16 DACs in this work.

Similarly To f f load is the time to store back the computed outputs from the

inverse Winograd transform to the off-chip memory. The goal is to match the

rate of the ADC at the output with input DAC to avoid any speed mismatch

and thus congestion in the pipeline. At the time of this review both on-chip

DACs and ADCs are capable of operating at sampling rates of more than 18

GS/s for bit resolution of at least 8 bits [97][141]. Furthermore, with recent

advances in memory technology, current memories are able to transfer data

at high IO bandwidths up to more than 512Gb/s [71]. This high memory

bandwidth allows us to buffer data and filters from off-chip memory at high

transfer rates and feed it to our input line buffers. However, for our line

buffers we need memories with high clock frequency and short access time.

Current reported memory technologies have access time as short as 200ps.

At the photonic core of our accelerator, Tcompute is,

Tcompute = Tlaser +TWinograd +TEWMM +TiWinograd (5.5)

where TWinograd is the time to compute the Winograd transform, TEWMM is the

time to perform the element-wise matrix multiplication, and TiWinograd is the

time compute the inverse Winograd transform. Once the laser is set up,

input signals only incur a time delay equivalent to flight time of the light

before they are fed into the ADC. Having said that the clock frequency of

the pipeline is determined by

f requencyclock ≤
1

min(Tload,To f f load,Tcompute)
(5.6)

As a result of equation 5.6, we picked a clock frequency of 5Ghz, which
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satisfies equation 5.6. From equation 5.6 Ttile_ f ilter is simply found by,

Ttile_ f ilter =
1

5GHz
= 200ps (5.7)

For a F(4×4,3×3)Winograd, each Ttile_ f ilter returns an output block of size

9 equivalent to 9 convolution operations. Having a clock frequency of 5GHz,

our proposed accelerator performs at 9×5G= 45GOP/s. Figure 5.2 shows the

average convolution speed comparison of our proposed accelerator against

the state-of-the-art FPGA and GPU implementations.

Figure 5.2: Comparison of convolution operation speed for FPGA, GPU, and
our photonic implementation. The last column labeled with (p) represents
the speed of the photonic core in the absence of electronics.
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5.2.2 Power

Figure 5.3 depicts the power comparison results. Finally We plotted the

energy efficiency figure of merit defined by the ratio of speed to power in

Figure 5.4.

Figure 5.3: Comparison of convolution operation power for FPGA, GPU, and
our photonic implementation. The last column labeled with (p) represents
the power consumption of the photonic core in the absence of electronics.

There are different architcture for the computing. of the processing

power os the answers that are giving to the processing power of the von-

neumeann architecutirea that consitutirea’ that acccount for the advantages

of the photonic computing. This is done in particular for the architecture at

that are involicae in the process of creating the photonics architectuis for
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Figure 5.4: Comparison of energy efficiency for FPGA, GPU, and our photonic
implementation. The last column labeled with (p) represents the power
consumption of the photonic core in the absence of electronics. The results
show that using photonics as an accelerator has the potential of improving
energy efficiency by up to more than three orders of magnitude.

neuromorphocs circuites that have a high input impedance and negiligible

impendance when matched with the architectures that are hoogwneuous

throughout of the system of interconnected devices. As of now there are

multiple of avenues envisioned for the neuromorphic processig.

5.2.3 Training, Inference, and Noise

We initially trained our neural network offline on a conventional digital

computer. Later during the inference stage we loaded the trained weights

into our in-house simulator, which is equipped with noise sources modeling.
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Our hypothesis was that inference on a noisy neural network would result

in some loss in accuracy. This is mostly due to the fact that, the network

used during the training is noise-less, with 32-bit floating point resolution,

while during inference the weights all in a sudden face a noisy network. In

other words, the network performing inference experiences unseen noise

behavior that results in accuracy loss. We tested our hypothesis by sweeping

a range of inference noise levels and observing its effect on accuracy. For

that reason, we identified two major noise sources, namely the neuron

output noise and the weight noise. The neuron output noise represents

the noise introduced at the output of each neuron by the photodiode and

the nonlinear activation function. The first plot in Figure 5.6 shows how

accuracy is impacted by noise during inference for the case that the network

was trained free of any noise source.

Our next hypothesis was that, if we allow for certain amount of noise

during the training, the model would become more robust to noise during

the inference stage. To that end, we trained the network with output noise

source on. We only added the output noise, and left the weight noise off,

because weights are required to be calculated with maximum precision

during training. In fact we observed that even a minute amount of noise

added to the weights during the training could destroy the accuracy of the

network to its baseline level of about 10%. We swept the addition of training

noise at logarithmic steps from 0.01% to 1%. Figure 5.7 depicts the effect

of adding an output noise equivalent to 0.1% and 0.5% of the maximum

signal swing at the output of neurons. In our experiments we observed

that the addition of about 0.1% noise during the training may result in

slight 2% accuracy loss for low level of noise during inference. However, the

model becomes more robust to higher levels of inference noise. This shows
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that modeling noise by addition of noise during training can fine-tune the

network for a physical noisy realization. Lastly, we noticed adding further

amount of training noise beyond the initial 0.1% resulted very significant

inference accuracy losses shown in Figure 5.8.

5.3 MRR vs MZI Performance Comparison

In this section we present two class of results namely, the functional

performance and the power estimation. Figure 5.9 represents the compari-

son of the accuracy of various common neural network architectures for

the classification task on the MNIST dataset. The CNN3, CNN5, and CNN9

represent three convolutional neural networks with 3, 5, and 9 convolu-

tional layers and 16 kernels per layer. Similarly MLP3, MLP5, and MLP9 are

fully-connected multi-layer perceptron networks. Similarly, VGG16, AlexNet,

InceptionV3, and Resnet are commonly used deep neural network models

[26]. As we expected the introduction of photonic device noise adversely

impacts the accuracy. However, it seems that MRR based implementations

suffer less compared to MZI counterparts. In the second experiment we esti-

mated photonic power for the same class of neural network application with

both MRR and MZI implementations. Figure 5.5 summarizes the results.

While for most of the architectures the power estimation of MRR-based and

MZI-based systems closely follow each other, as the number of network

parameters increase, for instance for VGG16 and AlexNet the gap between

power consumption of the two device implementations widens.
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Figure 5.6: No training noise added.

Figure 5.7: 0.1% Training noise added.
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Figure 5.8: 0.5% Training noise added.
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Chapter 6: Towards Brain Simulation using Optical Interconnect

Hardware Assistance

The electronic interconnect has been a critical bottleneck for on-chip

communications and networks [131][88]. As the need for communication

bandwidth and the number of parallel cores keep increasing, the latency

and energy performance of electronic interconnects, which are mainly deter-

mined by the resistance and the capacitance of the wire, face significant

challenges in long distance communications. Moreover, the heat dissipa-

tion in recent dense integrated electronic chips has become another issue

that chip designers need to address. In chapter 1 we discussed that NoCs

are the preferred communication structure for neuromorphic systems. As

neuromorphic systems scale, multiple photonic PEs will be implemented on

a single chip. This demands for innovation of novel NoCs that are capable

of moving PE load efficiently across the chip.

Photonic interconnects are considered to be a viable on-chip communica-

tion option due to their high data bandwidth enabled by WDM. In photonics,

the (dis)charging of electrical wires is replaced by capacitively loading of the

light-manipulating device. In that, photonics has proven to be efficient for

data transmission [111]. However, due to the low light matter interaction

(LMI), photonics is not as area-efficient in manipulating light (i.e. switching,

active routing, etc) as their electronic counterparts. In contrast, plasmon-

ics benefits from high LMI at the cost of incurring optical loss. Hybrid

plasmonic photonic interconnect (HyPPI) was introduced to overcome these

shortcomings of the pure photonic or the pure plasmonic interconnects

[121]; here plasmonics is used to manipulate photons, whereas loss-less
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photonics, such as Silicon photonics, is used for passive elements such

as waveguides or y-splitter branches. HyPPI is an efficient candidate for

point-to-point connections. However, it incurs many EO and OE conversions

when paired with electrical routers. As a result, it best serves the network

once it is adopted for the longer haul communications.

6.1 Optical Interconnects for Future Large-Scale Neuroscience Simu-

lations

The ultimate goal of the human brain simulation has inspired scientist

and engineers to devise novel hardware and software solutions. Substantial

progress has been made in a wide variety areas such as understanding

functions of brain regions, recreating brain development, and modeling

biophysically realistic neuronal networks to name a few.

At a very high level human brain is a system of one hundred billion ex-

tremely heterogeneous computing nodes (neurons) interconnected through

more than one thousand trillion programmable communication channels

(synaptic connections). This identifies two significant challenges ahead of

simulating such a large-scale problem namely complexity and scale. On

average each neuron in our brain is connected to 100,000 other neurons

through. These connections are constantly made, adjusted, and removed

on a daily basis. It is suggested that the length of synaptic connections vary

in short-range connection for around hundreds of microns to long-haul

connections for roughly tens of centimeters [137][79]. In [92] Moore et al.

showed that large-scale brain simulation is bound by the communication.

In the past two decades we observed that the interest for large-scale

brain simulations grew. Initially many of the projects started in academia.

However, over time, industry started to research and invest in neuromorphic
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projects. Here we briefly review some of these projects.

The Neurogrid project [22] from Stanford university is built on a chip of

256×256 analog neurons using 180nm technology. A Neurogrid board accom-

modates 16 Neurogrid chips resulting in an average power consumption of

3W .

IBM TrueNorth [7] is a spiking neuromorphic platform based on the

TrueNorth chip, which is composed of 4096 neurosynaptic cores. The chip

is fabricate in 45nm technology. Each TrueNorth chip has 256 neurons with

1024 synaptic connections. Hence, a TrueNorth chip houses a total of 1M

neurons and 256 synaptic connections reaching 58G synaptic operations per

second (GSOPS) at 65mW power rate.

The Human Brain Project (HBP) funded by the European Union started

in 2013 with the mission of providing a unified research infrastructure

in computing, neuroscience, and medicine. HBP supports a collection of

projects in the neuromorphic domain. BrainScaleS by University of Heidelberg

and the Technische Universität Dresden [109] and the Spinnker project

by University of Manchester [46] are two of the major efforts within HBP

perimeter. BrainScaleS is a mixed-signal neuromorphic system built on

the 180nm technology capable of simulation 180k neurons and 40M synaptic

connections. The focus of the BrainScale is more on implementing more

realistic models of neurons and synaptic connection rather than scalability.

Thus, BrainScale-2 is under development to utilize more complex neuron

models and capture more nonlinear neural interactions.

Spinnaker [46] is an ARM-based simulation framework built to address

multi-scale and efficient large scale real-time simulation of spiking neural

networks. The system has the capacity to simulate networks with of up to

109 neurons and 1012 synaptic connections at energy efficiency rate of 10−8J
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per synaptic event. A Spinnaker chip houses 18 cores fabricated using 130nm

CMOS technology. Spinnaker-2 [81] is a successor to the first generation

Spinnaker introduced in 2019. A Spinnaker-2 chip has 144 ARM cores, build

using the 22nm CMOS technology. Spinnaker-2 has an energy efficiency

3×10−10J. A large-scale Spinnaker-2 machine can leverage up to 106 cores

equivalent to 0.6×1018 MAC operations.

Considering the massive scale of neuroscience simulations, including

full human brain simulation, and the fact that such simulations are bound

by the communication bottleneck, here, we investigate the potential of using

novel optical links, as the communication interconnect. We achieve this by,

• Adopting a hybrid photonic plasmonic interconnect (HyPPI)

• Re-simulating an existing neuroscience problem with NEST brain

simulation framework by modeling the HyPPI link at the interconnect

for large-haul communications

• comparing the energy savings with HyPPI compared to a base electrical

implementation as number of neurons and synaptic connections in

the model scale

The Hill-Tononi [57] is a large-scale model that aims to capture the tran-

sition from wakefulness to sleep in the thalamocortical region of the brain.

When wakeful, neurons in the cortex undergo irregular high-frequency os-

cillations. The patterns changes to a low-frequency cortex-wide oscillation

at the onset of sleep known as the "down-state", which typically last a few

hundred milliseconds. The down-state is followed by an "up-state" where

cortical neurons start to oscillate at very high frequencies.

The model is composed of two visual cortical regions, each structured as

multiple layers, along with thalamic and reticular region. The Hill-Tononi
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model is capable of generating both fine-grain data at the individual neuron

level and coarse-grain regional data, which resembles brain-imagery or

electroencephalogram (EEG) data.

The cortical area is comprised of two regions, namely, the primary VP

and the secondary cortical VS. VS surrounds the VP and receives feedforward

signals from it. VS feeds into other regions of the visual cortex in addition to

providing feedback signal for the VP.

Our rationale behind selecting Hill-Tononi a use case is two-fold. First,

the model benefits from a diverse collection of synaptic connections. In

terms of synaptic connection length, long-haul connection pathways across

thalamocortical region and short-length intra-region connections can repre-

sent a miniature model of brain-wide synaptic web. Secondly, NEST offers

a built-in implementation of this model using Python interface (PyNEST).

We established our simulation by mapping the the all thalamocortical

layers onto a many-core chip connected through a NoC. The NoC is aug-

mented with an optical complementary interconnect as proposed in [96][85].

We envision two configuration of the optical link on the NoC similar to

the system in 6.2. The first configuration connects all the cores through

a serpentine optical interconnect. In the second configuration cores are

grouped into clusters and the optical link connects the clusters.

We mapped thalamocortical layers in the Hill-Tononi model onto the chip

in a way that the layers that the layers that are physically closer in the

model are relatively closer on the chip as well. This allows us to correlate

the distance between neurons on the chip to the distance in the model and

thus to the synaptic delay. For latency, each communication through the

base electrical mesh is completed over 1 hop. Based on the analysis in [96]

for traversals of the optical link we penalize the latency for two additional
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hops due to E-O and O-E conversions.

Contrary to continuous neural networks, in a spiking neural network,

energy is consumed only at the presence of a spike. For a real neuron

information is encoded is the complex dynamics of shape of the spike in

addition to the timing amongst spikes. However, in computer models of

spiking neural networks, data is commonly encoded in the amplitude or

merely in the presence of absence of spike. Here, in order to estimate the

power consumption of an optical-link equipped mesh compared to the base

electrical mesh, we track spikes through NEST. Based on whether a spike

travel inter-layer (corresponding to the optical express link) or within layer

(corresponding to electrical link traversal), we can estimate the relative

power consumption. Power umber for a single electrical hop and a single

optical hop are calculate using the modified DSENT [120] tool and reported

numbers in [96]. Figure 6.1 depicts the results.

In can be seen that as the number of neurons each layer of the model

increase the power consumption for fully-electrical interconnect increase

exponentially compared to the two implementations with the HyPPI. We

attribute this to the fact that for the inter-layer communications, the power

consumption associated with the HyPPI-enhanced models, only scale with

the number of communications. However, for the fully-electrical models, the

power scales not only with the number of communications, but also with the

length of the communication path. The simulations did not show significant

power saving from implementing a cluster-based HyPPI. We conclude that as

science moves towards the full brain simulation systems, leveraging novel

optical interconnect solutions, such as HyPPI, can potentially mitigate the

power barriers introduced by expensive electrical communications.
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Figure 6.1: Communication power simulation for the HyPPI vs. conventional
electrical links in the Hill-Tononi wakefulness model as the number of
neurons scale.

6.2 An Adaptive Optical NoC for Multi-Core Photonic Chips

In [85] we proposed an adaptive dynamic reconfigurable NoC design,

where adaptation are carried out based on changes the changes the NoC

traffic. This is achieved through measuring the traffic and reacting by

physcially augmenting the topology with an optical express bus. We enable

dynamic adaptation of our measurement system in response to behavior

changes of the NoC environment. To our knowledge the latter approach had

not been investigated prior to this study in the context of NoCs. The primary

objective of this work is to show possible performance potentials of such

adaptive dynamic measurements in addition to conventional reconfiguration

techniques in the context of a multi-chip neuromorphic systesm. In DDDAS,
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computations and measurements form a dynamic closed-loop feedback

system in which they tune one another in response to changes in the

environment. Our hypothesis is that, applying DDDAS concept in NoC

design would improve the performance and efficiency.

Our test design is built on a 16×16 electrical base 2D-mesh with cores

spaced 1mm apart. The optical bus is formed by connecting all the cores

through a serpentine connection as depicted in Figure 6.2.

Figure 6.2: A serpentine-like optical bus connects all of the cores in a NoC.
One or more source-destination pair(s) of nodes may acquire the bus as
long as bus segments allocated to each pair are not overlapping. Each node
is equipped with a its own detector and its laser source. For simplicity we
plotted a 4×4 NoC.

Each node has a 6-port router. While five of the ports are associated

with conventional north, south, west, east, and local routes, the sixth port

facilitates the connection to the optical bus. The sixth port interfaces with

the optical bus through a staging site, which performs the EO and OE

conversions. The NoC runs a at a clock frequency of 0.78GHz. The reason
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behind picking this clock frequency is due to the fact that HyPPI links only

support a single wavelength. The electronic drivers of the link operate at

50Gb/s, which is imposed by limitations of serializer/deserializer circuitry.

As a result, a 50Gb/s HyPPI link and a flit size of 64 bits determines a 0.78GHz

clock frequency. It should be noted that we decided to have all our links to

run at the same rate to avoid excess buffering due to frequency mismatches.

Table 6.1 lists the NoC parameters we used in this paper. Based on our

simulation results, link traversals through electronic links incur a 1-clock-

cycle delay. This number for an optical link is 2 clock cycles considering the

OE conversion time at the receiver. The EO time delay at the transmitting

router is included in the staging step of the buffer of transmitting router.

Figure 6.3 depicts the architecture of our hybrid router.

Figure 6.3: Hybrid router architecture. We augmented our router with
a "counter bank" which, records the volume of incoming traffic to the
router. A basic ALU is added to find the core with which the router has
communicated the most frequently. The 6th ports are also equipped with
OE and EO converters to enable connection with the HyPPI bus.

To achieve adaptive reconfiguration, we connect cores with high com-

munication volume by lending them to the optical bus. We define two
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Parameters Value

Nodes
# Nodes 16×16 (256

nodes)
Core Spacing 1 mm
Core Clk Freq 0.78125 GHz

Router

Flit Size 64 bits
# Ports 5 (base) or 6

(hybrid)
# Virtual Channels (VCs) 4
Buffers per VC 8 flits
Pipeline Depth 3 stages
Area Gate-Level

Synthesis
Static Power Modified-

DSENT
Dynamic Energy per Flit Modified-

DSENT

Link

Latency 1 clk for Elec-
tronic, 2 clks
for HyPPI

Capacity 50 Gb/s
Area From Modified-

DSENT
Static Power From Modified-

DSENT
Dynamic Energy per Flit From Modified-

DSENT

Table 6.1: Network Parameters Used for NOCs in This Work

time intervals namely, reconfiguration window (∆Trw) and operation window

(∆Tow). The reconfiguration window is a constant time period during which

the NoC reconfigures from one topology to another. During the reconfig-

uration period future owners (source-destination pairs) of the optical bus

are identified and notified. In addition, the optical bus is released from

previous owners and is allocated to the next owners. During the operation

window, NoC continues its normal routine operations. In the meanwhile,

cores record communication stats including volume and latency (in hops)
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with respect to every other core in the network.

We augmented the routers with counter banks and simple ALU units to

record and perform basic arithmetics on recorded communication stats. A

global reconfiguration control unit (RCU) acts as reconfiguration controller.

We replaced one core in the center of network with RCU. Towards the end of

each operation window nodes send a message to the RCU notifying the RCU

of the their own ID, the ID of the core they communicated the most with, the

count of flits communicated with that particular core, and the total amount

of communication they had with the network in number of flits during the

previous operation window. Then, RCU enters the reconfiguration window

during which it: (a) determines the future owners of the optical bus for

the next operation window, (b) calculates the length of the next operation

window, and (c) broadcasts the IDs of the source and destination owner

pairs to the network. All of the cores are required to know which pairs of

cores will acquire the optical bus during the next operation window in order

to apply control signals for acquiring/releasing the bus and also to update

their router’s routing paths.

It should be noted that, in our proposed NoC not only we reconfigure

the topology of the NoC, but also we adaptively modify the measurement

process leading to the topology reconfiguration. To authors knowledge this

specific approach has never been investigated in the context of NoCs. Here

the length of the operation window adapts to the NoC environment. We

define our cost function as the average latency over the whole nodes of the

network. Our goal is to minimize this cost function during each operation

window of NoC. However, it is possible to assign a different cost function

based on other priorities such as link utilization, power consumption, etc.

We adopted gradient descent to adjust the length of the operation window.
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In general, gradient descent algorithms perform three main tasks namely:

(a) determine the descent direction (whether the window needs to be longer

or shorter), (b) select a step size, and (c) update the previous weight (window

size). In our case the gradient value, which is a single first order difference

found by,

Grad∆(t) =
Latency(∆Tow(t))−Latency(∆Tow(t−1))

∆Tow(t)−∆Tow(t−1)
(6.1)

where Latency(∆Tow(t)) is the total network latency during the current op-

eration window, Latency(∆Tow(t−1)) is the total network latency during the

previous time window, and ∆Tow(t), ∆Tow(t−1) are the length of current and

previous time windows respectively. Then, we update the operation window

using the following step size,

∆Tow(t+1) = ∆Tow(t)− (α×Grad∆(t)) (6.2)

where α is a value between 0 and 1 that acts as a manual control knob

of step size. During our initial simulation we realized that we need to

bound the lower limit of the operation window. Our initial measurements

showed that for operation window sizes of less than 100 cycles, the cost

of reconfiguration would become significant and thus resulting in higher

latencies. During the reconfiguration window the NoC is only dedicated

to moving the reconfiguration traffic around. The shorter the operation

windows, the more significant the length of reconfiguration window becomes.

In addition, small window sizes would become over-sensitive to changes in

the traffic patterns so that we would again pay the reconfiguration cost for

transient patterns. The latter two restrictions ultimately defined the lower

bounds of our operation window size. On the other hand, if we allow for

sudden unbound expansion of operation window size, we may end up with
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extremely long operation windows. Such unbound expansions would lead

to total insensitivity to traffic patterns. In our simulations we observed that

in almost all cases, after a sudden expansion of operation window size, the

NoC would be forced to operate for a long time without any reconfiguration.

Furthermore, for most cases the NoC never recovers from a long operation

window because the window would last until the end of simulation. As

a result, we restricted the expansion of operation window to 10 times of

previous window size at each step.

In this section we present our evaluation setup followed by the results.

The goal of this study is to demonstrate potentials of adaptive dynamic

measurement systems coupled with dynamic topology reconfiguration in

NoCs.

To evaluate D3NOC, we compare the performance of our NoC with, (a) a

base electrical mesh without any reconfiguration, (b) a simplified version of

D3NOC with run-time reconfiguration, but without adaptive measurement

process, and (c) with base electrical mesh augmented with express links

from [96]. Historically, NoC simulators do not allow for reconfiguration

of a measurements or changing the topology at run-time. Therefore we

developed custom-built latency and power simulators at the network level.

We modified DSENT tool [120] to analyze power estimates of our electrical

and optical components based on a 11nm node technology. Area analysis of

our proposed design is carried out through gate-level synthesis of electrical

overhead of router and its controls. Here, we used LISNOC [135] as our

base router. Area numbers for optical components are retrieved from the

DSENT tool.

The performance of our 256-core NoC was evaluated against Class A

kernels of the NAS parallel benchmarks (NPB) suite, namely EP, CG, FT,
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LU, and MG. Traces were obtained by executing the kernels on an in-house

Cray XE6m supercomputer using MPICL.

Our simulator accounts for a single cycle link traversal time for electronic

links. The electronic routers impose two additional clock cycle delays. For

each source to destination travel we apply 2 clock cycles for local core to

router and router to local core. Per our calculation the total express optical

bus traversal time falls within a single clock cycle. In addition, each packet

traveling through optical bus incurs 1 additional clock cycle delay due to

O-E conversions at destination. The delay of E-O conversion at the source

can be ignored since the conversion is carried out in parallel within the

same clock cycle of source router delay.

We applied a modified version of X-Y routing, which we call X-Y* routing.

The X-Y* routing is similar to X-Y routing except that if a packet arrives at a

core, which owns the optical bus to packet’s destination address, the packet

will take the optical bus. The X-Y* routing is deadlock free since it does not

introduce any circular paths. Please note that we could have used a more

expensive routing algorithm such as shortest-path routing. But, because

we modify the topology during each operation window, routers would require

to calculate the shortest path for each operation window. The latter not only

imposes a more costly router, but also the calculation of shortest path for

each operation window if feasible, would be expensive.

We generously set the length of the reconfiguration to be 100 clock cycles.

Per our calculations 100 clock cycles allow for cores from edges of the NoC

to report their traffic data over from last operation window to the RCU, the

RCU to find the next owners of the express optical bus, and the RCU to find

the next operation window size. The size of the traffic report from the core

to RCU fits an 8byte packet (4 bytes for overall flit count of the core, 3 bytes
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for the flit counts to the most communicated with node, and 1 byte for the

address of that particular core with its average hop count). Thus, We expect

the process of cores reporting to the RCU should be easily fit within the

reconfiguration window and leave enough time for RCU calculations, which

is implemented in hardware.

Figures 6.4 and 6.5 depict the summarized results of the latency and

dynamic power for kernels of the NAS application suite, respectively. We

normalized the recorded latencies for each traffic pattern and for each NoC

architecture to that of the base electrical mesh. The latency improvements

for the NAS parallel benchmarks show that, FT and LU kernels benefit the

most from reconfiguration. Although both FT and LU have relatively shorter

distance communications compared to CG and MG, their communication

patterns go through steady phases during their execution. We believe the

latter is the reason behind their higher latency performance on D3NOC. For

FT kernel the static operation window outperforms the adaptive operation

window. CG comprises of all-to-all type traffic. In CG cores still communicate

slightly more with their neighbors, but they show an overall uniform all-

to-all communication pattern. For MG, while the communications are

heavily with core only few hops away, there are also two clusters of cores

communicating heavily from one end of the network to the farthest end.

On the other hand, dynamic power simulations showed a different be-

havior. In our design with HyPPI link, mo-detectors, and their intrinsic laser

sources, light travels only the segment of the bus it is required (between a

particular source and a destination). Therefore, energy consumed per flit in

each window and for different bus segment lengths will be different. The

reconfiguration without adaptive window size resulted in increased power

for LU, MG, and EP. On the other hand, the results for D3NOC show that
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Figure 6.4: Latency simulation results for NAS Parallel Benchmarks. La-
tency numbers for each application are normalized to that of the base
electrical mesh. Results show that FT and LU benefited the most in both
fixed-window reconfiguration and D3NOC reconfiguration. In almost all
application, except for FT, D3NOC buys extra latency savings compared to
fixed-window reconfiguration.

except for EP, adaptive operation window lead to power saving improvements

across the board. Please note that, EP kernel is a short kernel during which

cores initialize and send a few packets around. As a result EP may not be an

ideal benchmark for characterization. We believe the underlying factor for

increased dynamic power of some of the kernels is that, with fixed-window

length reconfiguration, the system becomes too sensitive to transient com-

munication patterns. As a result, the HyPPI bus may get allocated rapidly

to cores with transient communication patterns. Therefore, HyPPI power

would be spent on cores, which do not reflect the long-term communication

patterns of applications. In addition, long-haul communications through ex-

press optical bus may result in excess power consumption, more specifically

if the bus is underutilized due to non-adaptivity of operation window. How-

ever, this excess power is amortized compared to the many-hop electrical
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Figure 6.5: Dyanmic power simulation results for NAS Parallel Benchmarks.
Dynamic power numbers for each application are normalized to that of
the base electrical mesh. Except for EP, all applications save on dynamic
power with D3NOC reconfiguration. While, fixed-window reconfiguration
showed power saving for some applications, it resulted in excess power
consumptions for others.

path with E-O and O-E conversions.

We used gate-level synthesis to find the area overhead of our modified

router and HyPPI link control circuitry for D3NOC. Area estimation showed

0.14× increase in logic gates and 0.65× increase in the number of flip-flops.

In addition to latency and dynamic power, we also examined the changes of

operation window size. Figure 6.6 shows how operation windows change

over time.

We were able to associate some of the behaviors of the operation window

size with the prior knowledge of the kernels. For instance, the MG and LU

kernels follow the same pattern in the beginning, but the operation window

size of the LU rolls off while that for MG continues to increase. The latter

may correspond to the fact that, LU and MG kernels show a rapid growth

of aggregate communications in the beginning of their execution. After
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Figure 6.6: Progression of operation window size over time for various
kernels of the NAS parallel benchmark. The horizontal axis is representative
of the sequence of change. The vertical axis represents the operation window
size in Cycles.

reaching the peak aggregate communication, both kernels’ communication

volume start to descend. Later, MG goes through multiple cycles of similar

communications, but LU does not. On a different note, FT quickly picks up

to a series of regular high-volume aggregate communications and follows

the same pattern throughout its execution. We believe that may be the

reason behind the early expansion of the operation window. In summary

the simulation results showed dynamic adaptation of measurement process

can lead to up to 67% improvements in latency and 69% in dynamic power.

Lastly, while both D3NOC reconfiguration and fixed-window reconfiguration

showed latency savings for all applications in our experiment, only D3NOC

reconfiguration resulted in dynamic power savings across the board.
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Chapter 7: Conclusions

In this study, we addressed the potential of photonic neuromorphic con-

cepts at the system level for the first time. Both photonics as a technology

and neuromorphics as a computing paradigm possess inherent character-

istics that complement one another. Neuromorphic architectures rely on

densely interconnected processing elements. Photonics offers dense paral-

lel connections through WDM. Neuromorphic architectures are diverse in

terms of the length of their communication channels. Photonics is inherently

length-agnostic in terms of signal attenuation and power. Neuromorphics

aims to capture the complex dynamics of neuronal and synaptic cell biology

to encode information efficiently. Through nonlinear electro-optical charac-

teristics, electro-optic devices can emulate similar behaviors.In conclusion

we summarize this dissertation as follows,

Preliminary research and analysis of photonics and neuromorphics

for system-level design: Some of the most important design specifications

for neuromorphic systems were revealed in our early investigations. Conver-

sion from the electrical domain to the optical domain and the reverse from

the optical domain to the electrical domain imposes a heavy burden on the

speed and the energy efficiency of the system. Similar to this, conversions

from digital to analog and analog to digital in the electrical domain are

extremely energy-intensive and time-consuming. As a result of our find-

ings, we identified CNNs as the most suitable candidate among all neural

network types for implementation in photonics. CNNs benefit from sparse

connections between the input feature maps and the filters. This results in

a reduction in the hardware overhead when implemented in photonics. In
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modern neural networks the convolution layers account for the majority of

the computational workload. Our design was further optimized by utilizing

the Winograd transform, which trades the expensive multiplications for the

addition operations. Additionally, we presented memristors as a preferred

analog memory for photonic neural networks.

Photonflow: A designmethodology and framework for photonic neu-

ral networks: As with any emerging technology, there is a lack of sufficient

design and simulation frameworks for the newly born field of neuromor-

phic photonics. There are no existing tools that cover the entire vertical

abstraction layers, from low component level to high neural network level.

Moreover, the programming paradigm of neuromorphic computing differs

fundamentally from that of von-Neumann computers. We devised a design

methodology and simulation framework that would allow simulation at

multiple abstraction levels. Consequently, we were able to evaluate the per-

formance of some of our proposed systems taking into account the physical

characteristics of photonic devices in neuromorphic environments. Using

this methodology, we can also train our neural networks with knowledge of

the hardware that will eventually be used under noisy environments.

Photonic CNN accelerator design and evaluations: In light of the

insights gained in the previous steps, we recognized that the primary goal

of designing a neuromorphic photonic device should be to maximize the

computations in the optical domain for a given batch of data. A number of

techniques can be applied to accomplish this, including batching, pipelines,

and intelligently matching the electrical and photonic data and weight

paths. As a result of this project, we learned that it is vital to maintain

the uninterrupted flow of information in the optical domain through the

use of innovative photonic components. Our research devoted a substantial
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portion of its efforts to identification and modeling of components such as

nonlinear activation functions and memristive analog memories in order to

avoid unnecessary conversions into the electrical domain. Our analysis led

to the proposal of two CNN accelerator architectures. Thorough evaluations

revealed that a photonic CNN is marginally faster and has greater power than

electronic accelerators when speed and power are measured independently,

but significantly outperforms electronic accelerators when the two variables

are considered together. The results of this research indicate that the

deficiencies of photonic neuromorphics are primarily a consequence of the

limitations of the electrical components of the system such as DACs and

ADCs. The removal of such restrictions can enable neuromorphic photonic

systems to achieve their full potential.

Leveraging the capabilities of optical interconnects for large-scale

neuroscience simulations: A long-standing dream of neuroscientists has

been to conduct simulations of the brain at full scale. The presence of

hundreds of thousands of neurons and even more synaptic connections

in the human brain has prevented this from being achieved yet. Prior

research suggests that the performance of such simulations is limited by

communications bottlenecks. Optical interconnects have repeatedly proven

to be useful not only for long distance communication, but also for short

distance communication within chip boundaries. We demonstrate that the

use of a hybrid photonic plasmonic interconnect can yield significant speed

and energy savings for large-scale neuroscience simulations.
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