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ABSTRACT

HARDWARE-SOFTWARE CO-DESIGN OF SILICON PHOTONIC AI ACCELERATORS

Machine learning applications have become increasingly prevalent over the past decade
across many real-world use cases, from smart consumer electronics to automotive, healthcare,
cybersecurity, and language processing. This prevalence has been fueled by the emergence of
powerful machine learning models, such as Deep Neural Networks (DNNs), Convolutional Neural
Networks (CNNs), and Recurrent Neural Networks (RNNs). As researchers explore deeper models
with higher connectivity, the computing power and the memory requirement necessary to train and
utilize them also increase. Such increasing complexity also necessitates that the underlying
hardware platform should consistently deliver better performance while satisfying strict power
constraints. Unfortunately, the limited performance-per-watt in today’s computing platforms —
such as CPUs, GPUs, and electronic neural network (NN) accelerators — creates significant
challenges for the growth of new deep learning and Al applications. These electronic computing
platforms face fundamental limits in the post-Moore’s Law era due to increased ohmic losses and
capacitance-induced latencies in interconnects, as well as power inefficiencies and reliability

concerns that reduce yields and increase costs with semiconductor-technology scaling.

A solution to improving performance-per-watt for Al model processing is to explore more
efficient hardware NN accelerator platforms. Silicon photonics has shown promise in terms of
achievable energy efficiency and latency for data transfers. It is also possible to use photonic
components to perform computation, e.g., matrix-vector multiplication. Such photonic-based Al
accelerators can not only address the fan-in and fan-out problem with linear algebra processors,
but their operational bandwidth can approach the photodetection rate (typically in the hundreds of
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GHz), which is orders of magnitude higher than electronic systems today that operate at a clock
rate of a few GHz. A solution to the data-movement bottleneck can be the use of silicon photonics
technology to realize photonic networks-on-chip (PNoCs), which can enable ultra-high bandwidth,

low latency, and energy-efficient communication.

However, to ensure reliable, efficient, and high throughput communication and computation
using photonics, several challenges must be addressed first. Photonic computation is performed in
the analog domain, which makes it susceptible to various noise sources and drives down the
achievable resolution for representing NN model parameters. To increase the reliability of silicon
photonic Al accelerators, fabrication-process variation (FPV), which is the change in physical
dimensions and characteristics of devices due to imperfections in fabrication, must be addressed.
For our proposed accelerator architectures to operate correctly, the fundamental devices involved
(microring resonators (MRs)) have to be corrected for FPV induced resonant wavelength shifts.
Without this correction, FPV's will cause increased crosstalk and data corruption during photonic
communication and can also lead to errors during photonic computation. Accordingly,
compensation for the impact of FPVs is an essential part of reliable computation in silicon
photonic-based Al accelerators. Even with FPV-tolerant silicon photonic devices, the tuning
latency incurred by thermo-optic (TO) tuning and the thermal crosstalk it can induce are
significant. The latency, which can be in the microsecond range, impacts the overall throughput of
the accelerator and the thermal crosstalk impacts its reliable operation. At the architectural level it
is also necessary to ensure that the NN processing is done efficiently while making use of the
photonic resources in terms of wavelengths, and NN model-aware decisions in terms of device

deployment, arrangement, and multiply and accumulate (MAC) unit design have to be performed.
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To address these challenges, the major contributions of this thesis are focused on proposing
a hardware-software co-design framework to enable high throughput, low latency, and energy-
efficient Al acceleration across various neural network models, using silicon photonics. At the
architectural level, we have proposed wavelength reuse schemes, vector decomposition, and NN-
aware MAC unit designs for increased efficiency in laser power consumption. In terms of NN-
aware designs, we have proposed layer-specific acceleration units, photonic batch normalization
folding, and fine-grained sparse NN acceleration units. To tackle the reliability challenges
introduced by FPV, we have performed device-level design-space exploration and optimization to
design MRs that are more tolerant to FPVs than the state-of-the-art efforts in this area. We also
adapt Thermal Eigen-mode decomposition and have devised various novel techniques to manage
thermal and spectral crosstalk sources, allowing our silicon photonic-based Al accelerators to

reach up to 16-bit parameter resolution per MR, which enables high accuracy for most NN models.
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CHAPTER 1: INTRODUCTION

Modern Al acceleration platforms, though capable of achieving significant acceleration
throughput, may not be a scalable solution in terms of energy efficiency. In this thesis, we shall
discuss how to utilize silicon photonics for energy-efficient, high throughput deep neural network
(DNN) acceleration. In this chapter, we shall discuss preliminary concepts about machine learning
acceleration and the challenges associated with it. Furthermore, we motivate the use of photonic
systems for DNN acceleration, while presenting the various challenges which has to be overcome
to realize such a system. Finally, we shall outline the contributions of this thesis towards tackling

these challenges.

1.1. MACHINE LEARNING APPLICATIONS

Over the last decade, Machine Learning (ML), which is a sub-field of Artificial Intelligence
(AI), has proved to be a paradigm-shifting technology in how we process and access information.
Recently, with the advent of complex deep learning ML models such as Transformers along with
the long-standing success of various models such as convolution neural networks (CNNs), ML has
found unprecedented success across a variety of domains such as computer vision [1], natural
language processing [2], robotics [3], and generative artificial intelligence [4]. This is especially
impressive considering deep learning was abandoned as a viable form of ML in the 1990s, due to
the difficulties in training DNN models [5]. However, the limitations researchers faced in the ‘90s
were largely from hardware limitations and lack of training data. With the advent of big data and
the graphics processing unit (GPU) architecture from Nvidia, these limitations were mostly met,
leading to widespread research into, and subsequently the success of deep learning ML models.

Today deep learning is ubiquitous with Al and is considered for advanced Al applications such as



artificial general intelligence (AGI). This has led to extensive research into deep neural networks
(DNNs) which has produced computationally complex and memory-hungry models. As the
demand for ML algorithms across application spaces escalates, the diversity in DNN architectures
increases to address different challenges and requirements. Let's explore some fundamental types
of DNNs that illustrate this diversity and their respective strengths in handling various

computational tasks.

1.1.1. MULTILAYER PERCEPTRONS

Multilayer Perceptrons (MLPs), also known as fully connected neural networks, are the
simplest form of deep neural networks. An MLP consists of at least three layers: an input layer,
one or more hidden layers, and an output layer. Each layer is fully connected to the next, meaning
every neuron in one layer connects to every neuron in the following layer. MLPs utilize nonlinear
activation functions between layers, typically sigmoid, ReLLU, or tanh, to capture complex
relationships in the input data. They are widely used for simple regression and classification tasks

where the data is well-structured and requires a straightforward, generalizable model.

1.1.2. CONVOLUTIONAL NEURAL NETWORKS

Convolutional Neural Networks (CNNs) are specialized deep neural networks for processing
data that has a grid-like topology, such as images. CNNs are distinguished from other neural
networks by their use of convolutional layers that impose a local connectivity pattern between
neurons of adjacent layers. The architecture exploits the spatial structure of the data, ensuring that
the learned filters produce the strongest response to spatially local input patterns, which results in
excellent capabilities for capturing visual patterns directly from pixel images with minimal

preprocessing. They typically include layers that perform convolutions, pooling (subsampling or



down-sampling), nonlinear activation functions, and fully connected layers. CNNs have been
highly successful in applications such as image classification, image and video recognition,
medical image analysis, and natural language processing, where they can be applied to the analysis

of both time-series and text data [6].

1.1.3. RECURRENT NEURAL NETWORKS

Recurrent Neural Networks (RNNs) are a class of neural networks that are vital for processing
sequential data, such as time series or linguistic data. Unlike feedforward neural networks, RNNs
have connections that form directed cycles, allowing information to persist from one step of the
network operation to the next. However, standard RNNs often suffer from vanishing and exploding
gradient problems which make training them on long sequences difficult [7]. Gated Recurrent
Units (GRUs) and Long Short-Term Memory Networks (LSTMs) are advanced RNN s that address
these issues with specialized gating mechanisms. LSTMs include input, output, and forget gates
that regulate the flow of information, allowing the network to retain or discard data dynamically,
which is crucial for learning long dependencies. GRUs simplify the gating mechanism, using two
gates (update and reset) and merging the cell state and hidden state, thus being more
computationally efficient while achieving similar performance to LSTMs. These architectures are
particularly powerful in applications such as speech recognition, language modeling, and

translation.

1.1.4. GRAPH NEURAL NETWORKS

Graph Neural Networks (GNNs) are designed to perform machine learning on graph structures,
including social networks, molecular structures, and communication networks. These networks

take into account the connections between nodes (entities) and the edges (relationships), allowing



them to capture the dependencies that are not accessible to traditional deep learning algorithms.
GNNs apply convolution directly to the graph structure, aggregating information from a node's
neighbors to compute its next state [8]. This process, often repeated across several layers,
effectively embeds the nodes into a low-dimensional space where machine learning tasks such as
classification, prediction, and clustering can be applied. Additionally, GNNs can also make use of
attention mechanisms to contextually understand the usefulness of specific edges with respect to a
group of nodes [9]. GNNs have been particularly useful in drug discovery, social network analysis,

and recommendation systems where the inherent data structure is a graph.

1.1.5. TRANSFORMERS

Transformers are an advanced model architecture that eschews recurrence and instead relies
entirely on an attention mechanism to draw global dependencies between input and output [10].
The Transformer allows for much more parallelization than RNNs and has been crucial in
achieving breakthroughs in various NLP tasks through models such as BERT, GPT, and TS5 [2].
Its self-attention mechanism assigns a weight to each part of the input data depending on the other
parts, allowing the model to evaluate the input as a whole. This ability to maintain contextual
sensitivity, makes them ideal for tasks that require understanding the entire context of the data,

such as translation, text summarization, and advanced content generation.

1.2. ML HARDWARE ACCELERATION AND CHALLENGES

Despite the emerging complexity, the layer-wise operation of DNNs remains fundamentally
matrix-matrix or matrix-vector multiplication operations. These operations are excellent
candidates for parallel computing and hence can be deployed for accelerated operation on many-

core computing architectures, like GPUs. Since these matrix operations can be decomposed into



multiply-and-accumulate (MAC) operations, manycore architectures with a large count of energy-
efficient but less computationally capable cores are well suited for DNN acceleration.
Conventional GPUs and CPUs evolved to speed up deep learning model execution, e.g., Nvidia
GPUs now include tensor cores [11], and CPUs support increasingly advanced vector instructions
[12], both of which are designed to accelerate common matrix and vector operations in deep

learning processing.

Figure 1. Commercially available ML acceleration platforms for server scale ML acceleration
(left) Nvidia H100 [13]; (right) AMD MI300x [14].

However, along with computational challenges, Al acceleration also faces a memory
challenge. Conventional memory systems are struggling to keep up with the increasing bandwidth,
and latency demands of modern manycore architectures [15]. This causes the architecture to not
function at its maximum possible throughput and energy efficiency, as several processing elements
may be starved of data per cycle due to limited data delivery rate from main memory or local
memories like caches. Also referred to as the memory wall challenge [16], this problem is inherent
to all Von Neumann architectures, where computation and memory are separated. This is
exacerbated as the DNN architecture parameter count grows, with large language models routinely
reaching 100s of billions of parameters in size, and as architecture complexity (number of branches

or even loops in DNN architecture) grows [17]. These factors increase both memory capacity
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requirement and memory bandwidth requirement respectively. For server scale operation of these
larger models, memory operation alone takes up over 30% of the overall power and energy

consumption [18].
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Figure 2. Study from [16] showcasing how data movement is lagging behind computing
capabilities.

Additionally, the current dominant strategy for accelerating larger neural network models is to
increase core count and hence the processing capabilities of the acceleration platform. To support
such massive demands in core count, 2.5 D multi-chiplet solutions are considered [19] [20].
However, due to the slowdown in Dennard scaling, these systems are increasingly inefficient in
their power and energy consumption. The latest iteration of the MI series of products from AMD
consumes up to 750W of power, while the Blackwell architecture is predicted to consume upwards
of 1kW of power [21]. This would severely impact the performance per watt and MAC/Joule
metrics of these emerging platforms. Given these DNN applications are to be tackled at server

scale and greener server operation is becoming critical [18], [22], exploring energy-efficient



alternatives to the current transistor-based electronic computation, communication, and main

memory technologies is crucial.
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Figure 3. Study from the interview in [23], showcasing the dramatic increase in GPU TDP to
provide computation support to growing DNN demands.

1.3. POST-MOORE TECHNOLOGIES FOR ML ACCELERATION

As discussed in Section 1.2, conventional architectures are struggling to meet the computation
demands of modern DNNs, owing to architectural deficiencies and physical deficiencies. There
are innovations in the architectural space to tackle the challenges in that domain [19], [20].
However, the physical limitations imposed by transistor scaling causing diminishing returns in
terms of compute power in the face of compute demand and the energy and power inefficiencies
needs addressing. The general tendency in architecture to improve energy and power efficiency is
to specialize the architecture for a specific task, and move away from general purpose computing.
One can argue the success of the GPU in ML acceleration stems directly from its departure from

general purpose computing capabilities, enabling a high core-count manycore system, which could



be repurposed to tackle ML operation rather than graphics generation for PCs. However, even this

maynot be sufficient as Figure 3 points out.
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Figure 4. The widening gap between computation capabilities enabled by Moore's Law (grey line)
and the computation demand from modern ML workloads (red line) [16].

To tackle this post-Moore era challenge, several new computing paradigms have been

proposed, that departs from conventional computer architecture.

In the digital domain, architectures tailored for maximizing the throughput of low-precision
linear algebra operations, which are the fundamental operations in any DNN, are proposed. Tensor
operations as opposed to MAC operations are prioritized in the TPU architecture [24] and are
added to GPUs for enhanced DNN support [11]. Specialized architectures like Apple’s Neural
Engine [25] and Intel’s Habana GOYA [26] also follow the same architecture philosophy.
However, these architectures still have architectural deficiencies owing to the separation of

memory and processing, leading to the higher memory power and data movement costs discussed.



To tackle this novel computation paradigms are being considered, such as analog computation and

neuromorphic computing.

In analog computation, continuous data values are used for computation rather than binary data
representation. Analog devices compute directly through physical quantities such as charge,
voltage, or current, which can represent data in a naturally parallel and highly efficient manner.
This capability is especially advantageous for tasks involving vector-matrix multiplications,
prevalent in deep learning algorithms. Analog computation for ML acceleration typically make
use of non volatile memory (NVM), typically ReRAM, crossbar arrays for matrix-vector
multiplication (MVM) operations [27]. These arrays perform multiplications and additions in a
single operation by exploiting Ohm’s Law and Kirchhoff’s Rule, thereby speeding up the forward

and backward propagation in neural networks while using less power than digital counterparts.

Neuromorphic computing is another such novel computation technique, which aims to mimic
the human brain to implement systems for Al and AGI. IBM’s 4096 core TrueNorth chip which
was released in 2014 was one of the earliest high-profile neuromorphic deep learning accelerators
[28]. There are many similarities between neuromorphic and analog computation, and one can call
neuromorphic computing a subset of analog computation techniques. The difference is that
neuromorphic architectures will implement synaptic and neuronal analogs to mimic brain function,
which is not a necessity in analog computation. Currently, the most popular method of

implementing analog computers is through analog in-memory computing [29], using NVMs.

In memory computing (IMC), also refered to as processing in memory (PIM), is in itself a new
computing paradigm. Similar to neuromorphic computing, PIM aims to integrate memory and

processing to minimize the data movement issues which plague von Neumann architectures. This



spans digital and analog domains, with PIM architectures proposed for DRAM architectures [30]

and NVM memories alike [31].

However, all these architectures still rely on electronic devices, and has to face the fundamental
physical issues related to device scaling. As transistor technology approaches the physical limits
of material properties and lithography, several significant issues arise, challenging further scaling.
This includes, but is not limited to: electron tunneling-induced increase in leakage current,
increased process variation vulnerabilities due to lithography limitations, thermal reliability issues,
voltage and frequency scaling limitations. All of these issues contribute to system efficiency and
throughput. Hence, as throughput and efficiency demands increase, it is prudent to consider other

technologies and platforms to implement computation systems on.

1.4. SILICON PHOTONICS FOR ML ACCELERATION

Photonics rely on photons and hence light waves to represent information. This technique,
when implemented on a Si-SiO2 platform, is known as silicon photonics, and it's designed to be
compatible with CMOS integration. Photonic interconnects are emerging as a leading solution for
addressing data movement bottlenecks. Already, photonic links are replacing their metallic
counterparts for ultra-fast data transmission across various levels of computing architecture, with
current trends moving towards chip-scale integration [32]. The breakthrough of silicon photonics,
facilitating the cost-efficient incorporation of optical components using CMOS electronics
production methods, has significantly propelled the development of chip-scale photonic
interconnects [33]. What's more, operations crucial to deep learning, such as matrix-vector
multiplications, are now feasible within the optical domain [34], paving the way for deep learning

accelerators powered by silicon photonics for both data transmission and processing. These deep
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learning accelerators, based on silicon photonics, stand to offer unmatched energy efficiency and
parallel processing capabilities. For example, in performing MAC (Multiply-Accumulate)
operations, which are fundamental to deep learning algorithms, photonics-based accelerators can
achieve energy efficiencies (MAC/Joules) nearly 1000x greater than most electronic accelerators
[35]. Additionally, the throughput of photonic MAC operations can theoretically match the

photodetection rates, typically reaching up to hundreds of GHz [36].

Computation in photonics can be executed via coherent or noncoherent (also known as
incoherent) analog computational techniques [37]. Coherent photonic computation harnesses the
phase of light waves systematically to encode and manipulate data, including operations like
multiplication, through interference patterns. This method capitalizes on light's coherent
characteristics, such as phase coherence and superposition, allowing for the execution of complex
mathematical functions swiftly and precisely. Architectures utilizing coherent computation
typically employ Mach-Zehnder interferometers (MZIs) to modify data via constructive or

destructive interference using a single wavelength.

In contrast, noncoherent photonic computation does not depend on light's phase information.
It instead manipulates light's intensity or amplitude for computation, offering resilience against
phase fluctuations and coherence problems that could compromise coherent systems. Noncoherent
methods provide a simpler data encoding process and greater robustness, due to fewer noise
factors. These qualities render noncoherent computation ideal for various optical signal processing
applications, including image processing, sensor data analysis, and basic arithmetic operations.
They also facilitate large-scale arithmetic operations using Wavelength Division Multiplexing
(WDM), positioning noncoherent photonics as a promising approach for MVM and General

Matrix Multiply (GEMM) tasks. Devices in noncoherent systems must be wavelength-sensitive to
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exploit WDM signals, making wavelength-selective Micro-Rings (MRs) preferred components in

these architectures.

An MR is an on-chip optical resonator that resonates at an optical wavelength matching its
resonant wavelength (4,z). By adjusting Ayz, the resonator can increase losses for specific
wavelengths, enabling amplitude modulation essential for noncoherent computation. The two
primary adjustment methods are thermo-optic and electro-optic tuning, both affecting the
resonator's effective refractive index (n.sr) and consequently Aygp (Ayg = 27nesrR; R = MR
radius). Thermo-optic tuning heats the MR with microheaters, whereas electro-optic tuning uses

free carrier injection via a PN junction in the MR [37]

Prior work demonstrates several noncoherent computational architectures leveraging MRs for
efficient, high-throughput, low-energy machine learning inference acceleration through a
technique known as broadcast and weight (B&W) [38]. In this setup, MRs are adjusted to reflect
a fixed matrix, and vectors are introduced as either amplitude-modulated wavelengths or through
a subsequent array of tunable MRs downstream from the initial MR array’s output. The light’s
interaction with the MRs alters its amplitude, signifying a multiplication operation. Summing
several such light signals with a photodetector facilitates simultaneous MAC operations. Here, the
degree of WDM signals corresponds to the MR array size, enabling parallel processing of n MAC
operations. Through dataflow orchestration to enable massively parallel MAC operations from the
DNN’s execution graph, it should be possible to execute training and inference for these models

with significantly higher throughput and energy efficiency, using noncoherent photonics.

The body of works that form this thesis has focused on using noncoherent photonics for ML
acceleration and addressing various challenges associated with it. We shall discuss these

challenges briefly in the following subsection.
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1.5. CHALLENGES IN NONCOHERENT SILICON PHOTONICS

Access to WDM-based communication and computation in noncoherent photonics is well
suited for DNN acceleration, as it facilitates both large-scale data movement and highly parallel

MAC operations. However, to realize such as system there are several challenges to be overcome:

1.5.1. RESONANCE TUNING CHALLENGES

The computation technique in photonics aims to imprint data onto some physical
characteristics of light waves, making them analog computation techniques. As discussed, in
noncoherent computing the data is imprinted onto the amplitude of the light wave. This is done by
tuning the resonant wavelength (4),z) of the MR. As the resonant frequency is tuned, the incoming

signal will interact with a different region of the MR’s response curve, altering its amplitude.

To enact the Ay shift, one of two main techniques is employed conventionally: thermo-optic
(TO) tuning or electro-optic (EO) tuning. TO tuning makes use of heaters to heat the MR bulk,
altering its n,fy, and thus the Ay g. This technique offers a large range of tunability, but because it
relies on thermal conductivity this is a slow and energy-intensive process, with ~27 mW/FSR
(FSR=free spectral range) power consumption and the tuning latency in the us range [39]. EO
tuning is faster with latencies in ns range, owing to its tuning mechanism relying on free carrier
injection into MR bulk, and power consumption at ~4 uW/nm for Ay shift [40]. However, EO
tuning offers significantly lower tuning range as the PN junction used for carrier injection can

become saturated.

Selecting EO tuning is beneficial for throughput, and bringing operation frequency closer to
the photodetection rate, however, in situations where the larger tuning range of TO tuning is

necessary (Subsection 1.5.3), the latency must be endured.
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1.5.2. ELECTRICAL-OPTICAL INTERFACE MANAGEMENT

While we have talked about photonic systems and their benefits, the fact remains that the
analog domain operation is highly application-specific and is ill-suited for general-purpose
computation, at least in the way general-purpose computing is today. Hence, as a system, photonic
accelerators must co-exist with a digital CPU and main memory. This necessitates an electrical-
optical interface. This interface is comprised of the following devices: analog-to-digital converters
(ADCs), digital-to-analog converters (DACs), photodetectors, and trans-impedance amplifiers.
Other than photodetectors which can operate at ps latencies [41], these devices are slow operating
in comparison to photonic device speeds and become extremely power-hungry at higher
frequencies of operation. Thereby limiting the achievable frequency of operation and thus the

throughput of the noncoherent accelerator.

Additionally, noncoherent systems require several hundreds or more DACs per accelerator as
each MR requires one to feed its tuning mechanism and a similar number of ADCs to gather the
outputs to report back to the digital system. This limits the achievable energy efficiency of the
system. Additionally, another aspect of DNN acceleration comes into prominence, parameter

quantization.

Usually, DNNs are trained with 32-bit floating point (fp32) weight parameters. Employing 32-
bit ADCs and DACs would increase the power consumption of the accelerator to prohibitively
high levels. Additionally, floating point operations does not translate to amplitude based analog

data representation.
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1.5.3 RELIABILITY CHALLENGES

Photonic systems rely on analog domain operations. To ensure reliable operation of the system
in analog domain, several device-level and architecture-level considerations are to be made. Main
challenges that need to be addressed to ensure reliable operation of photonic systems include:

fabrication process variation, thermal variation, and crosstalk noise.

1.5.3.1. FABRICATION PROCESS VARIATION

A photonic integrated circuit, such as a DNN accelerator, a PNoC, or a photonic memory,
requires thousands of MRs, requires precise matching of these MRs to their resonance
wavelengths. However, MR resonant wavelength is considerably sensitive to the dimensions of
the waveguides which construct the MR. Any change in these dimensions will lead to a resonant
wavelength shift (A4yg), inducing errors in the data being represented by wavelength amplitude

tuning (Section 1.5.1).

The changes in the MR dimensions from its design dimensions are incurred through
lithography imperfection, and are referred to as fabrication process variations (FPVs). Substantial
FPV can induce AAy of several nms, which needs to be corrected to ensure reliable operation of

the photonic DNN accelerator.

1.5.3.2. THERMAL VARIATION

MRs are significantly sensitive to thermal variations, i.e. the change in temperature of the chip
or parts of it during chip operation. Presence of thermal variations induce AAyg as ngsy of the MR
changes with temperature. The main sources of temperature in an electro-optic system are
electrical circuitry operation and TO tuning mechanisms. Architectural or packaging techniques

maybe implemented to separate electronic thermal sources from the optical circuitry, but the tuning
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mechanism is integral to controlling the optical devices, and even for correcting reliability issues
such as FPV (Section 1.5.3.1). TO tuning based thermal variation can also impact groups of MRs
as the heat variation across the group, from varying tuning levels across MRs, can alter the amount
of thermal energy reaching individual MRs and thus alter the tuning levels from desired levels,

thereby acting as an additional source of noise.

1.5.3.3. CROSSTALK MITIGATION

Crosstalk noise in noncoherent photonics is classified into two: homodyne crosstalk and
heterodyne crosstalk. Crosstalk, as the name indicates, is unwanted interaction between channels,
leading to power leakage between them which in turn acts as noise. Homodyne crosstalk is power
leak within the same channel due to imperfect filtering from MRs, the noise component can interact
with MRs downstream with the same 1,5, leading to imperfect calculations. Heterodyne crosstalk
is crosstalk between different channels and is caused by narrow channel gaps and how spectrally

wide the MR response is (also referred to as Q-factor; smaller the Q-factor, narrower the response).

As the number of wavelengths used in a photonic system increase, more channels need to be
accommodated within the wavelength range of the laser (E.g. C-band i.e. the 1530-1565nm range).
This combined with the wavelength response range of MRs can lead to scenarios where MR which
is designed to be responsive to channel; with a central waveguide of 1; may have some response
overlap with channel,. This will again lead to improper amplitude modulation operations and

incorrect calculations.

1.5.4. LASER POWER CHALLENGES

As discussed in Section 1.5.2, the electrical-optical interface can be extremely power and

energy intensive. However, the laser power required to feed the optical cicuit can be high as well.
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Signal transmission within Si-SiO; waveguides is inherently lossy with various loss sources such
as propogation loss and bending loss. Encountering photonic devices also lead to passive losses
due to the mechanisms discussed in Sections 1.5.3.1 or 1.5.3.3. Tuning mechanisms can also incur

losses, along with the presence of splitters and couplers.

It is essential to consider these losses and carefully architect around them to prevent

prohibitively high laser power consumption in photonic systems.

1.5.5. ARCHITECTURAL CHALLENGES

Along with all the challenges mentioned so far, there is also architectural-level challenges to
realize a DNN inference accelerator through noncoherent silicon nanophotonics. Due to laser
power dissipation (Section 1.5.4) and reliability (Section 1.5.3) concerns having a “one-shot”
architecture that encompasses the entire model is not practical. Additionally, conventional general-
purpose processing and main memory systems are electronic in nature, necessitating frequent
electrical-optical interfacing between the accelerator and the processor/memory systems. This
means several considerations must be made to minimize data movement between optical and
electronic domains, so as to minimize the energy and latency costs at the electrical-optical interface

(Section 1.5.2).

Specifically for accelerator architectures, there is also the need to consider the DNN
architecture itself, because of the above mentioned issues. DNN-specific pipelining to minimize
the electrical-optical-electrical conversions, while maximizing the utilization of the data that is

obtained per conversion is necessary for ensuring energy efficiency and throughput.
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1.6. THESIS OVERVIEW

To address the challenges presented in the previous section, we propose a hardware-software
codesign framework for silicon photonic Al accelerators, in this thesis. This framework is a
crosslayer approach, considering solutions across multiple layers of the system to these challenges.
Our framework considers solutions that combine enhancements at the system-level, architecture-
level, circuit-level, and device-level towards the design of reliable, energy-efficient, and high
throughput Photonic DNN accelerator architectures. Figure 5 gives a high-level overview of the
thesis [42], [43], [44], [45], [46], [47], [48], [49], [50], [51], [52]. The rest of this thesis is organized

as follows:

In chapter 2, we propose a novel laser power management framework for PNoCs called

ARXON [42], which performs communication loss- and quality-of-service-aware approximation
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of data packets in the NoC. ARXON uses a LUT-based loss directory between source-destination
pairs along with an optical link manager circuit to tune the vertical cavity surface emission lasers
(VCSELs) to desirable power output levels. The framework dynamically assesses the packet loss
and decides to either tune the VCSELs which generate n least significant bits (LSBs) of the data
in the packet to B.% output power or truncate these n LSBs, thereby turning of the corresponding
VCSELSs. The n and P. values selected for this approximated data transfer is application dependant
and must be determined by profiling the application. Additionally, we also considered a heterodyne
crosstalk mitigation strategy by encoding the data packets. The encoding strategy, adopted from
[53], ensures that the delivered data reaches with significantly reduced bit-error-rate (BER).
Finally, we also explored multi-bit data transfer to further reduce laser power consumption.
ARXON adopted 4 pulse amplitude modulation (4-PAM) over the conventional on-off keying
(OOK), allowing 2 bits to be transferred per wavelength, thus reducing the wavelength

requirement, the heterodyne crosstalk, and laser power requirement.

In chapter 3, we present the noncoherent photonic accelerator for CNN inference acceleration,
entitles CrossLight [43]. The architecture presented in this chapter is cross-layer optimized for
tackling many of the challenges mentioned in Section 1.5. At the device-level, CrossLight employs
FPV resilient MRs, reducing the FPV correction power requirement. At the electro-optic circuit
level, CrossLight proposed a tuning circuits which combined EO and TO tuning techniques, where
TO tuning is used sparingly for FPV and thermal variation corrections, while EO tuning is used
for amplitude modulation in MRs for CNN parameter representation. This combined tuning circuit
reduces TO tuning power requirements, while allowing higher throughput owing to the lower ns
delays offered by EO tuning. Additionally, to reduce thermal crosstalk from any TO tuning used

during operation, CrossLight employed thermal Eigenmode decomposition (TED) algorithm
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described in [54]. To reduce the laser power requirement and the heterodyne crosstalk, CrossLight
made use of a wavelength reuse strategy, where the same set of wavelengths were reused across
vector dot product units (VDUs). The VDUs themselves were designed for varying vector sizes so
that smaller and larger vector sizes across layers (convolution layers and fully connected layers)
can be operated on efficiently. Finally, the CNN models were quantized to 16 bits by considering
the thermal and heterodyne crosstalk sources to ensure correct operations in the analog photonic

domain and so that electrical-optical interface energy and power requirements are reduced.

In chapter 4 we present ROBIN architecture [44] which was designed for binarized neural
network (BNN) acceleration. BNNs are DNNs which utilize single parameters rather than the
conventional multi-bit parameters. BNNs offer significantly lower memory footprint and can offer
higher energy efficiency in hardware operation owing to the much simpler single-bit operations
involved. However, BNNs have reduced inference accuracy over DNNs. BNN-specific
acceleration specifically offers reduction in power and energy requirement at the electrical-optical
interface, owing to the single bit parameters in BNNs. This ensured ROBIN can scale out
significantly in terms of number of VDUs and vector sizes, while ensuring high energy efficiency
and throughput. To increase BNN accuracies, we considered a partially binarized neural network,
where the weight parameters remained single bit while the activation parameters were 4-bit values.
ROBIN also employed high bandwidth MR filters, which could tune all the wavelengths in a
waveguide simulataneously, to implement a photonic batch normalization operation, in order to

reduce data movement between electrical and optical domains.

In chapter 5, we tackle how to appraoch unstructured sparsity in DNNs in photonic accelerators
through the SONIC architecture [45]. Sparsity in a DNN refers to presence of zero valued

parameters in the weight and activation matrices, these values incur energy and throughput loss in
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accelerators as they when they are encountered no operation is performed, but the associated dat
movement and processing unit allocation happens. Unstructured sparsity appears without any
specific pattern to it, making it significantly more difficult to tackle efficiently at the hardware
level. However, unstructured sparsity offers better neural network accuracy at the same sparsity
level, when compared to a structured sparsification approach. To tackle this SONIC employed
directly tuned VCSELSs in its VDUs, where if the parameter is 0, the VCSEL does not generate
corresponding wavelength, saving on laser power. Additionally, since SONIC performs vector dot

product operations instead of MAC operations, the loss of throughput is minimal.

So far the architectures presented had fixed parameter sizes they could handle. If the software
model were to be quantized to a lower parameter size b, the architectures would incur unnecessary
operational losses by employing ADC and DAC units which would have a resolution of the
original larger parameter size a. To tackle this issue we propose the HQNNA architecture [46],
which is presented in chapter 6. HQNNA combined the crosslayer approaches employed before,
and additionally made use of a combination of WDM and time division multiplexing (TDM) to
handle a variety of parameter sizes. This allows HQNNA to tackle heterogeneously quantized

DNNs effectively with high energy efficiency, while suffering minimal loss in throughput.

In chapter 7, we propose a noncoherent photonic accelerator designed to tackle any recurrent
neural network (RNN) variant [47]. RNNs were prominent neural networks used for temporal
sequence learning and even natural language processing, before the advent of the attention
mechanism [10]. RNNs are not feedforward neural networks, and has directed circular loops within
architecture, which allows them retention and memory capabilities. Simple RNNs are susceptible
to the vanishing/exploding gradient problem, limiting the size of the sequence they could retain

for processing and the data complexity they could tackle. Gated recurrent units (GRUs) and long

21



short-term memories (LSTMs) are complex variants of RNNs with more complex layers. To tackle
these complex DNN architectures, RecLight employs RNN-specific hardware pipelining, along
with optical non-linearity-based activation function implementations. RecLight implements
sigmoid and tanh functions optically, as RNN, GRU, and LSTM cells make use of these
nonlinear operations. We also present a detailed crosstalk analysis so that we can determine which
parameter resolution is suitable for photonic RNN operations, along with helping energy-

efficiently design the RNN-specific VDU and RecLight’s electrical-optical interface.

In chapter 8, we present GHOST [48] a noncoherent photonic graph neural network (GNN)
accelerator. GHOST ememploys GNN-aware hardware pipeline which minimizes electrical-
optical conversions. We perform detailed architectural optimization for the efficient handling and
acceleration of diverse graph structures and GNN model architectures on GHOST. Finally,
GHOST also employs detailed photonic device and circuit-level optimizations to mitigate crosstalk
noise so that error-free GNN operations can be ensured. GHOST additionally reduces DAC
requirement through employing a DAC sharing technique. Finally data movement between various
processing blocks in the hardware pipeline is minimized through intelligent workload balancing.
Similarly, chapter 9 presents TRON [49], which was designed to tackle transformer-specific

challenges in noncoherent photonic hardware pipelining.

In chapter 10, we explore how to scale out photonic architectures across chiplets [S0]. The
proposed 2.5D architecture makes use of photonic interposers for inter-chiplet communication,

ensuring higher bandwidth of communication, thus increasing throughput of operation.

Throughout this discussion, we have mentioned how important for the architecture it is to have
an efficiently designed electrical-optical interface to reduce energy and latency costs associated
with data movement across domains. However, if the data is stored optically and can be retrieved

22



optically, much of the conversion costs can be significantly reduced, if not removed entirely, thus
enabling significantly better throughput and energy efficiency in photonic accelerator
architectures. To enable this, there is the need for a photonic main memory. We tackle the
challenge of architecting a photonic main memory using phase change materials (PCMs) in
COMET [51], which is presented in chapter 11. COMET is crosslayer optimized to ensure error
free storage in memory, and reliable and error-free data retrieval from the main memory
architectures. COMET also has several architecture-specific optimizations to enable low power

operation, so that it can be competent among DRAM architectures.

A viable main memory architecture opens the possibility of processing-in-memory (PIM)
architectures. Using COMET as a backbone, we explore to how to exploit the inherent hardware
parallelism in a memory architecture for CNN inference acceleration, in OPIMA [52], in chapter
12. OPIMA identifies several challenges in using a PCM-based main memory architecture for PIM
and then offers architectural solutions to those challenges, resulting in a high throughput, highly

energy efficienct photonic PIM architecture capable of CNN inference acceleration.

Finally, chapter 13 concludes the thesis. We summarize our contributions throughout the body

of research and make recommendations for future research.
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CHAPTER 2. ENERGY EFFICIENT PHOTONIC NETWORK-ON-CHIP USING MULTI-

LEVEL SIGNALING AND QOS-AWARE DATA TRANSFER

To match the increasing demand in processing capabilities of modern applications, the core
count in emerging manycore systems has been steadily increasing. For example, Intel Xeon
processors today have up to 56 cores [12], while NVIDIA’s GPU’s have reported over 8000 shader
cores [55]. Emerging application-specific processors are pushing these numbers to new highs, e.g.,
the Cerebras Al accelerator has over 400,000 light weight cores [56]. The increasing number of

cores creates greater core-to-core and core-to-memory communication.

Conventional metallic interconnects and electrical networks-on-chip (ENoCs) already
dissipate very high power to support the high bandwidths and low-latency requirements of data-
driven parallel applications today and are unlikely to scale to meet the demands of future
applications [57]. Fortunately, chip-scale silicon photonics has emerged in recent years as a
promising development to enhance ENoCs with light speed photonic links that can overcome the
bottlenecks of slow and noise-prone electrical links. Silicon photonics can enable photonic NoCs

(PNoCs) with a promise of much higher bandwidths and lower latencies than ENoCs [58].

Typical PNoC architectures employ several photonic devices such as photonic waveguides,
couplers, splitters, and multi-wavelength laser sources, along with microring resonators (MRs) as
modulators, detectors, and switches [58]. A laser source (either off-chip or on-chip) generates light
with one or more wavelengths, which is coupled by an optical coupler to an on-chip photonic
waveguide. This waveguide guides the input optical power of potentially multiple carrier
wavelengths (referred to as wavelength-division-multiplexed (WDM) transmission), via a series

of optical power splitters, to the individual nodes (e.g., processing cores) on the chip. Each
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wavelength serves as a carrier for a data signal. Typically, multiple data signals are generated at a
source node in the electrical domain as sequences of logical 0 and 1 voltage levels. These input
electrical data signals are coupled with (i.e., modulated onto) the wavelengths using a group (bank)
of modulator MRs (e.g., 64-bit data modulated on 64 wavelengths), typically using On-Off Keying
(OOK) modulation. Subsequently, the carrier wavelengths are routed over the PNoC till they reach
their destination node, where the wavelengths are filtered and dropped into the waveguide by a
bank of filter MRs that maneuver the wavelengths to photodetectors to recover the data in the
electrical domain. Each node in a PNoC can communicate to multiple other nodes through such

WDM-enabled photonic waveguides in PNoCs.

Unfortunately, optical signals accumulate losses and crosstalk noise as they traverse PNoCs,
necessitating high signal power from the laser for signal-to-noise ratio compensation and to
guarantee that the signal can be received at the destination node with sufficient power to enable
error-free recovery of the transmitted data. Moreover, the sensitivity of an MR to the wavelength
it is intended to couple with is related to its physical properties (e.g., radius, width, thickness,
refractive index of the device material) that can vary with fabrication and thermal variations. To
rectify these problems, MRs must be “tuned” to correct the impact of variations either by free-
carrier injection (electro-optic tuning) or thermally tuning the device (thermo-optic tuning). Such
tuning entails energy and power overheads, which can become significant as the number of MRs
in PNoCs increases. Novel solutions are therefore urgently needed to reduce these power
overheads, so that PNoCs can serve as a viable replacement to ENoCs in emerging and future

manycore architectures.

One promising direction towards this goal is approximate computing. As computational

complexity and data volumes increase for emerging applications, ensuring fault-free computing
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for them is becoming increasingly difficult, for various reasons including: (1) increasing resource
demands for big-data processing limit the resources available for traditional redundancy-based
fault tolerance, and (ii) the ongoing scaling of semiconductor devices makes them increasingly
sensitive to variations, e.g., due to imperfect fabrication processes. Approximate computing, which
trades off “acceptable errors” during execution to reduce energy and runtime, is a potential solution
to both these challenges [59]. With diminishing performance-per-watt gains from Dennard scaling,
leveraging such aggressive techniques to achieve higher energy-efficiency is becoming

increasingly important.

In this chapter, we explore how to leverage data approximation to benefit the energy and power
consumption footprints of PNoC architectures. To achieve this goal, we analyze how data
approximation impacts the output quality of various applications, and how that will impact energy
and power requirements for laser operation, transmission, and MR tuning. Our proposed
framework, called ARXON, implements an aggressive loss-aware approximated-packet-
transmission solution that reduces power overheads due to the laser, crosstalk mitigation, and MR
tuning.

The novel contributions of this chapter are as follows:

e We develop an approach that relies on approximating a subset of data transfers for
applications, to reduce energy consumption in PNoCs while still maintaining
acceptable output quality for applications;

e We propose a strategy that adaptively switches between two modes of approximate

data transmission, based on the photonic signal loss profile along the traversed path;
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e We evaluate the impact of utilizing multilevel signaling (pulse-amplitude modulation)
instead of conventional on-off keying (OOK) signaling during approximate transfers
for achieving even greater energy-efficiency;

e We explore how adapting existing approaches towards MR tuning and crosstalk
mitigation can help further reduce power overheads in PNoCs;

e We evaluate ARXON on multiple applications and show its effectiveness over the best-

known prior work on approximating data transfers over PNoC architectures;

2.1. RELATED WORK

By carefully relaxing the requirement for computational correctness, it has been shown that
many applications can execute with a much lower energy consumption and without significantly
impacting application output quality. Some examples for approximation-tolerant applications that
can save energy through this approach include audio transcoding, image processing,
encoding/decoding during video streaming [60], and big-data applications [61]. The fast-growing
repository of machine-learning (ML) applications represents a particularly promising target for
approximation because of the inherent resilience to errors in most ML applications. As an
example, it is possible to approximate the weights (e.g., from 32-bit floating-point to 8-bit fixed
point) in convolutional and deep neural networks and with negligible changes in the output
classification accuracy [62]. Many other approaches have been proposed for ML algorithm-level
approximations [63], [64]. With the introduction of ML applications into resource-constrained
environments such as mobile and IoT platforms, there is growing interest in utilizing approximated

versions of ML applications for faster and lower-energy inference [65].

27



In general, the approximate computing solutions proposed to date can be broadly categorized
into four types based on their scope [66]: hardware, storage, software, and systems. The
approximation of hardware components allows for a reduction in their complexity, and
consequently their energy overheads [67]. For instance, an approximate full adder can utilize
simpler approximated components such as XOR/XNOR based adders and pass transistor-based
multiplexers [68], [69]. Additional reduction in circuit complexity and power dissipation can be
enabled by avoiding XOR operations [70]. Techniques for storage approximation can include
reducing refresh rates in DRAM [71], which results in a deterioration of stored data, but at the
advantage of increased energy-efficiency. Approaches for software approximation include
algorithmic approximation that leverages domain specific knowledge [72]. They may also refer to
approximating annotated data, variables, and high-level programming constructs (e.g., loop
iterations), via annotations in the software code [73], [74]. At the system level, approximation
involves modification of architectures to support imprecise operations. Attempts to design

approximate NoC architectures fall under this category.

Several efforts have attempted to approximate data transfers over ENoC architectures by
using strategies that reduce the number of bits or packets being transmitted to reduce NoC
utilization, and thus reduce communication energy. An approximate ENoC for GPUs was
presented in [75], where similar data packets were coalesced at the memory controller, to reduce
the packets that traverse over the network. A hardware-data-approximation framework with an
online data error control mechanism, which facilitates approximate matching of data patterns
within a controllable value range, for ENoCs was presented in [76]. In [77], traffic data was
approximated by dropping values from a packet before it is sent on to the ENoC, at a set interval.

The data is then recreated at the destination nodes using a linear interpolator-based predictor. A
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dual voltage ENoC is proposed in [78], where lower-priority bits in a packet are transferred at a
lower voltage level, which can save energy at the cost of possible bit flips. In contrast, the higher
priority bits of the packet, including header bits, are transmitted with higher voltage, ensuring a
lower bit-error rate (BER) for them. All of these approaches focus on approximations for ENoCs.
The complex and unique design space of approximation techniques for PNoCs remains relatively

unexplored.

A recent work [79]explored the use of approximate data communication in PNoCs for the first
time. The authors explored different levels of laser power for transmission of bits across a photonic
waveguide, with a lower level of laser power used for bits that could be approximated, but at the
cost of higher BER for these bits. The work focused specifically on approximation of floating-
point data, where the least significant bits (LSBs) were transmitted at a lower laser-power level.
However, the specific number of these bits to be approximated as well as the laser-power levels
were decided in an application-independent manner, which ignores application-specific sensitivity
to approximation. Moreover, the laser-power level is set statically and without considering the
dynamic optical loss that photonic signals encounter as they traverse the network. In [80], we
proposed LORAX framework that improved upon the work in [79] by using a loss-aware approach
to adapt laser power at runtime for approximate communication in PNoCs. We analyzed the impact
of adaptive approximation, varying laser-power levels, and the use of 4-pulse amplitude
modulation (PAM4) on application output quality, to maximize application-specific energy
savings in an acceptable manner. There may be apparent similarities between these approaches
and works in say, [77] or [78], but the design considerations, modeling, and implementation in
hardware required for PNoC are very different from an ENoC. For example, considering PAM4

for energy savings is only possible in PNoCs.
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The ARXON (AppRoXimation framework for On-chip photonic Networks) framework
presented in this article improves upon LORAX in multiple ways through: (i) considering integer
data for approximation in addition to floating-point data (LORAX only considered floating-point
data); (i1) integrating the impact of fabrication-process variations (PV) and thermal variations (TV)
on MR tuning and leveraging it for energy savings; (iii) approximating error correction techniques,
which are commonly used in PNoCs, to save more energy; and (iv) analyzing the potential for
approximation for a much broader set of applications, and across multiple PNoC architectures.
Section 2.4 describes our proposed ARXON framework in detail with evaluation results presented

in Section 2.5.

2.2 DATA FORMATS AND APPROXIMATIONS

2.2.1 FLOATING POINT DATA

In many applications, floating-point data can be safely considered for approximation and
without impacting the overall quality of the output from the approximation, as explored and
demonstrated in [80]. The IEEE-754 standard defines a standardized floating-point data
representation, which consists of three parts: sign (S), exponent (E), and mantissa (M), as shown
in Figure 6. The value of the data stored is:

X = (—1)5x 2B-bias o (1 4+ M), (1)

Where X is the floating-point value. The bias values are 127 and 1203, respectively, for single
and double precision representation, and are used to ensure that the exponent is always positive,
thereby eliminating the need to store the exponent sign bit. The single precision (SP) and double
precision (DP) representations vary in the number of bits allocated to the exponent and mantissa

(see Figure 6). E is 8 bits for SP and 11 bits for DP, while M is 23 bits for SP and 52 bits for DP.
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Also, S is 1 bit for both cases. From (1), we can observe that the S and E values notably affect the
value of X. But X is typically less sensitive to alterations in M in many cases. M also takes up a
significant portion of the floating-point data representation. We consider S and E as MSBs that
should not be altered, whereas M makes up the LSBs that are more suitable for approximation to

save energy during photonic transmission.

8b for SP 23b for SP
11b for DP 52b for DP
» 1b =

Figure 6. IEEE-754 floating-point representation.

2.2.2. INTEGER DATA

It is more challenging to approximate integer data as it does not have a standard separation
similar to the IEEE754 standard for floating-point data. An integer data value is usually
represented as an N-bit chunk of data that can be signed or unsigned. If unsigned, the N-bits of
data can be used to represent an integer value in the range from 0 to 2N-1. If signed, the most
significant bit represents the sign bit, and the remaining N-1 bits represent an integer value in the
range from — (2N"'-1) to + (2''-1). The number of bits, N, in an integer data word can change
depending on the usage or application. N is usually in the range from 8 to 64 bits in today’s
platforms. Therefore, a generalized approach to approximate the integer data values is challenging.
As aresult, we have opted for an application-specific approach, where we identify possible integer
variables that have larger than required size, depending on the values they handle. We deem the
size of an unsigned integer variable as larger than required, if the most significant bits of the

variable are not holding any useful information. We approximate such unnecessarily large
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unsigned-integer variables by truncating their MSBs. We also consider LSB approximation for
integer packets, when viable. We found that integer data is generally not as tolerant to LSB
approximation as floating-point data, so this approach cannot be as aggressive as LSB

approximation in floating-point data and is thus used sparsely in our proposed framework.

2.2.3 APPLICATIONS CONSIDERED FOR APPROXIMATION

We evaluate the breakdown of integer and floating-point data usage across multiple
applications, to establish how effective an approach that focuses on approximating floating-point
LSB data and integer MSB data can be. We selected the ACCEPT benchmark suite [72], which
consists of several applications, including some from the well-known benchmark suite PARSEC
[81], that have been shown to have a relatively strong potential for approximations. While the
applications in this suite may be executed on a single core, to adapt these to a PNoC-based multi-
core platform with 64 cores, we used a multi-application simulation approach where the
applications were replicated across the 64 cores to emulate multi-application workloads on real
systems. Along with the applications from [72] we also considered several neural-network
applications from the tinyDNN [82] benchmark suite to see how our approximation framework
would fare for ML applications. The multi-application simulation approach was adopted, as in a
real many-core system, multiple applications will be running and competing for on-chip resources

simultaneously.
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Figure 7. Characterization of applications considered for evaluation.

We used the gem5 [83] full system-level simulator and the Intel PIN tool [84] in tandem to
count the total number of integer and floating-point packets in transit across the memory hierarchy
during the simulations. Figure 7 shows the breakdown of the floating-point and integer packets
across the applications for large input workloads. We considered all floating-point data packets as
candidates for approximation. As for integer packets, we identified specific variables and a subset
of their bits (“approximable integer packets”) that can be approximated safely. The goal while
selecting floating-point and integer packets for approximation was to keep application-specific
error to below 10% of the original output. It can be observed that while a majority of the
applications have integer packets that cannot be approximated without hurting output quality
significantly, most of these applications have a non-trivial percentage of their packets that can be
approximated. This is a promising observation that motivates our framework. But before we

describe our proposed framework in detail (Section 2.4), we briefly cover challenges in PNoCs

33



related to crosstalk and signal loss (Section 2.5), which our approximation approach can leverage

for energy savings.

2.3 CROSSTALK AND OPTICAL LOSS IN PNOCS

The overall data movement on the chip increases as the number of on-chip processing elements
increases, and applications utilize more data. This requires a larger number of photonic
waveguides, wavelengths, and MR devices to support the increased communication. However,
using a larger number of photonic components makes it challenging to maintain acceptable BER
and achieve sufficient signal-to-noise ratio (SNR) in any PNoC architecture due to signal optical

loss and crosstalk noise accumulation in photonic building blocks [32].

Light propagation in photonic interconnects relies significantly on the precise geometry
adjustment of photonic components. Any distortion in waveguide geometries and shape can
notably impact the optical power and energy-efficiency in waveguides. For instance, sidewall
roughness due to inevitable lithography and etching-process imperfections can result in scattering,
and hence optical losses in waveguides [85]. In addition to such propagation loss, there is optical
loss whenever a waveguide bends (i.e., bending loss), or when a wavelength passes (i.e., passing
loss) or drops (i.e., drop loss) into an MR device. High signal losses require increased laser power
to compensate for the loss and ensure appropriate optical-power levels at destination nodes where

the signals are detected.

Crosstalk is another inherent phenomenon in photonic interconnects that degrades energy-
efficiency and reliability. Crosstalk occurs due to variations in MR geometry or refractive index
and imperfect spectral properties of MRs, which can cause an MR to couple optical power from

another optical channel/wavelength (which acts as noise) in addition to its own optical channel
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(i.e., resonant wavelength). Such crosstalk noise is of concern in dense-wavelength-division
multiplexed (DWDM) waveguides, necessary to support a higher bandwidth for emerging
manycore platforms, where multiple optical channels exist with a small (e.g., <1 nm) channel
spacing. In such DWDM systems, not only will optical signals in each channel suffer from optical
loss, but inter- and intra-channel crosstalk accumulating on optical signals can severely reduce
SNR and increase BER. Reducing crosstalk is challenging and techniques to minimize crosstalk

(e.g., [86]) introduce further power and latency overheads.

It should be noted that the optical-power loss and crosstalk noise from a single silicon photonic
device (e.g., MR) can be very small, and hence negligible [87]. However, in PNoCs integrating a
large number of such devices (e.g., hundreds of thousands of MRs), the small power loss and
crosstalk noise at the device-level accumulate to a point that they can severely reduce the
performance and energy-efficiency in such architectures. In our proposed ARXON framework, as
we are considering approximated data packets, we can intelligently relax crosstalk-mitigation
mechanisms and optical loss compensation for the approximated bits, to aggressively reduce power

and energy consumption overheads.

2.4. ARXON FRAMEWORK: OVERVIEW

This section discusses the components of our ARXON framework. Section 2.4.1 provides an
overview of our loss-aware laser power optimization strategy. Sections 2.4.2 and 2.4.3 discuss
how crosstalk mitigation and tuning can be relaxed to save power during approximate-bit transfers.
Lastly, Section 2.4.4 describes the integration of multilevel signaling to further reduce power

dissipation during approximate communication in PNoCs.
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2.4.1. LOSS-AWARE LASER POWER MANAGEMENT FOR APPROXIMATION

Optical signals transmitted over a waveguide (photonic link) undergo attrition due to various
optical losses they encounter along the path from a source to a destination, as discussed in section
2.3. To express how these optical losses tie in with the initial laser power provisioned to the optical

signals in the waveguide, we can use the following model [88]:
Plaser - Sdetector = Pphotloss + 10 x IoglO N/l' (2)

Here, Piaser 1s the laser power in dBm, Saerecror 1S the receiver sensitivity, and N, is the number
of wavelength channels in the link. Also, Ppror_ioss1s the total optical loss accumulated on the optical
signal during its transmission, which includes propagation, crossing, and bending losses in the
waveguides, through- and drop-port losses of MR modulators and filters, and modulating loss in
modulator MRs due to imperfect modulation [86]. P thus depends on the link bandwidth in
terms of N,, and the total loss Ppro:_10ss €ncountered by each optical signal traversing the network.
The Ppror_ioss €ncountered along the network reduces the optical signal power. A signal can only
be accurately recovered at the destination node if the received signal power is higher than Suerecror.

Ensuring this requires a high-enough Pjus- to compensate for all optical losses.

To approximate data transmission for floating-point data transfers, [79] used lower Pjuser for
transmitting LSBs while keeping Pusr unchanged for MSBs. However, if the destination node is
relatively farther along a waveguide from a source node, the signals would encounter high losses
and the signal power at the detector MRs would be lower than Sgeecior, Which would result in
detecting logic ‘0’ for all the approximated signals at the destination node (e.g., with OOK
modulation). In the scenario where the destination is closer to the source, it may be possible to

detect the approximated signals accurately, as long as the losses encountered are low enough that
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the signal power at the detector MRs would be higher than Saerecior, €ven with the reduced Pjuser for
the approximated bits. For each data transfer on a waveguide, if we are aware of the distance of
the destination from the source, it is possible to calculate the losses encountered for the signals,
which can allow us to determine whether the signals can be recovered accurately, or if they will
be detected as ‘0’s. In such a scenario, it is more efficient to simply truncate all the approximated
bits (i.e., reduce Piuser to O for approximated signals) when the destination is farther along the
waveguide and there is no likelihood of the signal being recovered accurately. Moreover, in the
cases where the destination is closer to the source, we can transmit the approximated signals with
a lower Puser. This intelligent distance-aware transmission model for approximate data allows for
some of the data to be detected accurately at the destination, while approximating other data

depending on its content and distance to the destination.
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Figure 8. Overview of the proposed ARXON framework.

Figure 8 shows the operational details of the distance-aware transmission model in our
framework, on a single-writer-multiple-reader (SWMR) waveguide that is part of a PNoC

architecture. Note that while we illustrate our framework with an SWMR waveguide, our
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framework is also applicable (with minimal changes) to multiple-writer-multiple-reader (MWMR)
and multiple-writer-single-reader (MWSR) waveguides that are also used in many PNoCs. In
Figure 8, only one sender node is active per data transmission phase and there is one receiver node
(out of three in the figure) that is the destination for the transmission. In a pre-transmission phase
(called receiver-selection phase), the sender notifies the receivers about the destination for the
upcoming data transmission, and only the destination node will activate its MR banks, whereas the
other nodes will power down their MR banks to save power in the transmission phase. As shown
in Figure 8, if the destination node is close to the sender node, (e.g., D1), we can transmit the
approximated bit signals with a lower Pias.r. Otherwise, if the destination node is farther away from
the sender node, (e.g., D3), we determine that it would not be possible to detect the approximated
signals at that destination due to the greater losses the signals will encounter. Therefore, we

dynamically turn off Pjs.r, essentially truncating the bits.
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Figure 9. Floating-point data transmission on a photonic waveguide (a) truncation and (b) lower
laser power.

We consider both integer and floating-point data for approximation. For floating-point data,
we perform distance aware transmission of the LSBs of the data in such a way that it will not
impact the overall output quality of the application. Figure 9 shows how transmission of data will
conform to the distance aware transmission policy of our framework. In the case where substantial
losses are expected to be encountered between a source and destination, we adopt the strategy
shown in Figure 9(a), where the data is truncated, as the approximated bits would have been lost
during transmission anyway. When the data can have enough power to be successfully received at
the destination node, we adopt the strategy shown in Figure 9(b), where the data is transmitted at
a lowered-laser power than its non-approximated counterparts. The power at which the bits can be
transmitted, and the number of the approximated bits will depend on the application, as discussed
in Section 2.5.

o N bits

n-bits which containno . | Possible bits |
useful information approximated

e LT

Figure 10. Approximated-integer-data transmission adopted.

For approximating integer variables, we take a different approach. Based on our analysis,
indiscriminate approximation to integer data in an application can significantly reduce output
quality. Therefore, we instead profile applications and log the range of values stored in each integer

variable. If the range of values is smaller than the bit size allotted to the variable (e.g., the case
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where a 32-bit integer variable only stores values up to 24 bits throughout the run of the
application), we consider it a candidate for approximation. We can remove or truncate the MSBs
that are unused in such variables that will otherwise take up modulation/demodulation and tuning
energy necessary for transmission. We can also try and approximate the LSBs of the integer
packets, and this approach can work in integer variables that store very large values where slight
errors in the LSBs have minimal impact. But integer variables amenable to LSB approximation
without significantly reducing output quality are rare. Nonetheless, for any such approximated
LSB bits, the distance aware transmission model is applied as well. Figure 10 summarizes our

approximation strategy for integer packets.

To implement these strategies, we require: (i) a laser-control mechanism that can dynamically
control the laser power being injected into the on-chip waveguides, and (ii) a mechanism to
annotate approximable variables in the application source code, for runtime adaptation of transfers

involving these variables.

We utilize an on-chip laser array with vertical-cavity surface-emitting lasers (VCSELSs) [89],
which can be directly controlled using on-chip laser drivers. With the laser drivers, we can control
the power fed into each individual VCSEL, thus controlling the power of the laser output for a
particular wavelength corresponding to that VCSEL. The gateway interface (GWI) that connects
the electrical layer of the chip to the PNoC (see Figure 8), communicates the desired Pjqsr power
level (including O for truncation) to the drivers, via an optical link manager, similar in structure to

the one proposed in [90].

Identification of candidate packets to be approximated is done at the processing-element level,
via source-code annotations [72], to generate necessary flags for data that is approximable. The
main considerations while generating the flags for the packet, in our framework, are to allow for
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proper decoding of approximated or truncated packets at the destination. For this, two additional
flags must be included in the packet header, at the processing-element level. The first (1 bit) flag
indicates whether the approximable packet contains integer or float data and the second (1 bit) flag
indicates whether the approximation is to be done for LSBs or MSBs. The number of bits that can
be safely approximated or truncated are determined offline for each application and stored in
lookup tables (LUTs) at the network interface (NI) which connects processing elements to routers
that are in turn connected to GWIs. The number of bits approximated/truncated in a packet is also
passed as part of the header flit of the packet to the GWI. This information can be used to gate
(i.e., prevent) those bits from being passed into encoding/decoding circuitry. Note that as the
number of bits truncated/approximated is necessary information for decoding, we must convey
this information to the destination GWI as well. For this, we use six bits in the packet header.
These six bits represent the number of approximated/truncated bits in the range from O to 32 bits,

which is the range of approximation/truncation in our chapter.

Usually the header flit contains the routing information, which can just be the destination
address. We consider a flit size of 64 bits, i.e., 64 bits are transmitted per transmission cycle. The
number of used bits in the header flit do not exceed 16 bits (for the destination and source
addresses), thus making it possible to incorporate the 8 necessary bits containing the two bits for
the necessary flags and six bits for the approximation/truncation size information without causing
any additional latency overheads. Once the header flit is received at the destination GWI, the flags
and the approximated/truncated bits information are used to select the appropriate LSB/MSB to
not be considered for decoding. The packet ID from the flit can then be used to track the remaining

flits in the packet and treat them accordingly, if they were approximated/truncated.
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Once the approximable bits have been identified, we must determine whether the
approximation during their transfer is to be accomplished via reduced power transmission or
truncation. This requires a LUT at each GWI (see Figure 8) with the IDs of all the destination
GWIs. The table at a source is populated with the destination IDs to which the loss values are
sufficiently large enough to warrant truncation. The values can be easily calculated post-
fabrication at design time, as the location of destination nodes as well as the cumulative loss to
their GWI from the source does not significantly change at runtime. Once the decision to truncate
or transmit at a lower laser power is made, depending on the destination node, the required power
levels for the wavelengths are communicated to the VCSEL drivers via the optical-link manager.
We discuss the overheads of the tables and the application specific Piuser for the approximated

signals in Section 2.5.

2.4.2. RELAXED CROSSTALK MITIGATION STRATEGY

Due to the challenges with signal crosstalk outlined in Section 2.5, PNoCs must utilize one or
more crosstalk mitigation strategies to reduce and achieve high SNR. We consider a state-of-the-
art crosstalk mitigation strategy from [53] that can be applied at the link level in PNoCs. Analyses
from [53] showed that a ‘1’ carried by the wavelengths in the DWDM wavelength group adjacent
to the resonant wavelength of an MR causes higher crosstalk in that MR. An encoding strategy
was proposed to reduce inter-channel crosstalk noise by replacing instances of ‘1’ values in
adjacent wavelengths with ‘0’ values, which helped reduce the optical signal-strength of
immediate non-resonant wavelengths and improve SNR. Two encoding techniques were proposed
that encoded nibbles (4-bits) of data. The PCTMS5B technique encoded the nibble to 5-bit data,
while the PCTM6B technique encoded the nibble to 6-bit data. Table 1 shows the code words used

in these encoding techniques. Note that to implement PCTMS5B on a photonic link with 64-bit
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word parallel transfers, 16 additional bits are required, which increases the number of MRs by
25%. Similarly, for PCTM6B, 32 additional bits are required for a 64-bit data word, and this
increases the number of MRs by 50%. We assume that the lower-overhead PCTMS5B technique is

integrated into PNoCs by default, to meet BER goals.

In order to mitigate crosstalk, we assume the baseline configuration of the PNoC to implement
PCTMS5B. This means the encoder/decoder circuitry and the LUT, containing the data word-code
word pairs, are incorporated into the GWI. Using these additions, the incoming packets from the
processing elements can be encoded before they are transmitted to their destination, and at the
destination, the packets are decoded using the LUTs. In our framework, applying crosstalk
mitigation via PCTMS5B technique to the truncated or approximated bits is an unnecessary
overhead as it does not provide any benefits towards BER. By relaxing crosstalk mitigation for the
truncated or approximated bits, it is possible to reduce the energy costs of the mitigation strategy.
We do this by leveraging the approximation information gathered using our offline analysis of
applications, where we consider that some LSB/MSB of the data can be approximated/truncated.
During the encoding process, we do not consider these bits by gating their access to the encoder.
Similarly, at the destination, when an approximated/truncated packet is received, the information
from our LUTs are used to gate the approximated/truncated bits from being passed into the decoder

circuitry.

Table 1 Data word to code word conversion [53].

Code Words for PCTM5B Technique
Data Word | Code Word | Data Word | Code Word
0000 00000 1000 01000
0001 00001 1001 01001
0010 00010 1010 01010
0011 10101 1011 10100
0100 00100 1100 01100
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0101 00101 1101 10010
0110 00110 1110 10001
0111 10110 1111 10000
Code Words for PCTM6B Technique
Data Word | Code Word | Data Word | Code Word

0000 000000 1000 001000
0001 000001 1001 001001
0010 000010 1010 001010
0011 100000 1011 010100
0100 000100 1100 100010
0101 000101 1101 010010
0110 010101 1110 010001
0111 100001 1111 010000

2.4.3. RELAXED MR TUNING STRATEGY

Thermal or electrical tuning of MRs in a PNoC is crucial for ensuring reliable communication,
by counter-acting the effects of PV and TV. We assume the use of thermo-optic tuning in PNoCs,
due to its better range of AAr correction. Electro-optic tuning can provide a tuning range of at most
1.5 nm [91]. In contrast, thermo-optic tuning can provide a tuning range of about 6.6 nm
corresponding to the temperature range of up to 60K [92] at 0.11 nm/K sensitivity [93]. This comes
at the price of higher energy consumption (~mW/nm) and slower operation (in units of ps). In our
framework, we aim to reduce the overhead of tuning the MRs associated with truncated bits. We
do not consider approximated bits for relaxed MR tuning, as the added noise this approach

generates, due to thermal drift of Ar, may render the approximated bits unreadable at the destination
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GWI. We do however relax the requirement for tuning MRs associated with the truncated bits, by

temporarily turning off the tuning mechanism for those MRs.

2.4.4 INTEGRATED MULTI_LEVEL SIGNALLING

The discussion in the previous sub-sections assumes the use of conventional on-off keying
(OOK) signal modulation, where each photonic signal can have one of two power levels: high or
on (when transmitting a ‘1’), and low or off (when transmitting a ‘0’). In contrast, multilevel
signaling is a signal-modulation scheme where more than two levels of voltage can be used to
modulate multiple bits of data simultaneously in each optical signal. The obvious benefit with such
multilevel signaling is an increase in the bandwidth. Leveraging this technique in the photonic
domain has, however, traditionally been a cumbersome process with high overheads, e.g., when
using the signal superposition techniques from [94]. But with advances such as the introduction of
Optical Digital to Analog Converter (ODAC) circuits [95] that are much more compact and faster
than Mach-Zehnder Interferometers (MZIs) used in techniques involving superimposition [94],
multilevel signaling has been shown to be more energy efficient than OOK [88], making it a
promising candidate for more aggressive energy savings in silicon photonic networks.

Four-level pulse amplitude modulation (PAM4) is a multilevel signal modulation scheme
where two extra levels of voltage (or optical signal power in case of optical modulation) are added
in between the ‘0’ and ‘1’ levels of OOK. This allows PAM4 to transmit two bits per modulation
as opposed to one bit per modulation in OOK. This in turn increases the bandwidth when compared
to OOK. We are interested in evaluating the impact of using PAM4 in PNoCs and how its use will
impact the effectiveness of our approximation strategies in ARXON. While PAM4 promises better
energy-efficiency than OOXK, it is prone to higher BER due to having multiple levels of the signal

close to each other in the spectrum. Thus, we cannot reduce the laser power level of the LSB bits
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to the level used in OOK, as it would significantly reduce the likelihood of accurate data recovery
even when destination nodes are relatively close to the source. Thus, when PAM4 is used, we need
to increase the laser power compared to OOK. We used an empirically determined value of
approximately 1.5x the laser power that was used for OOK, to prevent the degradation of
approximated signals transmitted with PAM4. This may seem like a backward step in conserving
energy, but the reduced-operational cost per modulation and the reduced-wavelength count for
achieving the same bandwidth as OOK can reduce the overall laser power consumption. Also,
while it is possible to add more signaling levels (e.g., to use a PAM8 modulation scheme), as the
number of amplitude levels increases, the optical signal becomes extremely susceptible to noise
and causes increase in BER [96]. To ensure reliable communication when using PAMS, the
bandwidth and speed of operation must be sacrificed [97]. Considering these constraints, we limit
the extent of multilevel signaling integration in our framework to PAM4.The experimental results

in the next section quantify the impact and trade-off when using PAM4 signaling in our framework.
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Figure 11. PNoC architectures considered for analyses. (a) Eight-ary three-stage Clos architecture
with 64 cores [98]; and, (b) Schematic overview of SwiftNoC architecture [99].

2.5. ARXON EVALUATION AND SIMULATION RESULTS

2.5.1. EVALUATION SETUP

To evaluate our proposed ARXON framework, we implement it in Clos [98] and SwiftNoC
PNoC architectures [99] for a 64 core processor, with baseline OOK signaling, PCTMS5B crosstalk

mitigation, and thermo-optic tuning in MRs.

The Clos PNoC, shown in Figure 11(a), has an 8-ary 3-stage topology for a 64-core system
with eight clusters and eight cores per cluster. It utilizes an optical crossbar topology with point-
to-point photonic links utilizing SWMR waveguides for inter-cluster communication. Each cluster
has two concentrators and a group of four cores is connected to each concentrator, where

concentrators communicate with each other using an electrical router.

For the SwiftNoC PNoC, as shown in Figure 11(b), we have again considered a 64-core system.
Each node here has four cores and communication within the node happens through a 5x5 router,

with the fifth port of the router connected to a GWI, which facilitates transfers between the CMOS-
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electrical layer and the photonic layer. Each GWI connects four nodes. The architecture utilizes
eight waveguide groups with four MWMR waveguides per group in a crossbar topology. In order
to support the MWMR communication, SwiftNoC utilizes a concurrent token stream arbitration

that provides multiple simultaneous tokens and increases channel utilization.

The Clos PNoC has a waveguide length of 4.5cm and the SwiftNoC PNoC has a waveguide
length of 8.3cm over the considered 400mm?2 chip. In both PNoCs, the first MR is encountered at
~lcm and the last MR is encountered at ~3.8cm for Clos PNoC and ~7.8cm for SwiftNoC. These
distances have a key relationship to the laser power consumption, which we try to capture using
the power model in (2). This relationship is visualized in Figure 12, where the sudden jumps in

power indicate a new GWI with the optical devices being encountered along the waveguide.
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Figure 12/ Laser power consumption behavior over the length of the waveguide in (a) Clos PNoC
and (b) SwiftNoC.

Table 2 64-core architecture configuration.

Simulated component Specification
No. of cores, processor type 64, x86
DRAM 8GB, DDR3
Memory controllers 8
L1 I/D cache, line size 128KB each, direct mapped, 64B
L2 cache, line size, coherence 2MB, 2-way set associative, 64B, MESI

The considered PNoC architectures were modeled and simulated using an in-house SystemC
based cycle-accurate simulator. A combination of gem5 full-system simulator [83] and Intel PIN
toolkit [84] was utilized to generate traces for the entire application that were replayed on the
PNoC simulators to determine energy savings in the PNoC. The PIN tool was used to obtain the
addresses of the variables we deemed suitable for approximation from our analysis of applications
and then to track accesses to them. Using this information in gem5 simulation, we track the relevant
data flow at various levels of the simulated system (processor level, memory controller level,

DRAM level and cache level). The information generated while the simulation is running was
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consolidated and custom python scripts were created to extract the necessary information about
the data packets (e.g., timestamp at origin, their source, destination, data values, and control values
from the packet header) and to generate the traces necessary for our cycle accurate simulator to
simulate the applications on these PNoC architectures. Then, details of the approximate data
communication (i.e., whether a packet was truncated or transmitted at lower power) were used to
modify data in a subsequent gem5 simulation, to estimate the impact of the approximation on
output quality for the application being considered. Table 2 shows gem5 architectural parameters
considered in our experiments. We have based our simulations on x86 cores, but these simulations
and our approach is applicable to systems having other types of cores as well, for e.g., ARM cores.
Twelve applications from the ACCEPT and tinyDNN benchmark suites were used in our
evaluations. The performance was evaluated at the 22 nm CMOS node for 400 mm?2 chips, with
cores and routers operating at 5 GHz clock frequency. DSENT [100] was used to calculate the
energy consumption of routers and the GWI at each node. Each GWI holds two LUTs for our
framework; these are: one which holds the information regarding which destination addresses are
preferred for truncation, and another for PCTMBS5 encoding scheme. The size of both the LUTs at
GWI level is fixed and is application independent. The PCTMS5B LUT takes up only 144 bits for
storing encoding decoding information at each GWI. The destination ID LUT can take up a

maximum of 32 bits at each GWI for Clos PNoC and 64 bits for SwiftNoC variants.

The table containing information regarding number of bits to be approximated/truncated for
integer/float approximable packets is stored at the network interface (NI) of each processor. The
maximum number of bits required in these LUTSs for the worst case (application with the highest
number of approximable variables) is a few hundred bits for the applications we considered.

CACTI v6.5 [101] and scaling equations from [102] were used to evaluate the power, area, and
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delay for the lookup tables in NIs and GWIs. These values were found to be 0.236 mm?2 for the
area consumption for all the tables, with a total power overhead, for reading from and writing into
the tables, of 0.135 mW for Clos and 0.472 mm2 and 0.27 mW respectively, for SwiftNoC. The
combined power and area consumption of associated circuitry necessary for accessing information
in the LUTs, calculated using gate-level analysis, is 0.0274 mm?2 and 4.224 mW for Clos, and
0.0548 mm2 and 8.448 mW for SwiftNoC. LUTs in both Clos and SwiftNoC have the same
number of entries as both architectures have the same number of processing elements. The
encoding/decoding scheme is the same and the approximations done depend on the output error
quality of the application and not the architecture, while SwiftNoC has double the number of
GWIs. The access time for scratchpad RAMs designed with 22 nm technology node was under 1

cycle from synthesis estimates.

VCSEL control in ARXON was modeled after the optical link manager in [90], where the
channel management for their PNoC design was described. However, since we are considering
PNoCs from prior works with their own channel management systems in place for our analysis,
we only adapt the approach for VCSEL control from [90]. The VCSEL control described in [90]
uses a combination of MRs and PDs, but we only require the MR based switching mechanism for
the VCSEL output. From the data available in [90] we calculated the area overhead necessary for
implementing the VCSEL control, which was 0.093 mm2 for OOK variants and 0.047 mm?2 for

PAM4 variants of both the architectures.

Clos and SwiftNoC PNoC architectures with PCTMS5B are used as baselines for our analyses
in this chapter. We have also considered a two-cycle overhead for PCTMSB encoding and
decoding of the signals, as calculated in [53]. We considered N, = 64 for OOK, which would

enable 64-bit transmission across a waveguide per cycle. For PAM4, we only need to consider N,
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= 32 to achieve the same bandwidth as with OOK modulation. Table 3 shows the energy values

for losses and power dissipation in different photonic devices. We use a “standard” set of values

for these parameters from existing prototyping efforts, and a more “aggressive” set of values as

per future projections from various research efforts. Our approach sacrifices reliability of

approximated bits in floating point data and selected integer variable data, for EPB and laser power

savings, as discussed in Sections 2.4.2, 2.4.3, and 2.4 4.
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Figure 13. Percentage error (PE)/Drop in accuracy in application output as a function of the
number of approximated bit signals (y axis) and reduction in laser power (x axis) for the
approximated signals, for blackscholes, canneal, fft, jpeg, sobel, streamcluster, fluidanimate, and
X264 benchmarks with large input workloads and MNIST (training and testing) and CIFAR10

(training and testing) models.
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We use the standard values for most of our simulations and use the aggressive values in Section
2.5.4. These values are used to calculate laser power from (2) and total power after considering
tuning and lookup-table overheads. We consider a laser efficiency of 10% for our on-chip
VCSELs, which is midway, the initial and worst-case efficiencies mentioned in [89]. We
additionally consider a PAM4-induced-signaling loss of 5.8 dB in Pphot_loss for laser power
calculations for PAM4 [88]. To compensate for the increased sensitivity of PAM4 to bit errors, we
also consider laser-power levels that are 1.5x than those used for OOK signaling. For ensuring
reliable communication, we have considered a BER of 10-9 in our designs. Lastly, we calculated
application output error for the non-machine learning applications due to our approximation

approach as:

lapproximatedvalue—exactvalue|

Percentage (Output) Error = Jp— x 100. 3)
Table 3 Loss and power parameters

Parameters considered Standard values Aggressive values
Receiver sensitivity -20 dBm -23.4 dBm
MR through loss 0.02 dB 0.02 dB
MR drop loss 0.7 dB 0.5 dB
Propagation loss 1 dB/cm 0.25 dB/cm
Bending loss 0.01 dB/90° 0.005 dB/90°
Thermo-optic tuning 6.67 mW/nm 240 pW/nm

The “exact value” refers to the original output values, which can be a set of values presented
in the output files, like in the case of Blackscholes, or it can be pixel values of output
images/frames, like in the case of JPEG, Sobel or X264. The “approximated value” refers to the
value of these outputs once the approximation approach is applied to the applications. For our
analysis, we assume an error threshold of 10% output error, which was seen experimentally to be
the limit at which the errors became apparent in the outputs of the majority of the applications

[80]. For example, artifacts become noticeable in JPEG output as we cross the 10% error threshold.
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Thus, we want to ensure that none of the approximation strategies degrade output quality by more
than 10%. For our machine-learning applications, we have considered the drop in accuracy to

measure the impact of our framework and we have set the threshold as 10% drop in the accuracy.

2.5.2. IMPACT OF ARXON ON APPLICATIONS CONSIDERED

Our first set of experiments involve analyzing the sensitivity of an application to varying
degrees of approximation of their floating-point data. We are interested in studying the impact on
output error from approximating a number of bits in the packets carrying data deemed
approximable. Additionally, we are also interested in studying the impact on output error of

varying levels of lowered laser power for those approximated bits.

Figure 13 shows the results of our comprehensive study for the applications we considered (as
depicted earlier in Figure 7). The z-axis shows the percentage error (PE) in application output, or
drop in accuracy for ML applications, as a function of the reduction in Plaser level for the photonic
signals that carry the approximated bits (x-axis; varying from 0% to 100%, where 100% refers to
truncation), and the number of bits that were considered for approximation (y-axis; with the
number of approximated float and integer bits given in [float, integer] format). The subset of
combination of these values were selected for enabling viable trade-offs between output quality
and power consumption. It should be noted that not all applications consider both floating-point
and integer data for approximation. For example, Fluidanimate only considers integers for
approximation while the ML applications (CIFAR10 and MNIST) only considers floating-point
data. This selection of datatypes to be approximated was made after profiling the application and
determining the datatypes that do not have adequate impact on the traffic (e.g., floating-point data

in the case of Fluidanimate and X264) or the functionality of the application (integers in the case

54



of the ML applications considered). This is a more comprehensive version of the experiments in
our earlier work, presented in [80]. In those experiments in [80] we had determined how much
floating-point approximation can be tolerated by the applications from ACCEPT benchmark. Here
we not only consider a larger number and variety of applications, but also use more
comprehensively determined thresholds than in LORAX to explore how approximating the integer
bits along with the float bits affects the output quality. It is clear from our analyses that not all
applications can tolerate the same level of approximation. From the PE values, we can observe
that FFT with a large volume of floating-point data traffic (see Figure 7) reaches the error threshold
of 10% rather quickly as the number of approximated bits increases and laser power-levels reduce,
whereas Canneal with a lower floating-point traffic-volume observed seems to have very low PE
values across the various experiments. The edge detection algorithm Sobel performs well in
approximated conditions, possibly owing to the lowered data accuracy requirements to construct
the output. Streamcluster involves an approximation strategy for data streams and is also observed
to be quite resilient to greater levels of approximation. Blackscholes, which performs market
options calculations is particularly sensitive to the approximated number of bits and the laser-
power levels. JPEG performs image compression, and the output image quality is also more
sensitive to approximation. Fluidanimate generates a video of flowing liquid depending on the
input data provided. X264 is a video codec, which generates compressed video from the input,
which is raw video data. Fluidanimate and X264 applications were subjected to only integer MSB
approximation, and threshold is quickly breached after the amount of MSBs approximated start
taking up bits which contain values, the quick rise in error can be explained by the fact that we are
approximating MSBs which would cause very large shift in values. Moreover, we considered

implementations of deep convolutional neural networks for classification of CIFAR-10 and
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MNIST datasets, from tinyDNN. The machine learning applications used single precision floats,
and we were able to approximate till the point where we encroached on the exponent, but the decay
of output accuracy ramped up very quickly once we tried to approximate any further. From Figure
8 we can see that there is a sharp increase in percentage output error (PE), as we approximated
beyond a certain number of bits, in the case of many of the applications considered, e.g., the
applications in the bottom two rows. The erratic jumps in error rate for the six applications in the
top two rows of Figure 8 are because we are considering discrete combinations of approximated

bits for floating point and integer variables, along the ‘Approximated bits’ axis.

Table 4 summarizes the best combination of approximable bits and the laser-power-
transmission levels for these bits and for each application while ensuring that the application output
error does not exceed 10% for our proposed framework (ARXON). Table 4 also shows the number
of bits that can be truncated, selected to meet the <10% PE constraint. For the approach in [79],
we perform approximations on 16 LSBs transmitted at 20% laser power (advocated as an optimal

choice in that work), which also satisfies the <10% PE constraint.

Table 4 Number of bits considered for approximation and laser-transmission-power level for
the corresponding signals across benchmarks and frameworks considered.

Application Truncation [79] LORAX [80] ARXON (proposed)
Name Truncated Approximated | % Power | Approximated | Approximated | % Power
Bits (float) Bits (float) reduction bits in bits in reduction
floating-point | floating-point
packets packets
Blackscholes 12 32 90 32 32 90
Canneal 32 32 100 32 32 100
FFT 8 32 50 32 32 50
JPEG 20 . 24 80 22 22 80
Sobel 32 16 bits 32 100 32 32 100
Streamcluster 12 approximated, 28 80 28 28 80
Fluidanimate - ng\jgr% - - - - 100
. - - reduction - - - - 100
MNIST _train 24 24 100 24 24 100
MNIST _test 24 24 100 24 24 100
CIFARIOQ_train 24 24 100 24 24 100
CIFARI0_test 24 24 100 24 24 100
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Figure 14 shows the EPB and laser power comparison results for the various frameworks in
the Clos PNoC architecture These analyses consider the benefits from distance-aware transmission
and the relaxed encoding technique for approximated packets for ARXON. Figure 14(a) shows
that using ARXON-OOK results in lower EPB than the previous approaches, including our
previous framework LORAX-OOK. The better EPB for LORAX and ARXON can be attributed
the fact that they avoid wasteful transmission at lower laser power when it is unlikely that the
destination can recover the transmitted data due to high optical losses. Also, [79] has noticeably
higher EPB values for which we are not considering the benefits of relaxed encoding and distance-

aware transmission for the framework to be consistent with the framework presented in that

chapter.
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Figure 14. (a) Energy-per-bit (EPB) and (b) laser power comparison across different frameworks
for Clos PNoC architecture.

The ARXON-OOK framework improves upon LORAX-OOK, [79] and truncation, by
adaptively switching between truncation and an application-specific laser-power-intensity level
for approximated bits of both floating-point and integer packets. The ARXON-PAM4 variant of
our framework achieves the largest reduction in EPB, even though it uses 1.5x higher laser-power
levels for the approximated bits. The use of fewer wavelengths in PAM4 allows for more energy

savings, despite greater losses and the use of more laser power per wavelength than OOK variant.

On average, ARXON-PAM4 shows 21%, 17.2%, 9.7%, 9.2%, and 1.2% lower EPB compared
to the baseline Clos, [79], truncation, LORAX-OOK, and LORAX-PAM4 approaches,
respectively. ARXON-OOK exhibits lower EPB on average while having a 6% higher EPB than
the LORAX-PAM4 approach. In the best case scenarios for the Blackscholes and Sobel
applications, ARXON-PAM4 has 21.2% and 23.5% lower EPB than the Clos baseline; and 17.4%

and 15.6% lower EPB than [79]; 9.8% and 11.5% lower EPB when compared to truncation; 8.6%

58



and 10.25% lower EPB than LORAX-OOK, and 1.24% and 2.5% lower EPB than LORAX-PAM4

for these two applications.

Figure 14(b) shows the laser power reduction. On average, ARXON-PAM4 uses 50.45%,
49.5%,43.2%,42.5%, and 7.7% lower laser power compared to the baseline Clos, [79], truncation,
LORAX-OOK, and LORAX-PAM4, respectively. ARXON-OOK exhibits lower average laser-
power consumption on average while exhibiting 28% higher laser power consumption than
LORAX-PAMA4. For the best case Blackscholes and Sobel applications, laser power for ARXON-
PAM4 is 51.7% and 59.2% lower than the Clos baseline and 50.8% and 57.9% lower than [79],
while against truncation it is 51% and 58.5% lower, against LORAX-OOK we see 38% and 57%
lowered laser-power utilization and against LORAX-PAM4 we have 6.5% and 20% lower laser-

power utilization.

Figure 15 shows the same analyses but done for the frameworks implemented on the SwiftNoC
architecture. The larger data rate and the larger number of GWIs in the architecture has impacted
the packets and their distance aware transmission profile, creating more avenues to truncate the
packets, yielding better EPB results in this architecture. The general trend in EPB and laser-power
savings is similar to that for the Clos architecture, with Blackscholes and Sobel applications again
exhibiting the best EPB and laser-power saving values. From Figure 15(a), ARXON-PAM4
exhibits 36%, 23.8%, 13.5%, 12.9%, and 1.8% lower EPB on average than baseline SwiftNoC,

[79], truncation, LORAX-OOK, and LORAX-PAM4, respectively.

59



. Swift I Swift_truncation I Swift_LORAX-PAM4 [ Swift_ ARXON-PAM4
0 Swift_[77) I Swift_ LORAX-O0K M Swift_ ARXON-OOK

w 1.00

Q

=

(S 0.90

>

o]

Q. 0.80°

w

®

N 0.701

©

£ 060

P

=}

Z 550 . 5 s -

0 e )
e x> ® "°°. ‘“’ o RS 3 9‘— \‘3‘ * b’““g
o 4‘0 (‘0\6 Pl e s \k“\ w
(a)
. swift [0 Swift_truncation  EEE Swift_ LORAX-PAM4 [ Swift ARXON-PAM4

Em Swift_[77] @ Swift_LORAX-OOK  EEER Swift ARXON-OOK

-

@ 1.00/

3

[}

Q080

S

Q

go.eo‘

T

@ 040

N

©

E X {

1

o

= L 5

& *1

o
..
o

(=3
N
o

o
=]
=)

‘0\0 0 “ °
9 > ’l
&" ‘\“\ \xo 0&‘ ‘,\\\“’ \A“\ "

(b)

Figure 15. (a) Energy-per-bit (EPB) and (b) laser power comparison across different frameworks
for SwiftNoC architecture.

The results for SwiftNoC show the same trend as the Clos architecture for normalized laser
power (Figure 15(b)), albeit with lower laser power across applications with average laser power
consumption for ARXON-PAM4 at 57.2%, 56.4%, 50.8%, 49.3%, and 15.7% better than baseline

SwiftNoC, [79], truncation, LORAX-OOK, and LORAX-PAMA4, respectively.
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These results highlight the promise of our ARXON framework, as it improves upon the ability
LORAX exhibited to trade-off output correctness with energy-efficiency and laser-power savings

in PNoC architectures executing selected applications.

2.5.3. MR TUNING RELAXATION-BASED ANALYSES

In addition to distance-aware transmission for float and integer packets and relaxing crosstalk-
mitigation encoding techniques, we also consider the potential for relaxed thermo-optic tuning for
truncated bits. We have considered thermal MR tuning in our chapter for its larger range of
operation over other tuning methods such as electro-optic tuning. However, thermal tuning
strategies are much slower in operation when compared to electro-optic tuning (microseconds for
operation as opposed to nano to picoseconds for electro-optic tuning). But, this overhead cannot
be avoided, as using just the electro-optic tuning method will not offer sufficient coverage for the
thermal and process variations encountered by MRs, the effect of which must be mitigated for

correct operation.

But with the increasing maturity of silicon photonics, we envision faster thermo-optic tuning
strategies or a combination of different tuning strategies to reduce this tuning latency. Therefore,
in this section we explore the potential of energy savings due to relaxed MR tuning, i.e., by turning
off the tuning mechanism for MRs associated with truncated bits. For this experiment, we utilize
thermal and process-variation information. For thermal variations (TV), we have referred to the
study conducted in [103] and have adopted the worst-case TV induced shift to be 6.5 nm. For
analysis of process variations (PV), we utilized the PV analysis method as described in [103],
where PV is considered as a Gaussian random distribution. As the granularity of the method is at

30 nm, we have opted for analyzing PV at the GWI level rather than for individual MR devices.
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We have generated PV maps for the architectures using the method from [104] and have selected
locations corresponding to the GWIs in the layouts. We took the average of device variations (i.e.,

width and thickness) in that location. This was repeated over 100 different PV maps.
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Figure 16. EPB values for ARXON implemented on (a) Clos and (b) SwiftNoC while considering
thermal-tuning relaxation.

Utilizing the PV and TV information obtained, we implement the tuning-relaxation approach,

where we turn off thermo-optic tuning for all truncated bits. In order to implement the control
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necessary for relaxing the tuning, which in our case is to turn off tuning mechanisms to the MRs
of truncated bits, we use a gating mechanism similar to the one utilized for the encoding strategy,
as mentioned in Section 2.4.2. With this mechanism, we can power gate the tuning circuits to the
MR, as per the information from LUTSs, again similar to the description in Section 2.4.2. From our
analysis, this had a substantial impact on the EPB values of our ARXON framework, as shown in
Figure 16. Our observations in Figure 16(a) for Clos PNoC and Figure 16(b) for SwiftNoC, show
that the ARXON variants have substantial savings over the other frameworks considered, a trend
maintained even while using the aggressive values as it was with standard values. This is because
the tuning based approach is again dependent on the traffic profile of the applications, with higher
truncated packets meaning better savings. So, we see Blackscholes and Sobel as the best
performing applications again. We do not consider laser-power savings in this scenario, as the
tuning relaxation approach does not impact the laser power. On average, ARXON-PAM4 has
38.1%, 36.1%, 26.8%, 26.4%, and 19.2% better EPB values than baseline Clos, [79], truncation,
LORAX-OOK and LORAX-PAM4. When implemented in SwiftNoC, ARXON-PAM4 exhibits
48.6%, 39.3%, 29%, 28.5%, and 16.9% better EPB than baseline, [79], truncation, LORAX-OOK
and LORAX-PAM4, respectively. This only adds to the significant reduction in the overall laser
power consumption achieved by ARXON, showing how our framework achieves better laser

power and EPB values for all the applications considered in our analyses.

2.5.4. POWER DISSIPATION BREAKDOWN

We performed an experiment to determine how much more power can be saved as silicon
photonics technology matures and devices with improved characteristics become available. For
this, we contrast the power dissipation with our framework on the Clos and SwiftNoC

architectures, for the standard and aggressive values of parameters in Table 3. As the EPB and
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laser power once normalized follows the same trends, we decided to use a detailed power-
dissipation breakdown to show how much ARXON improves the power consumption in PNoC

and in which areas.

Figure 17 shows the detailed power breakdown for the frameworks, averaged across the
applications. From the figures we can clearly observe how ARXON impacts both laser power and
tuning-power dissipation, having the lowest power dissipation in both those categories and in total,
be it while considering standard loss and power utilization values or while considering aggressive

values.

Lastly, Table 5 shows the power consumption at the 64-core chip level when using the PNoC
variants. For this comparison, we have assumed the individual core to be a 14nm x86-64 core from
Intel, with the power consumption of the 64-core chip being 77.75 W. This assumption includes
power consumption of 128 KB private L1 caches, 2 MB L2 cache (shared between four cores),
and memory controllers (shared between four cores) [105]. This assumption sets the total power
consumption for the baseline Clos PNoC-based system at 95.75 W and for the baseline SwiftNoC
PNoC-based system at 109.75 W. Table 5 considers power and loss values for PNoC variants
calculated using the standard parameter values from table 3. It can be seen that even at the entire
chip-granularity, the ARXON framework provides notable reduction in overall power
consumption, with ARXON-PAM4 based Clos and SwiftNoC PNoCs saving 10.97% and 16.86%

power compared to the Clos and SwiftNoC PNoC baselines, respectively.
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Figure 17. Power dissipation breakdown for standard and aggressive values (‘aggr’ in the plots)
for (a) Clos and (b) SwiftNoC PNoCs.
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Table S Comparison of power savings between systems implementing the discussed
PNoC variants

PNoC variant Total power (W) Power savings (%)

Clos SwiftNoC Clos SwiftNoC

truncation 94.25 106.25 1.57 % 3.19 %

[79] 94.95 108.25 0.84 % 1.37 %

LORAX-OOK 94.0 106.0 1.83 % 3.42 %
LORAX-PAM4 86.25 93.25 9.92 % 15.03 %

ARXON-OOK 90.75 100.25 5.22 % 8.66 %
ARXON-PAM4 85.25 91.25 10.97 % 16.86 %

2.6. CONCLUSIONS

In this chapter, we proposed a new framework called ARXON for loss-aware approximation
of data communicated over PNoC architectures. We also studied how multilevel signaling can
assist with the proposed approximation framework. We considered MR tuning and crosstalk
mitigation strategies as avenues to save energy while our distance aware transmission technique is
in effect. Our results indicate that using multilevel signaling as part of our framework can reduce
laser-power consumption by up to 57.2% over a baseline PNoC architecture. Our framework also
shows up to 56.4% lower laser power and up to 23.8% better energy-efficiency compared to the
best-known prior work on approximating communication in PNoCs. These results highlight the
potential of approximation in PNoC architectures to reduce energy and power consumption in

emerging manycore platforms.
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CHAPTER 3: ARCHITECTING NON-COHERENT PHOTONIC ACCELERATORS FOR
HIGH ACCURACY, HIGH THROUGHPUT CONVOLUTION NEURAL NETWORK

ACCELERATION

Many emerging applications such as self-driving cars, autonomous robotics, fake news
detection, pandemic growth and trend prediction, and real-time language translation are
increasingly being powered by sophisticated machine learning models. With researchers creating
deeper and more complex deep neural network (DNN) architectures, including multi-layer
perceptron (MLP) and convolution neural network (CNN) architectures, the underlying hardware
platform must consistently deliver better performance while satisfying strict power dissipation
limits. Such an endeavor to achieve higher performance-per-watt has driven hardware architects
to design custom accelerators for deep learning, e.g., Google’s TPU [24] and Intel’s GOYA [26],

with much higher performance-per-watt than conventional CPUs and GPUs.

Electronic accelerators architectures, unfortunately face fundamental limits in the post Moore’s
law era where processing capabilities are no longer improving as they did over the past several
decades [106]. In particular, moving data electronically on metallic wires in these accelerators
creates a major bandwidth and energy bottleneck [57]. Silicon photonics is a promising technology
to enable energy-efficient, ultra-high bandwidth, and low-latency communication solutions [107].
CMOS-compatible photonic interconnects have already replaced metallic ones for light-speed data
transmission at almost every level of computing, and are now actively being considered for chip-

scale integration [32].

Remarkably, it is also possible to use optical components to perform computation, e.g., matrix-

vector multiplication [34]. By employing on-chip waveguides, electro-optic modulators,
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photodetectors, and lasers to build photonic interconnects and photonic integrated circuits, it is
now possible to conceive a new class of DNN accelerators which are effective for low-latency and
energy-efficient optical domain data transport and communication. Not only can such photonics-
based accelerators address the fan-in and fan-out problems with linear algebra processors, but their
operational bandwidth can approach the photodetection rate (typically in the hundreds of GHz),
which is orders of magnitude higher than electronic systems today that operate at a clock rate of a

few GHz [36].

Despite the above benefits, a number of obstacles must be overcome before viable photonic
DNN accelerators can be realized. Fabrication process and thermal variations can adversely impact
the robustness of photonic accelerator designs by introducing undesirable crosstalk noise, tuning
overheads, resonance drifts, optical phase shifts, and photo-detection current mismatches. For
example, experimental studies have shown that micro-ring resonator (MR) devices used in chip-
scale photonic interconnects can experience significant resonant drifts (e.g., ~9 nm reported in
[108]) within a wafer due to process variations. This matters because even a (.25 nm drift can
cause the bit-error-rate (BER) of photonic data traversal to degrade from 10-12 to 10-6. Moreover,
thermal crosstalk in silicon photonic devices such as MRs can significantly reduce DNN model
accuracy by limiting the achievable precision (i.e. resolution) of weight and bias parameters to a
few bits. Common tuning circuits that rely on thermo-optic phase-change effects to control
photonic devices, e.g., when imprinting activations or weights on optical signals, also place a limit
on the achievable throughput and parallelism in photonic accelerators. Lastly, at the architecture
level, there is a need for a scalable, adaptive, and low-cost computation and communication fabric

that can handle the demands of diverse MLP and CNN models.
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In this chapter, we introduce CrossLight, novel silicon photonic neural network accelerator
that addresses the challenges highlighted above through a cross-layer design approach. By cross-
layer, we refer to the design paradigm that involves considering multiple layers in the hardware-
software design stack together, for a more holistic optimization of the photonic accelerator.
CrossLight involves device-level engineering for resilience to fabrication-process variations and
thermal crosstalk, circuit-level tuning enhancements for inference latency reduction, and an
optimized architecture-level design that also integrates the device- and circuit-level improvements
to enable higher resolution, better energy-efficiency, and improved throughput compared to prior

efforts on photonic accelerator design. Our novel contributions in this chapter include:

e Improved silicon photonic device designs that we fabricated to make our architecture
more resilient to fabrication-process variations;

e An enhanced tuning circuit to simultaneously support large thermal-induced resonance
shifts and high-speed, low-loss device tuning;

e Consideration of thermal crosstalk mitigation methods to improve the weight resolution
achievable by CrossLight architecture;

e Increased throughput and energy-efficiency by improving wavelength reuse and further
use of matrix decomposition at the architecture-level;

e A comprehensive comparison with state-of-the-art accelerators that shows the efficacy

of our cross-layer optimized solution.

3.1. RELATED WORK

Silicon-photonics based DNN accelerator architectures represent an emerging paradigm that

can immensely benefit the landscape of deep learning hardware design [109], [110], [111], [112],
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[113]. A photonic neuron in these architectures consists of three components: a weighting, a
summing, and a nonlinear unit which is analogous to an artificial neuron. Noncoherent photonic
accelerators, such as [110], [111], [112], typically employ the Broadcast and Weight (B&W)
protocol [109] to manipulate optical signal power for setting and updating weights and activations.
The B&W protocol is an analog networking protocol that uses wavelength-division multiplexing
(WDM), photonic multiplexors, and photodetectors to combine outputs from photonic neurons in
a layer. Coherent photonic accelerators, such as [36], [113], typically use only a single wavelength
to manipulate the electrical field amplitude rather than signal power. Weighting occurs with
electrical field amplitude attenuation proportional to the weight value, and phase modulation that
is proportional to the sign of the weight. The weighted signals are then coherently accumulated
with cascaded Y-junction combiners. For both types of accelerators, non-linearity can be

implemented with devices such as electro-absorption modulators [36].

Due to the scalability, phase encoding noise, and phase error accumulation limitations of
coherent accelerators [114], there is growing interest in designing efficient noncoherent photonic
accelerators. In particular, the authors of DEAP-CNN [110] have described a noncoherent neural
network accelerator that implements the entirety of the CNN layers using connected convolution
units. The tuned MRs in these units assume the kernel values by using phase tuning to manipulate
the energy in their resonant wavelengths. Holylight [111] is another noncoherent architecture that
uses microdisks (instead of MRs) for its lower area and power consumption. It utilizes a
“whispering gallery mode” resonance for microdisk operation, which unfortunately is inherently
lossy due to a phenomenon called tunneling ray attenuation [115]. More generally, these
noncoherent architectures suffer from susceptibility to process variations and thermal crosstalk,

which are not addressed in these architectures. Microsecond-granularity thermo-optic tuning
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latencies further reduce the speed and efficiency of optical computing [39]. We address these
shortcomings as part of our proposed cross-layer optimized noncoherent photonic accelerator

architecture in this chapter.
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Figure 18. Noncoherent Broadcast-and-weight (B&W) based photonic neuron.

3.2. NONCOHERENT PHOTONIC COMPUTATION OVERVIEW

As mentioned earlier, noncoherent photonic accelerators typically utilize the Broadcast and
Weight (B&W) photonic neuron configuration with multiple wavelengths. Figure 18 shows an
example of this B&W configuration with n neurons in a layer where the colored-dotted box
represents a single neuron. Each input to a neuron is imprinted onto a unique wavelength (i)
emitted by a laser diode (LD) using a Mach—Zehnder modulator (MZM). The wavelengths are
multiplexed (MUXed) into a single waveguide using arrayed waveguide grating (AWGQG), and split
into n branches that are each weighted with a micro-ring resonator (MR) bank that alters optical
signal power proportional to weight values. Summation across positive and negative weight arms
at each branch is performed using a balanced photodetector (BPD). Optoelectronic devices such
as electro-absorption modulators (not shown for brevity) introduce non-linearity after the

multiplication and summation operations.
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MRs are the fundamental components that impact the efficiency of this configuration. Weights
(and biases) are altered by tuning MRs so that the losses experienced by wavelengths—on which
activations have been imprinted—can be modified to realize matrix-vector multiplication. MR-
weight banks have groups of these tunable MRs, each of which can be tuned to drain energy from
a specific resonant wavelength so that the intensity of the wavelength reflects a specific value
(after it has passed near the MR). As an example of performing computation in the optical domain,
consider the case where an activation value of 0.8 must be weighted by a value of 0.5 as part of a
matrix-vector multiplication in a DNN model inference phase. Let us assume that the red
wavelength (A1) is imprinted with the activation value of 0.8 by using the MZM in Figure 18
(alternatively, MRs can be used for the same goal, where an MR will be tuned in such a way that
20% of the input optical signal intensity is dropped as the wave traverses the MR). When A passes
through an MR bank, e.g., the one in the dotted-blue box in Figure 18, the MR in resonance with
A1 can be tuned to drop 50% of the input signal intensity. Thus, as A passes this MR, we will obtain
50% of the input intensity at the through port, which is 0.4 (=0.8%0.5). The BPD shown in Figure
18 then converts the optical signal intensity from that wavelength (and other wavelengths) into an

electrical signal that represents an accumulated single value.

An MR is essentially an on-chip resonator which is said to be in resonance when an optical
wavelength on the input port matches with the resonant wavelength of the MR, generating a
Lorentzian-shaped signal at the through port. An all-pass MR and its output optical spectrum is
shown in Figure 19. The free-spectral range (FSR) and extinction ratio (ER) are two primary
characteristics of an MR. These depend on several physical properties in the MR, including its
width, thickness, radius, and the gap between the input and ring waveguide [116]. Changing any

of these properties changes the effective index (n.y) of the MR, which in turn causes a change in
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the output optical spectrum. It is crucial to maintain the central wavelength at the output optical
spectrum for reliable operation of MRs. However, MRs are sensitive to fabrication-process
variations (FPVs) and variations in surrounding temperature. These cause the central wavelength
of the MR to deviate from its original position, causing a drift in the MR resonant wavelength
(AMAmR). Such a drift (due to FPV or thermal variations) can be compensated using electro-optic
(EO) or 73hermos-optic (TO) tuning mechanisms. Both of these have their own advantages and
disadvantages. EO tuning is faster (~ns range) and consumes lower power (~4 uW/nm) but with a
smaller tuning range [40]. In contrast, TO tuning has a larger tunability range, but consumes higher

power (~27 mW/FSR) and has higher (~us range) latency [39].
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Figure 19. An all-pass MR with output spectral characteristics at the through port with extinction
ratio (ER) and free spectral range (FSR) specified in the figure.

A large number of MRs must be used at the architecture-level to support complex MLP and
CNN model executions. As the number of MRs increase, so does the length of the waveguide
which hosts the banks. Unfortunately, this leads to an increase in the total optical signal
propagation, modulation, and through losses experienced, which in turn increases the laser power
required to drive the optical signals through the weight banks, so that they can be detected error-
free at the photodetector. An excessive number of parallel arms with MR weight banks (the dotted

box in Figure 18 represents one arm working in parallel with other arms) also increases optical
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splitter losses. Moreover, without considering crosstalk mitigation strategies (as is the case with
previously proposed photonic accelerators), the weight resolution of the architecture goes down

with increased crosstalk noise in optical signals.
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Figure 20. An overview of CrossLight, showing dedicated vector dot product (VDP) units for
CONYV and FC layer acceleration, and the internal architecture.

In summary, to design efficient photonic accelerators, there is a need for (1) improved MR
device design to better tolerate variations and crosstalk; (2) efficient MR tuning circuits to quickly
and reliably imprint activation and parameter values; and (3) a scalable architecture design that
minimizes optical signal losses. Our novel CrossLight photonic accelerator design addresses all of

these concerns and is discussed next.
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3.3. CROSSLIGHT ARCHITECTURE

Figure 20 shows a high-level overview of our CrossLight noncoherent silicon photonic neural
network accelerator. The photonic substrate performs vector dot product (VDP) operations using
silicon photonic MR devices, and summation using optoelectronic photodetector (PD) devices
over multiple wavelengths. An electronic control unit is required for the control of photonic
devices, and for communication with a global memory to obtain the parameter values, partial sum
buffering, and for mapping of the vectors. We use digital to analog converter (DAC) arrays to
convert buffered signals into analog tuning signals for MRs. Analog to digital converter (ADC)
arrays are used to map the output analog signals generated by PDs to digital values that are sent
back for post-processing and buffering. We break down the discussion of this accelerator into three
parts (subsections 3.4.1- 3.4.3), corresponding to the contributions at the device, tuning circuit,

and architecture levels, as discussed next.

3.3.1 MR DEVICE ENGINEERING AND FABRICATION

Process variations are inevitable in CMOS-compatible silicon photonic fabrications, causing
undesirable changes in resonant wavelength of MR devices (AAmr). A 1.5%0.6 mm?2 chip was
fabricated using high-resolution Electron Beam (EBeam) lithography and we performed a
comprehensive design-space exploration of MRs to compensate for FPVs while improving MR
device insertion loss and Q-factor. In this exploration, we varied the input and ring waveguide
widths to find an MR device design that was tolerant to FPVs. We found that in an MR design of
any radii and gap, when the input waveguide is 400 nm wide and the ring waveguide is 800 nm
wide at room temperature (300 K), the undesired AAmr due to FPVs can be reduced from 7.1 to

2.1 nm (70% reduction). This is a significant result, as these engineered MRs require less
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compensation for FPV-induced resonant wavelength shifts, which can reduce the power

consumption of architectures using such MRs.

Unfortunately, the impact of FPVs is not completely eliminated, even with such optimized MR
designs, and there is still a need to compensate for FPVs. Thermal variations are another major
factor to cause changes in MR n.gwhich also leads to undesirable AAmr. Thermo-optic (TO) tuners
are used to compensate for such deviations in AAmr. These TO tuners use microheaters to change
the temperature in the proximity of an MR device, which then alters the ney of the MR, changing
the device resonant wavelength, and correcting the AAmr. High temperatures from such heaters
can unfortunately cause thermal energy dissipation, creating thermal crosstalk across MR devices
placed close to each other. One can avoid such thermal crosstalk by placing devices at an
appropriate distance from each other, typically 120 pm to 200 um (depending on the number of
MR devices in proximity within an MR bank). But such a large spacing hurts area efficiency and
also increases waveguide length, which increases propagation losses and its associated laser power

overhead. We propose to address this challenge at the circuit level, as discussed in the next section.

3.3.2 TUNING CIRCUIT DESIGN

To reduce thermal crosstalk, we must reduce the reliance on TO tuning, an approach that is
used in all prior photonic neural network accelerators, but one that entails high overheads. We
propose to use a hybrid tuning circuit where both thermo-optic (TO) and electro-optic (EO) tuning
are used to compensate for AAmr. Such a tuning approach has previously been proposed in [117]
for silicon photonic Mach—Zehnder Interferometers with low insertion loss. Such an approach can
be easily transferred to an optimized MR for hybrid tuning in our architecture. The hybrid tuning
approach supports faster operation of MRs with fast EO tuning to compensate for small Alvr

shifts and, using TO tuning when necessary to compensate for large AAmr shifts. To further reduce
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the power overhead of TO tuning in this hybrid approach, we adapt a method called Thermal Eigen
Decomposition (TED), which was first proposed in [54]. Using TED, we can collectively tune all
the MRs in an MR bank to compensate for large Almr shifts. By doing so, we can cancel the effect
of thermal crosstalk (i.e., an undesired phase change) in MRs with much lower power
consumption. The TO tuning power can be calculated by the amount of phase shift necessary to
apply to the MRs in order for them to be at their desired resonant wavelength. The extent of phase
crosstalk ratio (due to thermal crosstalk) as a function of the distance between an MR pair is shown
in Figure 21, for our fabricated MR devices. The results are based on detailed analysis with a
commercial 3D heat transport simulation EDA tool for silicon photonic devices (Ansys Lumerical
HEAT [118]). It can be seen from the orange line that the amount of phase crosstalk reduces
exponentially as the distance between an MR pair increases. Such a trend has also been observed
in [119]. To find a balance between tuning power savings while having reduced crosstalk, we
perform a sensitivity analysis based on the distance between two adjacent MRs in our architecture.
We placed the optimized MRs (described in the previous section) in such a manner that maximum
tuning power is saved when they are close to each other while compensating for thermal crosstalk.
Results from our analysis (the solid-blue line in Figure 21) indicate that placing each MR pair at a
distance of 5 um is optimal, as decreasing or increasing such a distance causes an increase in power
consumption of individual TO heaters in the MRs. Figure 21 also shows the tuning power required

without using the TED approach (blue dotted line), which can be seen to be notably higher.

The workflow of our circuit-level hybrid tuning approach can be summarized as follows. When
the accelerator is first booted at runtime, a one-time compensation for design-time FPVs is applied
using TO tuning. The extent of compensation for crosstalk is calculated offline during the test

phase, where the required phase shift in each of the MRs is calculated, and once the system is
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online, the respective phase shift values are applied to cancel the impact of thermal crosstalk.
Subsequently, we apply EO tuning due to its extremely low latency to represent vector elements
in each vector operation with MRs (discussed in more detail in the next section). If large shifts in
temperature are observed at runtime, we can perform a one-time calibration with TO tuning to
compensate for it. In our analysis, runtime TO tuning would be required rarely beyond its first use

after the initial bootup of the photonic accelerator platform.

|.2 — Phase crosstalk ratio  -=* Power without TED = Power with TED |

-atio

I
=

N
1
i
o

Phase crosstalk

Tuning power consumption (mW)

1
W

1 1

3 5 7 9 11 13 15 17 19 21 23 25
Distance between a pair of MRs (um)

Figure 21. Phase crosstalk ratio and tuning power consumption in a block of 10 fabricated MRs
with variable distance between adjacent pair of MRs.

3.3.3 ARCHITECTURE DESIGN

The optimized MR devices, layouts, and tuning circuits are utilized within optical vector dot
product (VDP) units, which are shown in Figure 20. We use banks (groups) of MRs to imprint
both activations and weights onto the optical signal. At the architecture level, we compose
multiples of VDP units into two architectural sub-components: one to support convolution
(CONV) layer acceleration and the other to support fully connected (FC) layer acceleration. We

focus on these two types of layers as they are the most widely used and consume the most
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significant amount of latency and power in computational platforms that execute DNNs. In
contrast, other layer types (e.g., pooling, batch normalization) can be implemented very efficiently
in the electronic domain. Note also that we focus on inference acceleration, as done in all photonic

DNN accelerators, and almost all electronic DNN accelerators.

3.3.3.1 DECOMPOSITION VECTOR IN CONV/FC LAYERS

To map CONV and FC layers from DNN models to our accelerator, we first need to decompose
large vector sizes into smaller ones. In CONV layers, a filter performs convolution on a patch (e.g.,
2x2 elements) of the activation matrix in a channel to generate an element of the output matrix.

The operation can be represented as follows:
KQA=Y (4)
For a 2x2 filter kernel and weight matrices, (4) can be expressed as:

[k1 kZ] ® [a1 a,

k3 k4 as a4] = k1a1 + kzaz + k3a3 + k4a4 (5)

Rewriting (5) as a vector dot product, we have:
a
[k1 kz k3 k4] Zi = k1a1 + kzaz + k3a3 + k4a4 (6)
ag

Once we represent the operation as a vector dot product, it is easy to see how it can be decomposed

into partial sums. For example:
a;
[k1 kz][ ]= k1a1+ k2a2= P51
a;
as
[k3 k4][ ]= k3a3+ k4a4= PSZ
Ay
P51 + PSZ =Y (7)

79



In FC layers, typically much larger dimension vector multiplication operations are performed

between input activations and weight matrices:

a,
a
AW = | o [[W1 Wz2...w] (8)

an

a"w; + ay-wp + 0 A1 Wy

a . W + a . W + cee az . Wn

AW = 2 1 2 :2 (9)
an.Wl + an.WZ + coe anIWn

In (8), a4 to a,, represent a column vector of activations (A) and w, to w,, represent a row vector
of weights (W). The resulting vector is a summation of dot products of vector elements (9). Much
like with CONYV layers, these can be decomposed into lower dimensional dot products.
3.3.3.2. VECTOR DOT PRODUCT (VDP) UNIT DESIGN

We separated the implementation of CONV and FC layers in CrossLight due to different orders
of vector dot product computations required to implement each layer. For instance, typical CONV
layer kernel sizes vary from 2x2 to 5x5, whereas in FC layers it is not uncommon to have 100 or
more neurons (requiring 100x100 or higher order multiplication). State-of-the-art photonic DNN
accelerators, e.g., [110], only consider the scales involved at the CONV layer, and either only
support CONV layer acceleration in the optical domain, or use the same CONV layer
implementation to accelerate FC layers. This leads to increased latencies and reduced throughput
as the larger vectors involved with FC layer calculation must be divided up into much smaller

chunks, in the order of the filter kernel size of the CONV layer.

For improved efficiency, we separately support the unique scale and requirements of vector
dot products involved in CONV and FC layers. For CONV layer acceleration, we consider n VDP

units, with each unit supporting an NxN dot product. For FC layer acceleration, we consider m
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units, with each unit supporting a KxK dot product. Here n>m and K>N, as per the requirements
of each of the distinct layers. In each of the VDP units, the original vector dimensions are
decomposed into N or K dimensional vectors, as discussed above. We performed an exploration
to determine the optimal values for N, K, n, and m. The results of this exploration study are
presented in Section 3.5.
3.3.3.3 OPTICAL WAVELENGTH REUSE IN VDP UNITS

Prior work on photonic DNN accelerator design typically considers a separate wavelength to
represent each individual element of a vector. This approach leads to an increase in the total
number of lasers needed in the laser bank (as the size of the vectors increases) which in turn
increases power consumption. Beyond employing the decomposition approach discussed above,
we also consider wavelength reuse per VDP unit to minimize laser power. In this approach, within
VDP units, the N or K dimensional vectors are further decomposed into smaller sized vectors for
which dot products can be performed using MRs in parallel, in each arm of the VDP unit. The
same wavelengths can then be reused across arms within a VDP to reduce the number of unique
wavelengths required from the laser. PDs perform summation of the element-wise products to
generate partial sums from decomposed vector dot products. The partial sums from the
decomposed operations are then converted back to the photonic domain by VCSELSs (bottom right
of Figure 20), multiplexed into a single waveguide, and accumulated using another PD, before
being sent for buffering. Thus, our approach leads to an increase in the number of PDs compared
to other accelerators but significantly reduces both the number of MRs per waveguide and the

overall laser power consumption.

In each arm within a VDP unit, we used a maximum of 15 MRs per bank for a total of 30 MRs

per arm, to support up to a 15x15 vector dot product. The choice of MRs per arm considers not
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only the thermal crosstalk, layout spacing issues (discussed earlier), and the benefits of wavelength
reuse (discussed in previous para), but also non-negligible optical splitter losses as the number of
MRs per arm increases, which in turn increases laser power requirements. Thus, the selection of
MRs per arm within a VDP unit was carefully adjusted to balance parallelism within/across arms,

and laser power overheads.

3.4. EVALUATION AND SIMULATION SETUP

3.4.1 SIMULATION SETUP

To evaluate the effectiveness of our CrossLight accelerator, we conducted several simulation
studies. These studies were complemented by our MR-device fabrication and optimization efforts
on real chips, as discussed in Section 3.4. We considered the four DNN models shown in Table 6
for execution on the accelerator. Model 1 is Lenet5 [120] and models 2 and 3 are custom CNNs
with both FC and CONYV layers. Model 4 is a Siamese CNN utilizing one-shot learning. The
datasets used to train these models are also listed in the table. We designed a custom CrossLight
accelerator simulator in Python to estimate its performance and power/energy. We used
Tensorflow 2.3 along with Qkeras [121], for analyzing DNN model accuracy across different

parameter resolutions.

Table 6 Models and datasets considered for evaluation

Model no. | CONV layers | FC layers | Parameters Datasets
1 2 2 60,074 Sign MNIST
2 4 2 890,410 CIFARI10
3 7 2 3,204,080 STL10
4 8 4 38,951,745 Omniglot

82




We compared CrossLight with the DEAP-CNN [110] and Holylight [111] photonic DNN
accelerators from prior work. Table 7 shows the optoelectronic parameters considered for this
simulation-based analysis. We considered photonic signal losses due to various factors: signal
propagation (1 dB/cm [32]), splitter loss (0.13 dB [122]), combiner loss (0.9 dB [123]), MR
through loss (0.02 dB [124]), MR modulation loss (0.72 dB [125]), microdisk loss (1.22 dB [126]),
EO tuning loss (6 dB/cm [40]), and TO tuning loss (1 dB/cm [39]). We also considered the 1-to-
56-Gb/s ADC/DAC-based transceivers from recent work [127]. To calculate laser power

consumption, we use the following laser power model:

Plaser - Sdetector = Pphoto_loss + 10 x IoglO Nl (1 0)

where Pygser 18 laser power in dBm, Sgerector 18 the PD sensitivity in dBm, and Pppo¢0 oss 18 the

total photonic loss encountered by the optical signal, due to all of the factors discussed above.

Table 7 Parameters considered for analyses of photonic accelerators

Devices Latency Power
EO Tuning [40] 20 ns 4 pW/nm
TO Tuning [39] 4 pus 27.5 mW/FSR
VCSEL [128] 10 ns 0.66 mW
TIA [129] 0.15 ns 7.2 mW
Photodetector [130] 5.8 ps 2.8 mW

3.4.2 RESULTS: CROSSLIGHT RESOLUTION ANALYSIS

We first present an analysis of the resolution that can be achieved with CrossLight. We
consider how the optical signals from MRs impact each other due to their spectral proximity, also

known as inter-channel crosstalk. For this, we use the equations from [131]:

52
Ai-1;)%+62
i=4j
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In (11), ¢(i,j) describes the noise content from the j MR present in the signal from the i MR.
As the noise content increases, the resolution achievable with CrossLight will decrease. Also,
(A; — 4;) is the difference between the resonant wavelengths of i MR and /® MR, while § (=
Ai/2Q) denotes the 3dB bandwidth of the MRs, with Q being the quality factor (Q-factor) of the

MR being considered. The noise power component can thus be calculated as:
Pnoise = Z?_l(p(iaj)Pin[i] (12)

For unit input power intensity, resolution can then be computed as:

1

Resolution = ———
max|Pypisel

(13)

From this analysis, we found that with the FSR value of 18 nm, the Q-factor value of ~8000 in
our optimized MR designs, and the wavelength reuse strategy in CrossLight, which allows us to
have large (A;i — A;) values (>1 nm), our MR banks will be able to achieve a resolution of 16 bits
for up to 15 MRs per bank (Section 3.4.3.2). This is much higher than the resolution achievable
by many photonic accelerators. For instance, DEAP-CNN can only achieve a resolution of 4 bits,
whereas Holylight can only achieve a 2-bit resolution per microdisk (they however combine 8
microdisks to achieve an overall 16-bit resolution). Higher resolution ensures better accuracy in
inference, which can be critical in some applications. Figure 22 shows the impact of varying the
resolution across the weights and activations from 1 bit to 16 bits (we used quantization-aware
training to maximize accuracy), for the four DNN models considered (Table 6). A crucial
observation is that model inference accuracy is sensitive to the resolution of weight and activation
parameters. Models such as the one for STL10 are particularly sensitive to the resolution. Thus,
the high resolution afforded by CrossLight can allow achieving higher accuracies than other

photonic DNN accelerators, such as DEAP-CNN.
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Figure 22. Inference accuracy of the four DNN models considered, across quantization
(resolution) range from 1 bit to 16 bits (for both weights and activations).

3.4.3. RESULTS: CROSSLIGHT SENSITIVITY ANALYSIS

We performed a sensitivity analysis by varying the number of VDP units in the CONV layer
accelerator (n) and FC layer accelerator (m), along with the complexity of the VDP units (N and

K, respectively).

Figure 23 shows the frames per second (FPS; a measure of inference performance) vs. energy
per bit (EPB) vs. area of various configurations of CrossLight. We selected the best configuration
as the one which had the highest value of FPS/EPB. In terms of (N, K, n, m), the values of the four

parameters for this configuration are (20, 150, 100, 60). This configuration also ended up being

the one with the highest FPS value, but had a higher area overhead than other configurations.
Nonetheless, this area is comparable to that of other photonic accelerators. This configuration was

used for comparisons with prior work, as discussed next.
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Figure 23. Scatterplot of average FPS vs. average EPB vs. area of various CrossLight
configurations. The configuration with highest FPS/EPB (and FPS) is highlighted.

3.4.4. RESULTS: COMPARISON WITH STATE-OF-THE-ART ACCELERATORS

We compared our CrossLight accelerator against two well-known photonic accelerators:
DEAP-CNN and Holylight, within a reasonable area constraint for all accelerators (~16-25 mm?).
We present results for four variants of the CrossLight architecture: 1) Cross_base utilizes
conventional MR designs (without FPV resilience) and traditional TO tuning; 2) Cross_opt utilizes
the optimized MR designs from Section 3.4.1, and traditional TO tuning; 3) Cross_base_TED
utilizes the conventional MR designs with the hybrid TED-based tuning approach from Section
3.4.2; and 4) Cross_opt_TED utilizes the optimized MR designs and the hybrid TED-based tuning

approach.
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Figure 24. Power consumption comparison among variants of CrossLight vs. photonic
accelerators (DEAP-CNN, Holylight), and electronic accelerator platforms (P100, Xeon Platinum
9282, Threadripper 3970x, DaDianNao, EdgeTPU, Null Hop).

Figure 24 shows the power consumption comparison across the four CrossLight variants and
the two photonic accelerators from prior work. We also included numbers for comparing electronic
platforms: three deep learning accelerators (DaDianNao, Null Hop, and EdgeTPU), a GPU (Nvidia
Tesla P100), and CPUs (Intel Xeon Platinum 9282 denoted as IXP9282, and AMD Threadripper
3970x denoted as AMD-TR) [132]. The difference in power values between the CrossLight
variants arises due to the optimization approaches adopted in each of the variant. The variants
which considered conventional MR design instead of the optimized designs have larger power
consumption for compensating for FPV. This value becomes non-trivial as the number of MRs
increase, and thus having reduced tuning power requirement per MR (in Cross_opt and
Cross_opt_TED) becomes a significant advantage. Using the TED based hybrid tuning approach
provides further significant power benefits for Cross_opt_TED over Cross_opt, which uses
conventional TO tuning. Cross_opt_TED can be seen to have lower power consumption than both
photonic accelerators, as well as the CPU and GPU platforms, although this power is higher than

that of the edge/mobile electronic accelerators.
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Figure 25 Comparison of EPB values of the photonic DNN accelerators.

EPB compared to DEAP-CNN and Holylight, respectively. CrossLight has lower EPB is
because we comprehensively took into consideration various losses and crosstalk that a photonic
DNN accelerator would experience, and put in place novel approaches at the device, circuit, and
architecture layers to counteract their impact in CrossLight. The utilization of TED-based thermal
crosstalk management allows us to have MRs placed much closer together, which in turn reduces
propagation losses. Additionally, CrossLight considers a combination of TO and EO tuning which
enables the reduction of power and EPB as well. The use of EO tuning in our hybrid tuning

approach also provides the advantage of lower latencies, which is apparent in the EPB values.

Table 8 summarizes the average values of EPB (in pJ/bit) and performance-per-watt (in
kiloFPS/Watt) of the photonic accelerators as well as the electronic accelerators considered in this
chapter. It can be observed that the best CrossLight configuration (Cross_opt_TED) achieves
significantly lower EPB and higher performance-per-watt values than all of the accelerators
considered. Specifically, against Holylight, which is the best out of the two photonic DNN
accelerators considered, CrossLight achieves 9.5x lower energy-per-bit and 15.9x higher
performance-per-watt. Our chapter demonstrates the effectiveness of cross-layer design of deep

learning accelerators with the emerging silicon photonics technology.
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Table 8 Average EPB and kiloFPS/Watt values across accelerators

Accelerator Avg. EPB (pJ/bit) | Avg. kiloFPS/watt
P100 971.31 24.9
IXP 9282 5099.68 2.39
AMD-TR 5831.18 2.09
DaDianNao 58.33 0.65
Edge TPU 697.37 17.53
Null Hop 2727.43 4.48
DEAP_CNN 44453.88 0.07

Holylight 274.13 3.3

Cross_base 142.35 10.78
Cross_base_TED 92.64 16.54
Cross_opt 75.58 20.25
Cross_opt_TED 28.78 52.59

3.5. CONCLUSION

In this chapter, we presented a novel cross-layer optimized photonic neural network accelerator
called CrossLight. Utilizing silicon photonic device-level fabrication-driven optimizations along
with circuit-level and architecture-level optimizations, we demonstrated 9.5x lower energy-per-
bit and 15.9x higher performance-per-watt compared to state-of-the-art photonic DNN
accelerators. CrossLight also shows improvements in these metrics over several CPU, GPU, and
custom electronic accelerator platforms considered in our analysis. CrossLight shows the promise
of cross-layer optimization strategies in countering various challenges such as crosstalk,
fabrication-process variations, high laser power, and excessive tuning power. The results presented
in this chapter demonstrates the promise of photonic DNN accelerators in addressing the need for

energy-efficient and high performance-per-watt DNN acceleration.
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CHAPTER 4: FABRICATION PROCESS VARIATION RESILIENT PHOTONIC

BINARIZED NEURAL NETWORK ACCELERATOR

Over the last decade, machine learning (ML) applications have become increasingly prevalent,
with many emerging applications, such as autonomous transportation, medical prognosis, real-
time speech translation, network anomaly detection, and audio/video synthesis. This prevalence is
fueled by the emergence of sophisticated and powerful machine learning models over the past
decade, such as Deep Neural Networks (DNNs) and Convolutional Neural Networks (CNNs).
More sophisticated CNN models usually warrant deeper models with higher connectivity, which
in turn increase the compute power and the memory requirement necessary to train and deploy
them. Such increasing complexity also necessitates that the underlying hardware platforms
consistently deliver better performance while satisfying strict power requirements. This endeavor
to achieve high performance-per-watt has driven hardware architects to design custom accelerators
for deep learning, e.g., Google’s TPU [24] and Intel’s GOY A [26], with much higher performance-
per-watt than CPUs and GPUs. The performance-per-watt requirement still remains a challenge in
resource-constrained environments, where computational power, energy expenditure, and
available memory are often limited, such as many embedded devices. Binarized Neural Networks
(BNNs) [133], [134] can reduce memory and computational requirements of DNN and CNN
models while offering competitive accuracies with full precision models. As such, they are a
possible solution to the performance requirement challenge, when executed on custom

accelerators.

Exploring more efficient hardware accelerator platforms is another potential solution to reduce
performance-per-watt for neural-network processing. Conventional electronic accelerator

platforms face fundamental limits in the post-Moore era where the high costs and diminishing
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performance improvements with semiconductor-technology scaling prevent significant
improvements in future product generations [106]. Moving data in accelerators is a well-known
bottleneck in these accelerators, due to the bandwidth and latency limitations of electronic
interconnects, which puts limits on achievable performance and energy savings [57]. A solution to
the data-movement bottleneck has presented itself in the form of silicon photonics technology,
which enables ultra-high bandwidth, low-latency, and energy-efficient communication [99], [86],
[103], [135], [136]. CMOS-compatible optical interconnects have already replaced metallic ones
for light-speed data transmission at almost every level of computing, and are now actively being
considered for chip-scale integration [135]. Recent research work has also shown that, it is also
possible to use optical components to efficiently perform computation, e.g., matrix-vector
multiplication [34], [43], [45]. Due to the emergence of both chip-scale optical communication
and computation, it is now possible to conceive photonic integrated circuits (PICs) that offer low

latency and energy-efficient optical domain data transport and computation.

Despite the benefits of utilizing photonics for computation and communication, there are
several challenges that must be addressed before photonic accelerators become truly viable. One
of the main obstacles that impacts the robustness and reliability of photonic accelerators is the
sensitivity of photonic devices to fabrication process and thermal variations. These variations
introduce undesirable crosstalk, optical phase shifts, frequency drifts, tuning overheads, and
photodetection current mismatches, which adversely affect the reliable and robust operation of
photonic accelerators. In order to correct the impact of variations, thermo-optic (TO) or electro-
optic (EO) tuning circuits are often used, which have notable power overheads. Because of the
phase-change effects it has on photonic devices, tuning mechanisms may also be used to control

weight/activation imprinting via microring resonators (MRs). But the high latency of operation (in

91



us range [39]) of TO tuning can limit the achievable throughput and parallelism in photonic

accelerators.

In this chapter, we discuss ROBIN [44], anovel optical-domain BNN accelerator that addresses
the challenges highlighted above by optimizing electro-optic components across the device,
circuit, and architecture layers. ROBIN combines novel device- and circuit-level techniques to
achieve more efficient fabrication-process-variation (FPV) correction in optical devices, which
helps with reducing energy and improving accuracy in BNNs that utilize these devices.
Additionally, circuit-level tuning enhancements for inference latency reduction, and an optimized
architecture-level design help improve performance and also energy consumption compared to the

state-of-the-art. The novel contributions from [44] include:

e The design of a novel optical-domain BNN accelerator architecture that is robust to
fabrication process variations (FPVs) and thermal variations, and utilizes efficient
wavelength reuse and a modular structure to enable high throughput and energy-efficient
execution across BNN models;

e A novel integration of heterogeneous optical microring resonator (MR) devices; we also
conduct design space exploration for these MR designs to determine device characteristics
for efficient BNN execution;

e An enhanced tuning circuit to simultaneously support large thermal-induced resonance
shifts and high-speed, low-loss device tuning to compensate for FPVs ;

e A comprehensive comparison with state-of-the-art BNN and non-BNN accelerator
platforms from the optical and electronic domains, to demonstrate the potential of our BNN

accelerator platform.
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The rest of the chapter is organized as follows: Section 4.1 briefly explores the related works
in the field of BNN acceleration. Section 4.2 gives a brief overview of non-coherent optical
computation for photonic accelerators similar to ours. Section 4.3 provides an overview of BNNs
and the partially binarized approach we have adopted for better accuracy in models. Section 4.4
describes the ROBIN architecture and our optimization efforts in tuning circuits, photonic devices,
and photonic system level. Details of the experiments conducted, simulation setup, and the
obtained results are provided in Section 4.5. Finally, Section 4.6 presents some concluding

remarks.

4.1. BACKGROUND AND RELATED WORK

Silicon-photonic-based DNN accelerator architectures are becoming increasingly prominent
with significant interest from both academic and industrial research communities [37]. This growth
in interest can be attributed to the previously discussed benefits of photonic acceleration over
electronic acceleration. Optical DNN accelerator architectures can be broadly classified into two
types: coherent architectures and non-coherent architectures. Coherent architectures use a single
wavelength to operate and imprint weight/activation parameters onto the electrical field amplitude
of the light wave [36], [113]. These architectures mainly use on-chip optical interferometer devices
called Mach-Zehnder Interferometers (MZIs). For imprinting the parameters, optical phase-change
mechanisms are introduced to MZI devices. These mechanisms use heating or carrier injection to
change the refractive index in the MZI structure. Weighting occurs with electrical field amplitude
attenuation proportional to the weight value, and phase modulation that is proportional to the sign
of the weight. The weighted signals are then accumulated with cascaded optical combiners,
through coherent interference. Here the term coherent refers to the physical property of the wave,

where it is possible for waves of the same wavelength to interfere constructively or destructively.
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Non-coherent architectures, such as [43], [45], [110], [111], [112], use multiple wavelengths.
These architectures are referred to as non-coherent architectures as they use different optical
wavelengths, the interaction among which can be non-coherent. A large number of neuron
operations can be represented simultaneously in non-coherent architectures by using wavelength-
division multiplexing (WDM) or dense WDM (DWDM). In these architectures, parameter values
are imprinted on to the signal amplitude directly, and to manipulate individual wavelengths,
wavelength-selective devices such as microring resonators (MRs) or microdisks are used. The
optical signal power is controlled, for imprinting parameter values, by controlling the optical loss
in these devices through tuning mechanisms (Section 4.4.1). The Broadcast and Weight (B&W)
protocol [109] is typically employed for setting and updating the weight and activation values. The
ROBIN architecture we present in this chapter is a non-coherent architecture, i.e., it uses multiple
wavelengths that are routed to photonic computation units in waveguides using WDM in
accordance with the B&W protocol. The growing interest in non-coherent architectures can be
attributed to the limitations in scalability, phase encoding noise, and phase error accumulation in

coherent architectures [37], [114].

For optical DNN acceleration using non-coherent mechanics, [110] introduced a photonic
accelerator for CNNs where all the layers of CNN models are implemented using connected
photonic convolution units. In these units, MRs are used to tune wavelength amplitudes to desired
kernel values. Another such work, in [111], utilizes microdisks instead of MRs due to the lower
area and power consumption they offer. But microdisks use ‘whispering gallery mode’ resonance
which is inherently lossy due to the tunneling ray attenuation phenomenon [115]; which reduces
reliability and energy-efficiency with microdisks. There are very few works which focus on

implementations of BNN accelerators using silicon photonics. The work in [137] proposed an MR-
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based accelerator for discretized neural network acceleration, with an encoding scheme to enable
positive and negative product considerations. The authors in [138] leveraged microdisks for
implementing an accelerator with a design similar to [111]. This work considered an accelerator
for fully binarized neural networks, i.e., both weights and activations and considered to be single-
bit parameters. Because of this simplification, [138] was able to utilize energy-efficient photonic
XOR and population count operations instead of conventional multiply and accumulate operations.
The work also made use of photonic non-volatile memory and claimed operating frequencies of
up to 50 GHz. All of these existing works on non-coherent optical-domain DNN/BNN acceleration
have several shortcomings. They suffer from susceptibility to fabrications process variations
(FPVs) and thermal crosstalk, which are not addressed in these architectures. Microsecond-
granularity thermo-optic tuning latencies further can reduce the speed and efficiency of optical
computing [39], which is also not considered when analyzing accelerator performance. We address
these crucial shortcomings as part of our ROBIN optical-domain BNN accelerator architecture in

this work.

In this work, we aim to ensure the robustness of the architecture against process and thermal
variations by using MR design-space exploration and photonic tuning-circuit optimizations, which
will be further explained in Section 4.4. We also utilize the broadband capabilities of the key
photonic device in our work, microring resonators (MRs), to perform batch normalization folding,
which moves batch normalization operations from the electrical domain to the photonic domain.
Section 4.4.3 further details the modular architectural design aiming at ensuring wavelength reuse,
to reduce VCSEL usage and splitter losses and waveguide length reduction. We also explore how
the architecture performs in the presence of FPVs and how we may further reduce energy

consumption in terms of device tuning in this scenario, in Section 4.5.2.
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Figure 26. (a) A recurrent noncoherent B&W MAC based design [109]; (b) An MR bank
consisting of MRs with individual resonant wavelength (Ai ) coupled to the MRs at cross-over
coupling (k) and the output spectrum, showing free spectral range (FSR).

4.2. OVERVIEW OF NON-COHERENT OPTICAL COMPUTATION

Non-coherent optical accelerators leverage the low-latency and energy-efficient optical
computation for multiply and accumulate (MAC) operations, which consumes substantial

computational power and incurs high latencies in electronic accelerators. These accelerators
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typically utilize the B&W protocol with multiple wavelengths. Figure 26(a) (from [35]) gives an
overview of a B&W-based optical MAC unit. The figure depicts a recurrent MAC unit which is
employed repeatedly to compute different layers of a neural network model. The layer parameters
such as weights or activations can be imprinted on to the wavelengths using the MRs that are tuned
to modify the optical signal amplitude to represent those values. The MRs are placed in MR banks
where multiple parameters can be imprinted onto wavelengths simultaneously. In the MR banks,
each MR is tuned to a specific optical wavelength and can be used to alter the amplitude of the
wavelength to represent the imprinted parameter. There can be separate wavelengths which carry
positive and negative parameters, as discussed in [137]; these parameters are summed using

balanced photodetectors (BPDs), as shown in Figure 26(a).

The output from the MAC unit is passed on to a Mach-Zehnder Modulator (MZM) which tunes
the output from a designated laser diode (LD) to this output. Multiple MZMs and LDs are used to
generate the outputs from multiple MAC units; these are collected and multiplexed using an
arrayed waveguide grating (AWG) based optical multiplexer (MUX). The output from the MUX,
now embedded with parameters for the next layer, is passed back into the MAC units, through
splitters. Devices such as electro-optic modulators (not depicted) may be used to implement non-
linearities after the MAC operation. Unfortunately, the static nature of the hardware limits the size
of the neural network model that can be accelerated using such a configuration. This configuration
would also require a large number of splitters, which can cause increased optical losses and thus
higher laser power requirement to compensate for the losses, as the size of an accelerator using

this B&W configuration increases.

MRs and other on-chip optical resonators such as microdisks are crucial components in such

non-coherent MAC configurations, as they impact the reliability and efficiency of the operation
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performed. Figure 26(b) depicts an MR bank and its output spectrum along with the free spectral
range (FSR). Factors such as fabrication-process variations (FPVs) and thermal variations which

impact the MR critical dimensions and hence the effective refractive index (n.ss) of the device

can cause a drift in the resonant wavelength (44,z) [139]. This drift can introduce errors into
optical computation and is thus usually corrected with TO or EO tuning circuits. While EO offers
faster tuning (~ns range) and consumes lesser power (~4 pm/nm), it also has a smaller tuning range
[40]. TO tuning, on the other hand, consumes higher power (~27 mW/FSR) and has higher tuning
latency (~ps range) [39], but offers a larger tuning range. Because of the larger correction capacity,
TO is often preferred over EO despite its higher latency and power consumption. Therefore, as the
number of MRs increases—when considering larger CNN or MLP models—the tuning power
consumption also increases. This also creates increased wavelength requirements per waveguide
and calls for longer waveguides to host the MRs, causing increased laser power consumption to
supply the wavelengths and to compensate for the propagation losses in the longer waveguides.
Also, more MRs and more wavelengths increase optical crosstalk, and also introduce thermal
crosstalk due to the larger number of TO tuners employed. To counteract these challenges, and

ensure better weight resolution, crosstalk mitigation strategies must also be considered.

To design an effective optical-domain BNN accelerator, all of these considerations must be
taken into account. This highlights the need for (i) better device optimizations to tolerate
variations; (ii) efficient and low-latency tuning mechanisms; (iii) a scalable architecture design,
which is optimized for energy efficiency, area, and throughput. ROBIN, presented in this chapter,
addressed all of these concerns for an efficient BNN accelerator implementation in the photonic

domain.
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4.3. BINARIZED NEURAL NETWORKS

BNNs [133] are types of DNNs (or CNNs) where both weights and activation parameters only
use binary values, and the binary values are utilized during both inference and training using
backpropagation. In the light of the discussion of various noises in photonic accelerator
architectures, it is to be noted that the binary nature of weights in BNNs makes them resilient to
small perturbations which can usually lead to gross classification errors in DNNs. Inspired by the
seminal work on efficiently training BNNs [133], recent efforts either explore how BNN accuracy
can be improved, apply BNNs to different application domains, or explore how BNNs can be
implemented efficiently in hardware to leverage their low computation power and memory

requirements in resource constrained environments.

BNNGs utilize the sign function to convert real valued weights to +1 or -1. But this typically
leads to complications in training as the gradient for the sign function always results in a zero. A
heuristic called straight through estimator (STE), introduced in [140], can be used to circumvent
this issue. STEs approximate the gradient by bypassing the gradient of the layer, by turning it into
an identity function. The gradient thus obtained is used for updating real valued weights, using
standard optimization strategies such as Adam or stochastic gradient descent (SGD). This process
is utilized for activation parameters as well. Also, the use of batch normalization (BN) layers in
BNNs has been shown to lead to several benefits [134]. The gain (y) and bias (f) terms of the BN
layer not only help condition the values during training, which speeds up BNN training, but also

helps to improve accuracy in BNNs.
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Figure 27. The accuracy sensitivity study conducted by varying activation parameter precision
(number of bits). Weights are kept as binary values in all cases. The study was performed across
four different models and their datasets (described later in Section 4.5).

Inference accuracy in BNNs can be increased by considering partially binarized BNNs, where
selected layers have their parameters at higher precision. The last layer is usually not binarized to
avoid severe loss in accuracy. With detailed analysis of the model, critical layers can be identified
and can be kept at higher precision, for better accuracy, at the cost of increased resource
(computation, memory) utilization. We conduct a BNN accuracy analysis to determine the
appropriate activation parameter precision in considered models, which is required to determine
the digital-to-analog converter (DAC) resolution in our accelerator architecture. In this analysis,
weight paramters were restricted to binary (1-bit) values, but the bit precision level of the
activations was altered from 1-bit to 16-bits. During BNN training, we ensured that we only
binarize weights during the forward and backward propagations but not during the parameter
update step, because keeping good precision weights during the updates is necessary for SGD to
work at all (as parameter changes are usually tiny during gradient descent). After training, all

weights were in binary format, while the precision of input activations was varied. Figure 27 shows
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the results of varying activation precision across four different models and their datasets (described
later in Section 4.5.1). We observed that the accuracy had notable change initially as activations
bits were increased, but this gain in accuracy soon saturated. Based on the results, we consider

binary (1-bit) weights with 4-bit activations, and thus use 4-bit DACs in our architecture.

4.4. ROBIN ARCHITECTURE

In this section, we describe the various optimization considerations at device, circuit, and

architecture level used for designing the ROBIN architecture.
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Figure 28. Tuning power compensation in a block of 10 MRs placed with and without considering
thermal eigenmode decomposition (TED) for different MR radius. The orange line represents
phase crosstalk ratio variation with distance between MRs.

4.4.1 TUNING CIRCUIT DESIGN

A tuning circuit design is essential for fast and accurate operation of MRs in our BNN
accelerator. Presence of fabrication process variations (FPVs) can impact MR operations by
altering their resonant wavelength (1,,z) from the originally designed values. The errors caused

by this shift can be significantly reduced by using an appropriate MR tuning circuit. The tuning
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circuit employed can be either thermo-optic (TO) or electro-optic (EO) tuning circuits. Thermo-
optic(TO)-based tuning mechanisms use microheaters to change the temperature in the proximity

of a microring resonator (MR), which then alters the effective index ( n.ss) of the MR. This in

turn changes the A,z of the device. Such a change in resonant wavelength (44,z) can help
compensate for fabrication-process and thermal variations in MRs. The electro-optic (EO)-based
tuning mechanisms in an MR is based on the depletion and injection of carriers on a PN diode.
However, only small shifts in an MR’s resonant wavelength can be compensated using this
mechanism (i.e., EO has a limited correction range). TO tuning is preferred to compensate for
large shifts in MR’s resonant wavelength. However, one has to compromise on latency (~s range)

and power consumption, which is higher than for EO tuning.

To reduce ROBIN’s reliance on TO tuning, which entails high overheads, the possibility of a
hybrid tuning mechanism was explored. In this hybrid tuning mechanism, both TO and EO tuning
are used to compensate for AAyg. Such a tuning method has been proposed earlier [117] and can
be easily transferred to an optimized MR (as discussed in Section 4.4.2) for hybrid tuning in our
architecture. Such a mechanism would significantly reduce the overhead caused just by TO
tuning.To reduce the power overhead of TO tuning in such a hybrid approach, we adapt a method
called thermal eigenmode decomposition (TED), which was first proposed in [54] that involves
collectively tuning all the MRs in an MR bank. By doing so we can cancel the effect of crosstalk
(i.e., undesired phase shift) in MRs with much lower power consumption. The amount of phase
crosstalk induced from one MR on another MR, placed adjacent to each other, can be modelled
using the trend in Figure 28 (pink line). In this figure, as the distance between two devices (MRs)
increases, the amount of phase crosstalk between them reduces. Correspondingly, as an example

we calculate the tuning power compensation for an MR bank consisting of 10 MRs and different
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radii placed at a distance (d) from each other. A few important trends to observe from Figure 28
are: (i) as the radius of an MR increases, tuning power compensation for AAyy increases;(ii)
Without TED (collective tuning of MRs), the tuning power consumption is high, indicating that
each MR would require more power to compensate for respective shifts in resonant wavelength
(AAyR); (iii) By employing TED, we see a significant reduction in tuning power consumption:
51% (radius of 1.5 pm) and 41% (radius of 5 um) when MRs are placed at a distance of 5 um and
7 um apart from each other, respectively. Though placing MRs further close to each other would
yield better compensation in power, one must take into account the placement and routing of tuning
circuit for each MR in an MR bank. Additional power reduction can be obtained by performing
device level optimizations, as designing MRs tolerant to FPVs would reduce the total power used

to compensate for fabrication variations.

4.4.2 DEVICE-LEVEL OPTIMIZATION

We explore different MR designs to accommodate different needs in our ROBIN architecture
such as multi-bit precision for activation values, single-bit precision for weight value

representation, and batch normalization.

4.4.2.1 FABRICATION PROCESS VARIATION RESILIENCE

FPVs cause undesirable changes in device critical dimensions (e.g., width and thickness),
which cause resonant wavelength shifts (44,). To address 41,z, we explore the impact of
change in device parameters such as waveguide width, thickness, gap between input and ring
waveguide, and radius using our in-house MR device-exploration tool. We map the behavior of
different changes in the waveguide width, thickness, and radius in MRs due to FPVs. Figure 29(a)

shows one of our design exploration results where we understand and observe the behavior of
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resonant resonant-wavelength shift slopes due to change variations in the waveguide width,
thickness and radius represented by orange, green and blue lines respectively. Resonant

wavelength shift slope due to change in waveguide width (dIAMR/ dw) can be given as:

aAMR (AAMR(AaW"' GWataR) _AAMR(AaW_€W5taR))
ow 2€ey

In (15), €,, denotes a small change in waveguide width and 41,z depends on changes in width

(w), thickness (t), and radius (R). Similarly, IAMR/ d(t,R) can also be approximated.

Figure 29(a) clearly shows that the impact of resonant-wavelength shift reduces as we increase
the waveguide width, whereas the impact of thickness and radius variations remains constant.
From the conducted experiemnts, 41,z is more sensitive to changes in waveguide width, hence
the impact of A4,z reduces as the waveguide width is increased. We employ Lumerical MODE
[141], an Eigen mode solver to calculate these shifts in resonant wavelengths. One can easily
overcome higher-order mode excitation by employing adiabatic designs and waveguide tapers
[142] in MRs with wider waveguides. Such a design translates to lesser tuning-power consumption

due to FPVs.

104



2— ; : ; 12000
=——Thickness =——=Width =———Radius --@-:W ¥ w, =400 nm

10000

8000

- 6000

Q-factor

“**®1000

2000

Resonant wavelength shift slopes

0 | | I | | O
300 400 500 600 700 800 900 1000 1100 1200
MR waveguide width (wr * w,) (nm)

input through

=450 nm, |
W, =450 nm
—
W; =450 nmlr

input through
Slngle bit MRs

W, = 760 nm

W; =400 nm W, =450 nm

1
input through drop 1 add
Multi-bit MRs Broadband MR filter

(b)

Figure 29. (a) Resonant-wavelength shift slopes with respect to changes in waveguide width,
thickness, and radius, and corresponding cross-over coupling(k), when the input waveguide (w;)
is set to 400 nm the marked point represents our selected MR desig (b) The different MR designs
considered in this work.

4.4.2.2 MULTI-BIT PRECISION MICRORING RESONATORS

As discussed in Section 4.3, increasing the number of bits used to capture activations in a
model can boost the model accuracy in BNNs. However, we observed that there is not a significant
accuracy boost beyond 4-bit activation values, hence, we explore MR designs which can achieve

a resolution of 4 bits. To achieve a resolution of 4 bits, we have to take into consideration how the
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optical signals from MRs impact each other due to crosstalk. We consider calculations from [131]

to define the amount of noise from one MR on the other:

52
A=)+ 82
i A

¢(i,)) = (16)

where, ¢(i — j) describes the noise content from the j®* MR present in the signal from the i
MR, (4; — 4;) is the difference between the resonant wavelengths (4;,4;), and 6 = A/(2-Q —
factor). Where, Quality factor or Q-factor is a measure of the sharpness of the resonance relative
to the central frequency of a microring resonator (MR) that impacts the optical channel spacing,
crosstalk, bandwidth, and other factors in the MR [116]. A sharper resonance (i.e., a higher Q-
factor) can result in increased susceptibility to noise, as even a small change in the central
frequency of the MR (due to perturbance) can lead to large losses. This limits the achievable
resolution of the parameters being represented. Thus, smaller Q-factors are preferred. However,
too small a Q-factor can also lead to larger device dimensions and higher optical crosstalk, which

in turn can lead to larger losses and higher tuning power requirements. Q-factor in an MR is defined

as follows:

/1MR

FWHM’ (17)

Q — factor =
where, FWHM is the full width at half maximum of a resonance spectrum which can be defined
for an all-pass ring resonator (see Figure 29) as follows:

(1 —ra) A%,

FWHM = —,
nngL\/ra
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where, 7 is the self-coupling coefficient and a is the single-amplitude transmission, including both

—aL where

the propagation loss in the ring and the loss in the couplers; this can be written as a = e
a is power attenuation coefficient. L is round trip length or the circumference of the MR. In this
chapter, we assume a lossless coupler in our designed MRs, hence |k|? + |r|? = 1. Where k is

the cross-over coupling coefficient. For ideal cases with zero attenuation, a = 1. Based on the

above equations, the noise power component can thus be calculated as:

(n-1)
Pnoise = Zj 1 ¢(iaj)Pin[i] (19)

For power intensity (P;,) of 1, the resolution can be computed as:

1

Resolution = ———, (20)
max|Pnoise|

To achieve a bit resolution of at least 4-bits, we need MRs with a Q-factor of =5000 (from
(20)) while being tolerant to FPVs. Q-factor is highly sensitive to losses and change in dimensions
of MR. In order to achieve the specific Q-factor value, we select the following MR dimesnions:
input waveguide width of 400 nm and ring waveguide width of 760 nm, and radius (RM) of 5 pm.
This MR design, as shown in Figure 29(a) (magenta line), provides improved tolerance to FPV,
desirable Q-factor, and smaller area consumption. Such an MR design with Q-factor of 5000,
allows enough levels of distinction between bits by slightly changing intensity, helps easily detect
optical signal at the output port satisfying the requirement for multi-bit precision of activation

values.
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4.4.2.3 SINGLE-BIT MICRORING RESONATORS

In our architecture, we represent weight values with a single bit, and this requires just two
levels of precision with the output signal from an MR. An MR of high Q factor may be used here,
as we don’t have to have high resolution here. Compact ring designs with high Q-factor have been
proposed in [143], [144]. The work in [144] proposes an MR design with radius 1.5 um to achieve
a high Q-factor of 46,000 without the consideration of sidewall roughness while maintaining low
bending loss =7 cm™'. Similarly, an adiabatic MR structure of radius 3 pum is designed in [143] to
avoid higher order mode excitation where a high Q-factor of 27,000 is achieved. These works

indicate that such high Q-factor rings can be designed.

For one-bit weight representation in ROBIN, we design a ring of radius 1.5 um, as shown in
Figure 29(b), with input waveguide (w;) and ring waveguide (w,.) width both set to 450 nm, to
achieve a Q-factor of 25,000 that corresponds to a bit resolution of 1 from (6). These designs allow
our architecture to save on area and tuning power consumption. We acknowledge that FPVs are
an inevitable part of the fabrication process. However, since we just need to differentiate between
two levels of operations, we do not explore for designs that are tolerant towards FPVs, for single-

bit MRs.

4.4.2.4 BROADBAND MICRORING RESONATORS

Batch normalization (BN) layers can be considered essential in BNNs as they add complexity
to the models, via the gain (y) and bias (f) terms of the layer. These terms are learned during the
training process along with the normalization parameters of the batch mean (¢) and standard

deviation (o). During the training phase, these terms are dynamic, but during inference they have
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static values. This allows for a hardware implementation of a photonic version of batch

normalization folding, where we may tune weights as per the following equation:

w

Wrolqg = V'ﬁ= Crota - W (21)

There is a similar equation for bias terms as well, but since BNN models benefit from batch
normalization after every layer, these will be normalized out and hence can be ignored. The above
constant, Cryq is applied to every weight term and hence is a participant in every matrix

multiplication operation, i.e.:
Input;yq = f (Al : (Wfold)l) = Croa - f(A - W) (22)

In (22), Input, ., refers to the input to the (L + 1) layer, f() is non-linear activation function,
A is the activation of [** layer and W, is the weights from [*"* layer. This operation can be applied
to partial sums as well, and can be implemented using a broadband photonic device with its gain

tuned to reflect Cryq.

For implementing the photonic batch normalization, a broadband device is preferred as this
allows simultaneous gain tuning of all the wavelengths in the waveguide efficiently, both area and
energy wise. Hence, the last type of MRs we consider are broadband MRs that are needed for batch
normalization (BN) layers due to their relevance in BNNs. A large passband can be achieved by
cascading several MRs and properly selecting the design parameters of MRs [145]. We explore
such a higher order MR, or cascaded MR filter, to achieve a wide passband. The work presented
in [146] explores a possibility for passband widths ranging from 6.25 Ghz to a maximum of 3 Thz.
This work explores different design parameters of a higher-order filter while evaluating different

losses such as insertion, propagation and coupling loss in higher order MRs. A 0.5 nm resonant
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wavelength shift of MR was reported for a fabrication error of 10 nm showing that such a design

is tolerant to FPVs.
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Figure 30. An overview of the ROBIN architecture, showing the electronic control unit, the
photonic vector dot product (VDP) unit array, and the photonic summation unit, along with a
detailed view of the VDP unit internal structure.

A 3rd-order MR based switching device with radius of 2 um shown in Figure 29(b), fits the
requirement for broadband MR. The coupling coefficients at the input (k?) is 0.53 and coupling at
higher order rings is 0.2. The propagation loss of 25 dB/cm has been reported and insertion loss of
the two elements in higher order filter are 4.35 dB and 0.36 dB, respectively [145]. Having such a
design, one can achieve a flat-top passband with bandwidth width of at least 3 THz. Employing
this broadband MR can help us apply the batch normalization parameter Cr,;4 on all the available
resonant wavelengths in the bank. Having a large bandwidth such as 2.5 Thz allows us to

conveniently tune up to 20 different wavelengths.
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4.4.3 ARCHITECTURE DESIGN

An overview of the ROBIN accelerator architecture is shown in Figure 30. The optical device
and tuning circuit optimizations from the previous subsections are utilized within the optical binary
vector dot product (VDP) units. We use banks of heterogeneous MRs (described in sections 4.4.2)
to imprint activation parameters, weights, and the BN layer constants onto optical signals. Multiple
such VDP units are composed together to form the overall architecture, as shown in the figure,
which is then used to accelerate a given BNN model. We utilize a photonic summation unit for
summing the partial sum outputs from our VDPs, before passing the partial sums on to the
electronic control unit (ECU), as shown in Figure 30. We also rely on the ECU for fetching
parameters from the global memory, decomposing them to lower dimensional vectors, distributing
these vectors among the VDP units, and for implementing non-linear activations functions and
pooling layers. We describe the working of the ROBIN architecture in more detail in the following

subsections.

4.4.3.1 DECOMPOSING VECTOR OPERATIONS

To map convolution (CONV) and fully connected (FC) layers from BNN models to our
accelerator, we first need to decompose large vector sizes into smaller ones, so they can be mapped

to the VDP array in our architecture. This decomposition approach can be explained as follows.

In CONYV layers, a filter performs convolution on a patch (e.g., 2x2 elements) of the activation
matrix in a channel to generate an element of the output matrix. The operation can be represented
as:

K®A =Y. (23)
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Assuming a 2x2 filter kernel and weight matrices, (23) can be rewritten as:

[k1 k2]®[a1 az

k3 k4_ a3 a4] = k1a1 + kzaz + k3a3 + k4a4, (24)

Rewriting (24) as a vector dot product, we have:

a;
a,
as
Ay

[k1 kz k3 k4,] * = k1a1 + kzaz + k3a3 + k4a4, (25)

Once we can represent the operation as a vector dot product, it is easy to see how it can be

decomposed into partial sums. For example:

a

[k1 kz] * I:a;] = k1a1 + k2a2 = PSl, (26a)
a

[k3 k4_] * I:aj,:l = k3a3 + k4a4 = PSZ, (26b)
PSl + PSZ = Y (26C)

In FC layers, typically much larger dimension matrix-vector multiplication operations are

performed between input activation vectors and weight matrices. Therefore, we have:

a

AW = [wy owy ot Wa], (27)

al'W1+ al'W2+ A o al'Wn
az'W1+ az'W2+ A o az'Wn

(28)

an'W1+ an'W2+ A o an'Wn
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In (27), a; to a, represent column vectors of activations (A) and wi to w, represent row vectors
of weight matrix (W). The resulting vector is a summation of dot products of vector elements (28).
Similar to the decomposition of CONV operation, these can then be decomposed into lower

dimensional dot products.

4.4.3.2 VECTOR DOT PRODUCT (VDP) UNIT DESIGN

As discussed in subsection 4.4.3.1, we decompose matrix operations to lower dimensional
vector dot product operations. These vector dot product operations are executed optically within
our VDP units. The heterogeneous MR designs combined with optical circuit-level optimizations
for area and power consumption are utilized to design VDP units (Figure 30) suited for accelerating
both CONV and FC layers without compromising on accelerator throughput. For representing
weight values, we use high Q-factor, small radius single-bit MRs described in Section 4.4.2.2. The
smaller radius contributes to lower tuning power and helps reduce propagation loss along the VDP
waveguide. This is possible due to the binarized nature of weight matrices in BNNs. For activation
values we consider MRs with slightly lower Q-factor, for better resolution, as discussed in Section
4.4.2.1. Optical BN layer implementation require simultaneously tuning all the wavelengths in the
waveguide to the batch normalization constant, and for this we use third order MR filters, as
described in Section 4.4.2.3. The combination of these heterogeneous designs allows the VDP
units to be highly energy efficient. We also make use of electronic buffering in the VDP units to
reduce the digital to analog converter (DAC) usage. In particular, we make use of ping-pong
buffers, which allow us to use a single DAC array to feed the activation devices in all the
waveguides in a VDP unit. As weight values are single-bit values, we can use simple switching
circuits to essentially turn the MR tuning circuits on or off depending on the value of the weight

parameters.
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In designing a VDP unit, there are several important parameters that must be carefully
considered: number of higher resolution MRs for activation representation (N,), number of single-
bit MRs for weight representation (Ny,), and number of broadband MRs (Ng) for batch
normalization folding implementation. Thus, the total number of MRs per waveguide NMR =
N4 + Ny, + Ng. The number of required DACs is equal to N4. By the mathematical property of
the dot product operation, N, must be equal to Ny,. The number of waveguides to which we
distribute the MRs is denoted as Ny,;. The maximum size of the vector that can be represented in
a VDP unit is given by Ny,;*N,. We divide this vector across multiple waveguides to reduce
power consumption, as this allows us to reuse wavelengths and reduce the overall laser power
consumption, as discussed next, in subsection 4.4.3.3. Multiple VDP units work concurrently on
parameters from the same layer and generate partial sums simultaneously, for efficient
parallelization and to increase the throughput of the accelerator. The total VDP unit count used in
ROBIN is Nypp. Thus, the VDP and architecture design process can be considered as an
optimization problem where we try to explore Nypp, Ny, Ny (= Ny ), and NB values while trying
to maximize throughput and minimize area and power consumption. We present results of this

architecture exploration analysis in Section 4.5.3.

4.4.3.3 OPTICAL WAVELENGTH REUSE IN VDP UNITS

Prior works on optical accelerator design typically considers a separate wavelength to represent
each individual element of a vector. As the size of the vectors being mapped increase, this approach
leads to an increase in the total number of lasers needed in the laser bank, which in turn increases
power consumption. Beyond employing the decomposition approach discussed above, we also
consider wavelength reuse per VDP unit to minimize laser power. In this approach, within VDP

units, the vectors assigned from the electronic control unit (ECU) are further decomposed into
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smaller sized vectors for which dot products can be performed using MRs in parallel, in each arm
of the VDP unit. By decomposing the mapped vectors further, same wavelengths can be reused
across arms within a VDP to reduce the number of unique wavelengths required from the laser.
Photodetectors (PDs) perform summation of the element-wise products to generate partial sums
from decomposed vector dot products. The partial sums from the decomposed operations are then
converted back to the optical domain by VCSELSs (bottom right of Figure 30), multiplexed into a
single waveguide, and accumulated using another PD, before being sent for buffering. Thus, our
approach leads to an increase in the number of PDs and splitters compared to other accelerators
but significantly reduces both the number of MRs per waveguide and the overall laser power
consumption. The reduction in overall power consumption is also assisted by the fact that PDs do

not consume significant power.

In each arm within a VDP unit, we can use a maximum of 15 MRs per bank for a total of 30
MRs per arm. The choice of MRs per arm considers not only the thermal crosstalk and layout
spacing issues and the benefits of wavelength reuse (as discussed earlier), but also the fact that
optical splitter losses become non-negligible as the number of MRs per arm increase, which in
turn increases laser power requirements. Thus, the selection of MRs per arm within a VDP unit

must be carefully adjusted to balance parallelism within/across arms, and laser power overheads.

4.4.3.4 ROBIN PIPELINING AND SCHEDULING

The pipeline and schedule of operations during BNN model execution on the ROBIN
accelerator is shown in Figure 31. The electronic control unit (ECU) for the accelerator
communicates with the global memory and retrieves the trained weights for the model being
accelerated. The weights are stored in SRAM-based buffers. Considering the vector granularity of

the VDP units, latency of operation of the photonic core, and the parameter sizes (4-bit activation
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bits and binary weight parameters), we can calculate the memory bandwidth necessary. From our
analyses (presented in Section 4.5.3), we found that our architecture needs a maximum bandwidth
of 93.75 GB/s at the ECU to photonic core interface. This is a reasonable bandwidth assumption
for an SRAM-based memory with operating frequency = 2.5 GHz and a read width of 250 bits.
Previous works, such as [147], have explored similar SRAM systems, but for a much higher
bandwidth requirement at 250 GB/s. The lower bandwidth requirement for our system can be
attributed to the smaller parameter sizes, while the work in [147] considered 16-bit precision for
the neural network parameters. Memory interfaces which exceed the necessary bandwidth are
already available commercially: e.g., NVIDIA Tesla K20M GPUs have 320-bit memory interfaces

at 2.6 GHz which can operate every half clock cycle to provide a bandwidth of 208 GB/s.

These weight matrices are decomposed to lower dimensional vectors and are distributed to the
VDPs by the ECU’s vector decomposition unit. The decomposition operation is described by the
left-hand side of equations 10 to 12. As described in the equations, the vector decomposition unit
converts matrices to vectors (row-wise conversion for weight matrices and column-wise
conversion for activation matrices), and then those vectors into sub vectors. The size of the sub
vectors depends on the granularity of the VDP units. The received vectors are buffered in the VDP
units and are fed into the DAC array through a ping-pong buffer so that they can keep the MAC
operation running continuously. The partial sums generated are passed on to the photonic
summation unit, the output from which is passed on to the ECU. The ECU buffers the sums and
calculates inputs that are then passed on to the next layer by subjecting the parameters to non-

linearities (activation functions) and performing other layer specific operations, like pooling.
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Figure 31. Pipelined scheduling of operations during BNN execution on the ROBIN accelerator.

The model parameter buffering stage is not repeated every pipeline operation, but must be
repeated as the parameters buffered in the buffers in ECU are depleted (i.e., distributed to VDP
units). As such, the total time required by ROBIN to perform inference acceleration for a given

model can be given as:

Total time of operation =

Tyer + At x X + (ECU parameter buffering delay) x x, (29)
where,
At = local buffer operation delay + vector distribution delay, (30)
X = Total number of parameters in the model , (31 )
Nwx Nypp
X = (Parameters buf fered in ECU) . (32)

NwxNypp
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Table 9 Models and datasets used for evaluations

Model no. | CONV layers | FC Layers | BN layers | Parameters Datasets
1 2 2 3 60,642 Sign MNIST
2 6 3 6 1,546,570 CIFARI10
3 6 3 7 13,570,186 STL10
4 6 2 6 552,362 SVHN

Comparing our pipeline to the pipeline presented in the previous work on photonic BNN
acceleration, [138], we can observe the following differences: (i) ROBIN’s pipeline takes into
consideration model parameter retrieval from global memory, buffering in the ECU, and how these
parameters are utilized in the photonic core. The pipeline in [138] does not include these operations
in its pipeline; ROBIN’s pipeline considers both ECU and photonic core operation, whereas the
pipeline in [138] is photonic system centric; ROBIN utilizes photonic batch normalization folding
which does not require an extra step, whereas in [138] this operation is performed electronically

and requires a separate stage in their pipeline.

4.5 EXPERIMENTS AND RESULTS

4.5.1 SIMULATION SETUP

Several simulation studies were conducted to evaluate the effectiveness of the ROBIN BNN
accelerator. The optimized heterogeneous MR designs, the tuning circuit optimizations, and

architectural level considerations discussed so far were included in our simulation considerations.

The operation of the ROBIN architecture was simulated using a custom Python simulator to
estimate its performance in terms of power, frames per second (FPS) performance, and energy

consumption. For analyzing the inference accuracy across different activation precision and the
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impact of FPV noise on the inference accuracy, we used Tensorflow 2.3 along with Qkeras [121].
Figure 32 shows the training accuracy versus epoch graph of the models described in Table 9, to

illustrate the accuracy and loss across the epochs.

We compare ROBIN with DEAP-CNN [110] and HolyLight [111], two recent optical DNN
accelerators from prior work, along with LightBulb [138], which is an optical BNN accelerator, as
well as numbers reported from several electronic DNN and BNN accelerators. For simulating the
operation of optical accelerators, we considered optical signal losses due to various factors: signal
propagation loss (1 dB/cm [135]), splitter loss (0.13 dB [122]), combiner loss (0.9 dB [123]), MR
through loss (0.02 dB [124]), MR modulation loss (0.72 dB [125]), microdisk loss (1.22 dB [126]),
EO tuning loss (6 dB/cm [40]), and TO tuning loss (1 dB/cm [39]). We also considered the ADC
design from [148] and the 4-bit DAC from [149] in our analyses. The analysis of the optical
accelerators (DEAP-CNN [110], HolyLight [111], and LightBulb [138]) follows the modeling
methodology we have adopted for ROBIN, where we factor in power consumption and delays
associated with photonic devices used in these accelerators. A summary of the power and latency
considerations for our analyses is given in Table 10. These power and latency values were used in
our simulations and latency of operation of our architecture. In order to give better perspective on
the architecture’s performance, a comparison for inference time on ROBIN and a conventional

CPU is presented in Section 4.5.5.
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Figure 32. The training accuracy vs epoch for the BNN models considered for (a) Sign MNIST,
(b) CIFARIO, (c¢) STL10, and (d) SVHN datasets. (a) shows top-1 accuracy, while (b)-(d) show

top-5 accuracy

To calculate laser power consumption, we use the following power model:

Plaser - Sdetector = Pphoto—loss + 10 x IleO N/l ’

(33)

where Pyger 18 the laser power in dABm, Sgetector 18 the PD sensitivity in dBm, and Pppot0-10ss 18

the total loss encountered by the optical signal, due to all of the factors discussed above.
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Table 10 Parameters considered for analysis of photonic accelerators

Devices Latency Power
EO Tuning [40] 20 ns 4 pW/nm
TO Tuning [39] 4 ps 27.5 mW/FSR
VCSEL [128] 10 ns 0.66 mW
TIA [129] 0.15 ns 7.2 mW
Photodetector [130] 5.8 ps 2.8 mW
DAC [149] 0.33 ns 59.7 mW
ADC [148] 24 ns 62 mW

4.5.2 FABRICATION-PROCESS VARIATION ANALYSIS

FPV in optical devices is corrected using TED tuning in our architecture, as discussed in
Section 4.4. At the system level, this tuning leads to significant power consumption overhead, and
any avenue to further reduce tuning power consumption becomes important. We conduct an FPV
noise injection analysis, where we inject noise, modeled using FPV data, into the MR devices into
our ROBIN accelerator, during the inference phase. This experiment was conducted to: (i) study
the impact of FPV induced noise on BNN models mapped to our accelerator; (ii) determine how
effective TED tuning is in such scenarios; and (iii) uncover any opportunities for further power

minimization.

To analyze the impact of FPV on the model and how TED tuning compensates for it, we first
consider the effect of FPV on the shift in resonant wavelength (AAyg) in MRs. Resonant-

wavelength shift in an MR can be modeled from [150] as:
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oA oA daA
MR - | ZMR . O/MR

A = 5,7 0w+ T30 Ot t Tp Ors

(34)

where, 0, are the associated standard deviations for waveguide width, thickness, and radius

0AMR

a(w,t,r)

variations; and is the rate of change in the MR resonant wavelength considering the

variations in the waveguide width, thickness, and radius represented in (34). We generate virtual
FPV maps for the accelerator layout with a mean (¢) of 0 and standard deviation (o, ; gy) of 4.9
nm, 1.5 nm, and 0.75 nm for waveguide width, thickness, and radius, respectively. These standard
deviation values are experimentally obtained based on real fabricated MR devices through our
collaboration with CEA-Leti. Using these values, we are able to derive AAy; using (34). So, the

current resonant wavelength (Ay,z) of the FPV affected MR becomes:
Avr = Aur + Ayg, (35)

Due to a shift in Ay, the transmission of the wavelength through the MR is impacted. The

intensity of the wavelength at the through port is given by the following equation from [143].

I a? — 2racosd + r?
out _

T = (36)

I, 1—2arcos}p + ra?’

In (36), ¢ = PL, with L being the roundtrip length and f the propagation constant § = 2/ A
of the circulating mode; and 2 is the self-coupling coefficient of an MR. A detailed analyses for
the calculation of r using super mode theory is presented in [151]. The output intensity from the
MR is important, as for non-coherent MAC units, the parameter values are encoded onto the signal

intensity, and a change in expected output can be seen as perturbation or noise source.

The noise injection was modeled using equations (34) and (36), where we consider the
resonant-wavelength shift (Adyz) in MRs due to FPV and its impact on the parameters imprinted

on the MRs. From our analysis using the FPV data from our device fabrications with CEA-Leti,
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and equation (18), we are able to obtain the mean and standard deviation values for Ady in a
wafer. The values calculated are ¢ = -0.1461 nm and ¢ = 24.417 nm. Using these values, 50 Adyg
maps for the accelerator were generated and then using equation (36) the perturbation to the
parameters imprinted on to the devices were modeled. Noise injection to the models was performed

at inference time using Tensorflow.
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Figure 33. Inference accuracy versus level of tuning applied. At 80% tuning, the inference
accuracy saturates, rendering further tuning unnecessary, and providing an opportunity to save
tuning power.

Figure 33 shows the results of this experiment, where we explored the impact of FPV-induced
noise in the four BNN models, and the effect of TED tuning for FPV compensation. We expected
that the better the devices were tuned, the better the accuracy that would be exhibited by the
accelerator. But it was observed that the model’s accuracy can be sustained without perfectly
tuning the devices. Figure 33 shows that at 80% FPV correction through tuning, the BNN retains
appreciable inference accuracy. Thus, there is not a significant accuracy benefit to tune beyond the
80% level, this allows for a 20% reduction in tuning power requirement. This reduction in tuning

power is factored into our architecture level analysis, which is presented next.

123



4.5.3 ROBIN ARCHITECTURE OPTIMIZATION ANALYSIS

In this section, we show results of our exploration of the parameters discussed in Section 4.4.3.2.
As mentioned in Section 4.4.3.2, we try to optimize Nvpp, Nwg, Na, and Np to reduce area and
power consumption while trying to obtain the best throughput (frames per second or FPS) possible.
Ng was fixed to be 1 per waveguide, allowing us to have up to 20 wavelengths in the same
waveguide with a channel spacing of 1 nm, which in turn allows us to tune all the MRs
simultaneously to the BN layer parameters. We then explored Nvpp, Nwg, and Na, with the goal
of optimizing power, area, and FPS. The result of this exploration analysis is shown in Figure 34
in the form of a scatter plot. From this analysis we identified two configurations for ROBIN, where
one is optimized for FPS/Watt, with lowest area and power consumption (energy optimized
ROBIN or ROBIN-EO), and another with the best FPS but with higher area and power consumption
(performance optimized ROBIN or ROBIN-PO). In terms of (N4, Nypp, Ny ), these configurations
can be represented as (10, 50, 10) for ROBIN-EO and (50, 200, 10) for ROBIN-PO. These
configurations were compared against other optical and electronic DNN/BNN accelerator
platforms, to showcase their efficiency of operation. Results for these comparisons with other

accelerators are presented in the following section.

4.5.4 COMPARISON WITH STATE-OF-THE-ART OPTICAL AND ELECTRONIC

DNN/BNN ACCELERATORS

We compared ROBIN-EO and ROBIN-PO against various electronic and optical neural
network acceleration platforms. For optical DNN accelerator platforms, we selected DEAP-CNN
[110] and HolyLight [111]. The electronic accelerator platforms considered are: GPU (Nvidia

Tesla P100), SIGMA [152], Edge TPU [153], DaDianNao [154], and FPGA implementation of
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Null Hop [155]. We also compare ROBIN against the best-known previous photonic BNN

accelerator, LightBulb [138].
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Figure 34. Scatterplot of average FPS vs. average EPB vs. area of various ROBIN configurations.
The configuration with highest FPS/Watt (energy optimized or EO) and the one with best FPS
(performance optimized or PO) are specified.

[mmm P100 [E=8 EDGE E= NullHop BN FBNA @4 HolyLight ROBIN_EO
EEE SIGMA DaDianNao I FINN EE DEAP 3 LightBulb %4 ROBIN_PO

102

Power
3
{3
2
O,
O,

s}
0!
0,
202626

o
28!
S0
0!
43

10!

2
0
0
0

08030!
99
59,
03
05

50
0
0
S

:

o
858

)
0
0.
0.
0
0.

o
0!
0

0805¢

0828

030,
85853

0
0
0

0
&)
0
&)
0.

i
293,

P00 gGMR  gpGE a0 P ANNcaNA oeR? H‘,wuq“‘ugmau\“wgm}"wam}o

o]
Of
O
O
Of
O

Figure 35. Power consumption comparison among variants of ROBIN versus other optical
accelerators (DEAP-CNN, Holylight, LightBulb), and electronic accelerator platforms (P100,
SIGMA, EdgeTPU, DaDianNao, Null Hop, FINN, and FBNA).

When compared to LightBulb, ROBIN has the following differences:
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(1) ROBIN is designed to accelerate partially binarized neural networks, as opposed to fully

binarized neural networks as in LightBulb, for obtaining better accuracies;

(i1)) ROBIN utilizes photonic batch normalization folding for faster, energy efficient batch
normalization layer operation whereas LightBulb relies on an electronic implementation of the

batch normalization operation;

(i11)) ROBIN has various circuit- and device-level optimizations in place to counteract thermal and
process variations, which also ensure high throughput and energy efficient operation; whereas
LightBulb does not take into account thermal and process variations and the necessary tuning

latency and energy consumption overheads needed to counter them;

(iv) architecture-level optimizations in ROBIN ensure lower power consumption in terms of tuning

and laser power; these considerations are not part of the architecture proposed in LightBulb.
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Figure 36. EPB comparison between electrical BNN accelerators, optical accelerators, and the
ROBIN variants.

We also compare against electronic BNN accelerators FBNA [156] and FINN [157].
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Figure 35 shows the power comparison across the accelerators from prior work and the two
ROBIN variants. It can be observed that ROBIN-PO has substantially higher power consumption
than ROBIN-EQO, as ROBIN-PO is focused on FPS performance rather than energy conservation.
ROBIN-PO has a much larger vector granularity per VDP unit along with substantially higher VDP
unit count to maximize parallelism, when compared to ROBIN-EQ. The larger unit count and the
waveguide count in ROBIN-PO drives its power requirements higher. On the other hand, it can be
observed that the energy and area efficient ROBIN-EO has comparable power consumption to that

of edge and mobile electronic neural network accelerators.

In Figure 36, we compare the energy-per-bit values (EPB) across the various BNN accelerators
considered in this work. We can observe that both the ROBIN variants perform significantly better
than the optical accelerators in comparison. This lower EPB is owing to the meticulous device,
circuit, and architecture level optimizations we have considered in our architecture, which takes
into account various losses and delays at the architecture level and counteracts them. The
heterogeneous MRs used in ROBIN provide energy and area benefits, and the utilization of TED
for collectively tuning MRs provides further energy benefits on top of the 20% reduction we
obtained from the analysis in section 4.5.3. TED also allows for closer placement of MRs, which
in turn helps reduce propagation delays. This reduction is also impacted by the faster inputs to

DAC arrays enabled by local buffering and ping-pong buffers in the VDP units.

Lastly, in Figure 37 we present the average FPS/Watt comparison between the various
accelerator platforms. Both the ROBIN variants perform well against the accelerator platforms to
which they were compared against. ROBIN-EO outperforms all other platforms other than FBNA

and FINN. This is owing to the extremely low power consumption reported by these BNN
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accelerators. However, the ROBIN variants display superior FPS performance with respect to these

electronic accelerators, as can be seen in Figure 38.
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Figure 37. Average FPS/Watt among different accelerator platforms, visualized.
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Figure 38. FPS comparison between the ROBIN variants and the electronic BNN accelerators.
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Table 11 Inference time on ROBIN-PO and Intel i7 desktop for the four models

considered in evaluations

Inference time (for one image)
Model no. | Parameters Datasets
ROBIN-PO 17-4790
1 60,642 Sign MNIST 0.0218 ps 0.16 ms
2 1,546,570 CIFAR10 0.28 us 1.75 ms
3 13,570,186 STL10 2.3 pus 2.5 ms
4 552,362 SVHN 0.11 ps 1.25 ms

In summary, this chapter showcases the effectiveness of cross-layer design of BNN
accelerators with the emerging silicon photonics technology for energy/area efficient
implementations and for performance-oriented designs. Overall, we can see that our energy
efficient design (ROBIN-EO) exhibits EPB values ~4x lower than electronic BNN accelerators
and ~933x lower than the photonic BNN accelerator, while the performance-oriented design
(ROBIN-PO) shows ~3x and ~25x better FPS than the electronic and photonic BNN accelerators
respectively. With the growing maturity of silicon photonic device fabrication in CMOS-
compatible processes, it is expected that the energy costs of device tuning, losses, and laser power
overheads will go further down, making an even stronger case for considering optical-domain

accelerators for deep learning inference.

4.5.5 COMPARISON TO CPU BASED INFERENCE

To highlight the advantage of dedicated inference acceleration, we have compared the
performance of our ROBIN architecture against a standard desktop CPU performing inference on

these models. The CPU we have considered is an Intel i17-4790, and we have used Tensorflow to
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analyse the latency for inference. The CPU, 17-4790, is reported to have an average power
consumption of approximately 103W. This power consumption is comparable to the ~90 W we
report for the ROBIN-PO variant. The summary of observations for inference time are shown in
Table 11. The ROBIN accelerator is observed to provide several orders of magnitude reduction in

inference time for all the four models and datasets, compared to the Intel 17 system.

4.6 CONCLUSION

In this chapter we proposed ROBIN, an optical-domain BNN accelerator which utilizes device-
level, circuit-level and architecture-level optimizations to save on energy and area while improving
overall throughput. Through our optimization efforts, we identified two variants of ROBIN:
ROBIN-EQ, which is optimized for energy and area efficiency, and ROBIN-PO, which exhibits
higher FPS performance, at the expense of greater power consumption. Our simulation analysis
showed that ROBIN exhibits significantly better EPB performance than the various state-of-the-
art optical neural network accelerators. Owing to significantly lower power consumption reported
by the electronic BNN accelerators considered, ROBIN variants are not able to obtain better
FPS/Watt than them, but upon closer examination both ROBIN variants can be seen to have better
throughput than the electronic BNN accelerators. These results highlight the promise of our
proposed ROBIN accelerator for accelerating BNN model execution for resource-constrained

platforms.

The work described in this chapter is focused on BNN acceleration using photonic systems. In
this work, we considered how photonic systems can be used to accelerate the partially binarized
networks, with weights remaining binary, while activations being multi-bit parameters. To

improve on this work, one may consider employing mixed quantization in the models considered,
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where different layers have different levels of quantization for their activation parameters. This
can enable better accuracy for the considered models. The photonic system- and device-level
optimizations discussed in this chapter are not limited to BNN inference accelerators. These

techniques may also be considered for other non-BNN accelerators for DNN/CNNs as well.
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CHAPTER 5: NON-COHERENT PHOTONIC ACCELERATOR DESIGN FOR

UNSTRUCTURED SPARSITY IN CONVOLUTION NEURAL NETWORKS

Over the past decade, convolutional neural networks (CNNs) have exhibited success in many
application domains, such as image/video classification, object detection, and even sequence
learning. As CNNs continue to be used for solving more complex problems, they have become
increasingly compute and memory intensive. This is reflected in the increase in operations needed
from ~4.5 million for LeNet-5 [120], proposed in 1998, to ~30 billion for VGG16 [158], proposed
in 2014. To keep pace with the continuous increase in CNN resource requirements, several
accelerator platforms have been proposed, including graphical processing units (GPUs) with tensor
units, Google’s tensor processing units (TPUs), and custom application-specific integrated circuits
(ASICs). However, these platforms still have low performance and energy-efficiency for most
CNN applications. Sparse neural networks (SpNNs) [159] enable a reduced number of neurons
and synapses while maintaining the original model accuracy. Therefore, they represent a promising
optimization to reduce the overall resource requirements for CNNs in resource-constrained

environments.

Unfortunately, simply deploying a SpNN on an accelerator does not necessarily ensure model
performance and energy-efficiency improvements. This is because the strategies for dense neural
network acceleration, for which most accelerators today are optimized, are not be able to take
advantage of the sparsity available in neural networks. Dense neural network accelerators
orchestrate dataflow and operations for parameters that have been sparsified (i.e., zeroed out). By
having to process sparse parameters, conventional accelerators incur high latency and energy
consumption that should be avoided. Therefore, carefully devised strategies for taking advantage

of sparsity and reducing the number of operations becomes essential.
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There have been a few recent efforts to design accelerators that provide support for SpNNs
[155], [160], [161]. But these electronic accelerators face fundamental limitations in the post-
Moore era, where processing capabilities are no longer improving as they once did, and metallic
wires create new dataflow bottlenecks [106]. Neural network accelerator architectures that
leverage silicon photonics for computing and data transfer can enable low latency and energy-
efficient computation solutions [43], [44], [111], [162], [163]. However, they are not impervious

to the high latency and energy wastage problem when accelerating SpNNss.

In this chapter, we present a novel neural network accelerator designed with silicon photonics
that is optimized for exploiting sparsity, to enable energy-efficient and low-latency SpNN
acceleration. To the best of our knowledge, this chapter presents the first non-coherent photonic

SpNN accelerator. Our novel contributions in this chapter include:

e The design of a novel photonic-domain SpNN hardware accelerator architecture that
utilizes a modular, vector-granularity-aware structure to enable high throughput and
energy-efficient execution across different CNN models;

e Sparsity-aware data compression and dataflow techniques for fully connected and
convolution layers, which are tuned for the high throughput operation of our photonic
accelerator;

e A comprehensive comparison with state-of-the-art sparse electronic and dense
photonic CNN accelerator platforms, to demonstrate the potential of our accelerator

platform.
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5.1. RELATED WORK

To efficiently accelerate SpNNs, there is a need for specialized hardware architectures. In
recent years, a few such architectures have been proposed by the electronic machine learning (ML)
acceleration research community, e.g., [160], [161], [155]. The framework presented in [160]
leveraged a custom instruction-set architecture (ISA) for SpNNs. Specialized buffer controller
architectures were used, which involved indexing to keep track of sparse elements, thus preventing
them from being fed to the processing elements. In [161], a software-hardware co-optimized
reconfigurable sparse CNN accelerator design was proposed for FPGAs. The architecture
exploited both inter- and intra-output feature map parallelism. Kernel merging along with
structured sparsity were considered to further improve the overall efficiency. The work in [155]
described an FPGA-based implementation of a sparse CNN accelerator. The accelerator made use
of an output feature-map compression algorithm, which allowed the accelerator to operate directly

on compressed data.

To obtain lower latency and better energy efficiency, there has been growing interest in using
silicon photonics for ML acceleration [37], and many-core computing in general [32]. Silicon
photonic neural network accelerators can be broadly classified into two types: coherent and non-
coherent. Coherent architectures use a single wavelength to operate and imprint weight and
activation parameters onto the electrical field amplitude of optical signals, e.g., [162]. In contrast,
non-coherent architectures use multiple wavelengths, where each wavelength can be used to
perform an individual neuron operation in parallel with other wavelengths, e.g., [43], [44], [111],
[162], [163]. In these architectures, parameters are imprinted directly onto signal amplitude. The
recent work in [162] was the first to consider sparsity in the design of coherent photonic neural

network accelerators. Structured sparsity techniques were used along with fast Fourier transform
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(FFT) based optical convolution, with the goal of reducing the area consumption of coherent
architectures. The singular value decomposition (SVD)-based approach for phase matrix
representation, which is crucial to reduce the overall area of the coherent architecture, also makes
these architectures susceptible to accuracy loss, as the experiments in [162] showed. Due to phase
encoding noise, phase error accumulation, and scalability limitations of coherent accelerators
[164], there has been a growing interest in non-coherent photonic accelerators. Non-coherent dense
neural network accelerators were proposed in [43] and [111], where the basic device for multiply
and accumulate units relies on microring resonators [43] and microdisks [111]. The work in [43]
also utilized cross-layer device-level and circuit-level optimizations to enable lower power
consumption in the optical domain. The SONIC architecture proposed in this work represents the
first non-coherent photonic SpNN accelerator, where multiple software optimizations for sparsity,
clustering, and dataflow are integrated closely with the hardware architecture design for improved

energy-efficiency and latency, without compromising on inference accuracy.

The rest of the chapter is organized as follows. Section 5.2 provides an overview of our
proposed software and dataflow optimizations for convolution and fully connected layers in CNNs.
Section 5.3 describes the hardware design of our non-coherent photonic accelerator that is tuned
for these model optimizations. Section 5.4 presents the experiments conducted and results. Lastly,

we draw conclusions in Section 5.5.

5.2. SOFTWARE AND DATAFLOW OPTIMIZATIONS

5.2.1. MODEL SPARSIFICATION

To generate SpNNs, we adapt a layer-wise, sparsity-aware training approach from [165]. We

opt for layer-wise sparsity instead of sparsifying the entire model, to have more control over the
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process, and to avoid overly sparsifying sensitive layers which notably contribute to the overall
model accuracy. In our approach, for every layer selected to be sparsified, a binary mask variable
is added, which is of the same size and shape as the layer’s weight tensor. The algorithm also
determines which of the weights participate in the forward execution of the graph. The weights in
the chosen layer are then sorted by their absolute values and the smallest magnitude weights are
masked to zero until the user-specified sparsity levels are reached. Also, note that we opt for
sparsity-aware training instead of post-training sparsification, as the latter approach can
indiscriminately remove neurons, thus adversely affecting the inference accuracy. We also utilize
an L2 regularization term during training, to encourage smaller weight values and avoid

overfitting, which further helps improve the overall accuracy post-deployment.

5.2.2. WEIGHT CLUSTERING

The electrical-optical interface in photonic accelerators, such as in [43], can be highly power
consuming. This is because digital-to-analog converters (DACs), which have high power
overheads, are used in these interfaces to tune the optical devices in the multiply-and-accumulate
(MAC) units. Moreover, higher resolution (i.e., the number of bits used to represent each weight
and activation parameter) requirements for a DAC translate into higher power and latency
overhead in the DAC. Thus, to reduce the DAC overhead, we perform post-training quantization
of the models, in the form of weight clustering. We opt for density-based centroid initialization of
the weights, for the clustering operation, as described in [166]. For this clustering approach, a
cumulative distribution function is built for the weights. The distribution is evenly divided into
regions, based on the user specified number of clusters. The centroid weight values of the evenly
distributed regions are then deduced, and these values are used to initialize clustering. This process

effectively reduces the variations in weight values and confines the values to the centroids.
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Therefore, if there are C centroids, and thus C clusters, the model will end up with C unique
weights. This implies that the weights can be represented with a resolution of log>C, thus reducing
the required DAC resolution and enabling power and latency savings. Section 5.4.1 describes our

weight clustering (and sparsification) explorations and parameters in more detail.
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Figure 39. FC layer operation, where the product of the weight matrix and activation vector is
calculated. (a) Zero element identification in the activation vector and corresponding columns in
weight matrix (marked in dotted outlines); (b) Compressed ma matrix and vector, but weight
matrix still exhibits parameter sparsity.

5.2.3. DATAFLOW OPTIMIZATIONS

Beyond sparsification and weight clustering optimizations, we also perform enhancements to
improve dataflow efficiency in our hardware platform. Fully Connected (FC) layers are
computationally intensive layers in CNNs where all neurons in the layer are connected to all the
other neurons in the following FC layer. The baseline FC-layer operation is a matrix-vector
product, which generates the output vector to be passed on to the next FC layer, as represented in
Figure 39(a). As the figure shows, there can be many parameters in the weight matrix and the
activation vector which are zeroes. These zero parameters can be prevented from being passed on

to the processing elements to reduce model latency and energy consumption.
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Figure 40. (a) Convolution operation between kernel (weight) matrix and input feature map
(activations). A patch of the input feature map is convolved with the kernel matrix at a time to
generate an output feature-map element (a patch and the corresponding output element are shown
in red boxes). (b) Convolution operation unfurled into a vector-matrix-dot-product operation;
avenues for compression are indicated by dotted-red outlines. (c) The result of the compression
approach, with input feature map still exhibiting parameter sparsity.

To achieve this goal, a compression approach as depicted in Figures 39(a) and 39(b) is utilized.
In this approach, we identify the zero parameters in the activation vector, and remove the
corresponding columns in the weight matrix which will be operated upon by these parameters
during the dot-product operation. This approach generates dense activation vectors, but the weight
vectors can still be sparse, as depicted in the weight matrix in Figure 39(b). This process also does

not impact the output vector calculation accuracy or output vector dimension.
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For convolution (CONV) layers, the main difference with FC layers is the convolution
operation performed in CONV layers. We unroll the CONV layer kernels and their associated
patch of the input feature (IF) map matrix, to form vector-dot-product operations from the
convolution operations (see Figure 40(a)). The compression approach for FC layers can be
repeated for these unrolled matrix-vector multiplication operations (see Figure 40(b)). The
compression approach in CONV layers helps generate dense kernel vectors to be passed to the
vector-dot-product units (VDUs). Note that the IF vectors (activations) being passed for processing
may still have sparsity present, as shown in Figure 40(c). The residual sparsity in the FC layer
weight matrices and the CONV layer IF maps is handled at the vector-dot-product unit (VDU)

level, as discussed in more detail in Section 5.3.2.

5.3. SONIC HARDWARE ACCELERATOR OVERVIEW

Figure 41 shows a high-level overview of the proposed non-coherent SONIC architecture for
SpNN inference acceleration. SONIC comprises of an optical processing core, which uses vector-
dot-product units (VDUs)—described in Section 5.3.2—to perform multiply and accumulate
operations for FC and CONYV layers in the photonic domain during inference. Several peripheral
electronic modules are also integrated, to interface with the main memory, map the dense and
sparse vectors to the photonic VDUs, and perform post-processing operations, such as applying
non-linearities and accumulating partial sums generated by the photonic core. DAC arrays within
VDUs convert buffered signals into analog tuning signals for MRs, and vertical-cavity surface-
emitting lasers (VCSELSs) are used to generate different wavelengths. Analog-to-digital converter
(ADC) arrays are used to map the output analog signals generated by photonic summation to digital
values that are sent back for post-processing and buffering. The devices, VDU, and architecture

are discussed further in the following subsections.
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Figure 41. An overview of the SONIC architecture, with N CONV layer-specific VDUs and K FC
layer-specific VDUs.

5.3.1. MICRORING RESONATORS (MRS) AND ROBUST TUNING

MRs are the primary devices used within our VDUs to implement matrix-vector multiplication
operations. MRs are wavelength-selective silicon photonic devices, which are usually designed to
be responsive to a specific ‘resonant’ wavelength (Aug). Such MRs are used to modulate and filter
their resonant wavelengths in a carefully controlled manner, via a tuning circuit, to realize

multiplications in the optical domain.

An MR tuning mechanism can be used to induce a resonance shift (44ur), and to change the
output wavelength amplitude (Figure 42(a)) to realize a scalar multiplication operation. The tuning
mechanism in MRs operates by heating (thermo-optic (TO) tuning [39]) or carrier injection
(electro-optic (EO) tuning [40]), thereby inducing a change in the effective index (n.f), which in
turn impacts Ayr. The induced 44ur increases the loss a wavelength experiences as it passes the

MR, modifying the amplitude and imprinting the desired parameter (W1—W3 for MR1—MR3 in Fig
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4(b)). To improve throughput, Wavelength Division Multiplexing (WDM) signals are used with a
group of MRs (i.e., MR bank, Figure 42(b)), where each MR is sensitive to a specific Aur. A large
passband in MRs can be achieved by cascading several of them, as in [146], which can be used to

simultaneously tune multiple wavelengths.
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Figure 42. (a) An all-pass microring resonator (MR) filter (R is the radius of the MR and
determines the resonant wavelength). (b) An MR bank where multiple MR filters, each sensitive
to a particular wavelength, are arranged to perform vector-matrix multiplication.

In SONIC, we make use of a TO+EO hybrid tuning circuit to induce 44yz. Such a tuning
approach has previously been proposed in [117] for silicon photonic devices with low insertion
loss. This approach can be easily transferred to MR banks for hybrid tuning in our architecture.
The hybrid tuning approach supports faster operation of MRs with fast EO tuning to induce small
Almr and using TO tuning for large AAur. To further reduce the power overhead of TO tuning in

our hybrid approach, we adapt a method called thermal eigenmode decomposition (TED), which
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was first proposed in [54]. Using TED, we can collectively tune the MR bank with lower power

consumption.

5.3.2. VECTOR-DOT-PRODUCT UNIT (VDU) DESIGN

As we decompose the operations in FC and CONV layers to vector-dot-product operations,
our processing units are effectively vector-dot-product units (VDUs). Figure 43 depicts the VDU
design in SONIC. As Figures 39(b) and 40(c) showed, the granularity of the vectors involved in
FC and CONYV operations can be different. In real models, the CONV kernel sizes are relatively
small when compared to FC layers. Also, in our dataflow for CONV layers, the dense vectors are
generated by kernel matrices (weights), and for FC layers, the dense vectors are generated by
activation vectors. However, for CONV layer dense vectors, we only need low resolution digital-
to-analog converters (DACs), because of the clustering approach we utilize (see Section 5.2.2).
Moreover, for FC layers, the sparse vectors may utilize the low-resolution DACs, due to the same
reason. Therefore, considering these differences, we separate the VDU implementations for
CONYV and FC layers. However, both the VDU implementations follow the layout illustrated in

Figure 43.

As shown in Figure 43, VDUs use separate local buffers to store the sparse and dense vector
parameter values. The parameters are fed into DAC arrays for driving the optical devices (MRs or
VCSELs). Each VDU has a local VCSEL array, which is driven using a DAC array. A DAC drives
its corresponding VCSEL to generate optical signals with amplitude tuned to reflect its

corresponding vector parameter.
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Figure 43. Vector-dot-product unit in the SONIC architecture.

We enhance the VDU design for sparsity by preventing a VCSEL from being driven if a zero
element is encountered in the sparse vector (recall that after the compression approach described
in Section 5.2.3, there may be residual sparsity in the IF map or weight matrix). This involves
power gating the VCSEL, and hence subsequent operations for the dot product will not occur. The
power gating thus helps avoid the wasteful operations with the zero parameters, which were not
eliminated by our data compression approach (see Section 5.2), in the vectors fed to the VDU. The
signals from the VCSEL array are fed into an optical multiplexer (MUX in Figure 43) to generate
a WDM signal, which is transmitted to the MR bank via a waveguide. The MR bank is comprised
of several tunable MRs, each of which can be tuned to alter the optical signal amplitude of a
specific input wavelength, so that the intensity of the wavelength reflects a specific value, as

discussed earlier.
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We also make use of a broadband MR to tune all wavelengths simultaneously to reflect batch
normalization (BN) parameters for a layer (Figure 43). Once the multiplication between
parameters and BN parameters have been performed, a photodetector is used to convert the optical

signal back to an electrical signal, to obtain a single, accumulated value from the VDU.

5.3.3. SONIC ARCHITECTURE

The VDU design discussed above is integrated in the SONIC architecture shown in Figure 41.
As mentioned earlier, we separate the VDU designs for the FC and CONV layer operations. The
separate VDU designs account for the vector granularity differences between FC and CONV layer
operations, and the differences in DAC requirement for driving the VCSEL and MR arrays. The
architecture relies on an electronic-control unit for interfacing with the main memory, retrieving
the parameters, mapping the compressed parameters, and post-processing the partial sums
generated by the VDUs. The optical processing core (see Figure 41) focuses on CONV, FC, and
batch normalization acceleration during the inference phase. Other operations, such as activation
and pooling are implemented electronically, as done in prior works on optical computation. The
SONIC architecture design in Figure 41 arranges VDUs in an array. For CONV layers, we consider
N VDU units, with each unit supporting an nxn dot product. For FC layer acceleration, we consider
K VDU units, with each unit supporting a mxm dot product. Here, m >n and N > K, as per the
requirements of each of the distinct layers. In each VDP unit, the original vector dimensions are
decomposed into n or m dimensional vectors. Here, n and m are dependent on the dense vector
granularity we obtain through the compression approach for the CONV and FC layers (Section

5.2.3).
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Table 12 CNN models considered for experiments.

Datasets | Conv layers | FC layers No. of Baseline
parameters accuracy
MNIST |2 2 1,498,730 93.2%
CIFARIO | 6 1 552,874 86.05%
STL10 6 1 77,787,738 | 74.6%
SVHN 4 3 552,362 94.6%

Table 13 Parameters considered for analysis of accelerators.

Devices Latency Power
EO Tuning [40] 20 ns 4 yW/ nm
TO Tuning [39] 4 us 27.5 mW/FSR
VCSEL [167] 0.07 ns 1.3 mW
Photodetector [130] 5.8 ps 2.8 mW
DAC (16 bit) [149] 0.33 ns 40 mW
DAC (6 bit) [168] 0.25 ns 3 mW
ADC (16 bit) [148] 14 ns 62 mW

5.4. EXPERIMENTS AND RESULTS

145

For our experiments, we consider four custom CNN models with both CONV and FC layers, for
the well-known CIFAR10, STL10, SVHN, and MNIST datasets. Details on the baseline models
are shown in Table 12. For evaluating the performance of the SONIC architecture, we compare it
against two state-of-the-art SpNN accelerators: RSNN [161] and NullHop [155], along with dense
photonic accelerators CrossLight [43] and HolyLight [111], and a photonic binary neural network
accelerator LightBulb [138]. Furthermore, we attempted to implement the coherent SpNN photonic
accelerator from [162]; however, the work does not provide details or results for latency, power,
and energy, which prevented us from comparing against it. We also show comparative results

against the NVIDIA Tesla P100 GPU and Intel Xeon Platinum 9282 CPU. We compared all these




architectures in terms of throughput (i.e., frame per second (FPS)), energy per bit (EPB), and power
consumption efficiency (FPS/W). We devised a custom Python simulator, integrated with
Tensorflow v2.5, to evaluate SONIC and other accelerators. The parameters summarized in Table

13 were used to configure the accelerators to obtain performance and power/energy results.

Table 14 Summary of the sparsification and clustering results.

Datasets Layers No. of weight No. of Final
pruned clusters parameters accuracy
MNIST 4 64 749,365 92.89%
CIFARI10 7 16 276,437 86.86%
STL10 5 64 46,672,643 75.2%
SVHN 5 64 331,417 95%

5.4.1. MODEL SPARSIFICATION AND CLUSTERING RESULTS

In the first experiment, we focus on software model optimization in SONIC. To obtain the best
accuracy possible, we performed layer-wise sparsification in the models considered, as described
in Section 5.2.1. We also use this experiment to partially explore the design space of SONIC
hardware implementations. As depicted in Figure 43, we use DACs for driving MRs and VCSELs
in our accelerator. To decide on the required DAC resolution (and corresponding power and
latency costs), we perform post-training weight clustering, as described in Section 5.2.2. Our goal
was to generate models with as much per-layer sparsity as possible, and minimal DAC resolution,

while exhibiting comparable accuracy to the baseline model.
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Figure 44. Visualization of sparsity and clustering exploration on the CIFAR10 model. Number
of layers is the total layers sparsified, sparsity is the average pruning aggressiveness, and number
of clusters refers to the total weights clusters. The best (highest accuracy) configuration is indicated
by the star.

A summary of the optimized models and the final accuracy achieved after sparsification and
weight clustering is shown in Table 14. Note that the final accuracy of the optimized models in
Table 14 is comparable or slightly better than the baseline accuracy shown in Table 12, which is
consistent with the trend in prior works. To arrive at these numbers for each model, we performed
a detailed exploration. Figure 44 shows the design space considered during sparsity and clustering

exploration for the CIFAR10 model (figures for the other three models are omitted for brevity).
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Figure 45. Sparsity across various layers in the four models considered.

Figure 45 further shows the layer-wise breakdown of sparsification for all four models, where
the plots show the layer-specific sparsity level for weight parameters (in the best solution for each
model from Table 14) and the resulting sparsity in activations as they traverse the sparse layers.
Our exploration was able to identify the need for a maximum of 16 clusters for the best CIFAR10
solution and a maximum of 64 clusters across the four models (Table 14). Based on these results,
we consider 6-bit DACs (to support up to 64 levels) for weight parameters. We kept activation

granularity at 16-bits, which provided us with sufficient accuracy (Table 14) and thus used 16-bit

DAC:s for activations, in the SONIC accelerator.
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5.4.2. COMPARISON WITH STATE-OF-THE-ART ACCELERATORS

We explored various (n, m, N, K) configurations for the SONIC architecture (see Section 5.3.3)
and found the best configuration in terms of FPS/W, EPB, and power consumption to be (5, 50,
50, 10). We found that the value of 7 is heavily dependent on CONV layer kernel values, which
was fixed after our model sparsification experiments. Increasing n beyond five did not provide any
benefits, as the dense kernel vectors do not exceed five-parameter granularity for the considered

models.
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Figure 46. Power comparison across the accelerator platforms.

Figure 46 shows power consumption and Figure 47 shows the power efficiency (in terms of
frames-per-second/watt or FPS/W) across the accelerators considered. In these figures, NP100 is
the GPU and IXP is the CPU. We can observe that due to its sparsity-aware, clustering-aware, and
dataflow-optimized hardware architecture design, SONIC exhibits substantially higher power
efficiency, even though it has higher power consumption than the electronic SpNN accelerators.
SONIC, on average, exhibits 5.81x and 4.02x better FPS/W than the NullHop and RSNN electronic
SpNN accelerators. SONIC also exhibits 3.08x, 2.94x, and 13.8x better power efficiency on

average than the LightBulb, CrossLight, and HolyLight photonic accelerators, respectively. This is
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because none of these photonic accelerators are optimized to take advantage of sparsity and

clustering.
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Figure 47. FPS/W comparison across the accelerator platforms.

When comparing the energy-per-bit (EPB) across the accelerators, as shown in Figure 48, we
can again observe that the co-design of the software and dataflow optimizations along with the
hardware architecture in SONIC allow it to outperform the photonic and electronic SpNN
accelerators. SONIC exhibits, on average, 19.4x, 18.4x, and 27.6x lower EPB than LightBulb,
CrossLight, and HolyLight, respectively. SONIC also exhibits 8.4x and 5.78x lower EPB than

NullHop and RSNN. These results highlight the promise of SONIC for optimized SpNN

implementations on resource-constrained platforms.
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Figure 48. EPB comparison across the accelerator platforms.

5.5. CONCLUSIONS

In this chapter, we presented a novel non-coherent photonic sparse neural network accelerator,
called SONIC, that integrates several hardware and software optimizations. SONIC exhibits up to
5.8x better power efficiency, and 8.4x lower EPB than state-of-the-art sparse electronic neural
network accelerators; and up to 13.8x better power efficiency and 27.6x lower EPB than state-of-
the-art dense photonic neural network accelerators. These results demonstrate the promising low-

energy and low-latency inference acceleration capabilities of our SONIC architecture.
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CHAPTER 6: EXPLORING NON-COHERENT PHOTONICS FOR ENERGY EFFICIENT,
HIGH THROUGHPUT ACCELERATOR FOR HETEROGENEOUSLY QUANTIZED

CONVOLUTION NEURAL NETWORKS

In the past decade, artificial neural networks (ANNs) have gained popularity for their ability
to serve as a universal approximator for any computational function. ANNs have been applied to
many complex problems and have replaced older machine learning (ML) algorithms in many
domains. Convolutional neural networks (CNNs) are one of the most well-known ANNs that have
exhibited success in many application domains such as image/video classification, object
detection, and even sequence learning. As CNNs continue to be used for solving increasingly
complex problems, they have in turn become more and more compute and memory intensive.
Research into exploring how to reduce the memory footprint of the CNN model while retaining
inference accuracy has been an active area of research in recent years. Some examples of such
research areas include exploiting sparsity in CNNs [165], [17], where unnecessary model (weight
and activation) parameters are pruned, and inducing quantization in CNN models [169, 169],
[170], [171], where the parameter sizes (bitwidths) are reduced. By reducing parameter bitwidths
with quantization, both memory usage and computational latency (and energy) can be reduced.
Conventional quantization approaches quantize CNN models so that all layers in the model have
the same bit length for their parameters. However, the varying functional redundancies and diverse
behavior across model layers necessitates the use of mixed precision (i.e., heterogeneous)

quantization, for better accuracy.

The increasing CNN model complexity in emerging applications (e.g., autonomous drones,
self-driving vehicles) also necessitates that the underlying hardware platforms consistently deliver

better performance while satisfying strict energy requirements. Emerging accelerator platforms are
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therefore being designed while considering CNN model optimizations, such as sparsity and
quantization. For example, newer Nvidia GPUs can take advantage of sparsity in CNN models to

increase throughput and energy efficiency [172].

Even with various optimizations at the hardware and software level, electronic CNN
accelerators are still prone to diminishing energy and throughput efficiencies, due to the slow-
down of Dennard scaling. A potential solution to obtain better energy and throughput efficiency
for CNN applications is to consider more efficient hardware technologies, such as silicon
photonics, during the design of CNN accelerators. Silicon photonics not only enables low-latency
and high bandwidth communication but can also be used for low-latency, and energy-efficient
computations, e.g., matrix-vector multiplication in the photonic domain [34], [36]. However, there
are various challenges associated with designing a power and energy-efficient silicon photonic
CNN accelerator, including high laser power consumption; high power utilization at electrical-
photonic and photonic-electrical interfaces; and high latencies associated with photonic device
tuning mechanisms. Moreover, none of the photonic CNN accelerators proposed to date support

the execution of heterogeneously quantized CNN models.

In this work, we propose, HONNA, a silicon photonic CNN accelerator designed for optimizing
both homogeneous and heterogeneous quantization in CNN models for energy- and throughput-

efficient high accuracy inference acceleration. Our novel contributions in this work include:

e The design of a novel non-coherent photonic accelerator which utilizes wavelength
division multiplexing (WDM) along with time-division multiplexing (TDM) for bit-
slicing based operation for heterogeneously quantized CNN acceleration;

e The design of modular vector granularity aware matrix-vector multiplication units for

energy- and throughput- efficient accelerator operation;
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e A comprehensive comparison with state-of-the-art photonic CNN accelerators to
demonstrate the potential of our proposed CNN accelerator.

The rest of this chapter is organized as follows: Section 6.1 goes over related works and our

motivation for this work. Section 6.2 discusses our architecture in detail. Section 6.3 presents

details on experiments conducted and the results observed. Finally, Section 6.4 gives concluding

remarks and directions for future work.

6.1. BACKGROUND AND MOTIVATION

6.1.1. PHOTONIC CNN ACCELERATION

Silicon photonics based ML accelerator architectures represent an emerging paradigm. These
accelerators can be broadly divided into two major categories: coherent and non-coherent photonic
accelerators. Non-coherent architectures use multiple wavelengths, where each wavelength can be
used to perform an individual neuron operation. In these architectures, parameters are imprinted
onto the optical signal amplitude directly, and to manipulate individual wavelengths, wavelength-
selective devices such as microring resonators (MRs) or microdisks are used. The architecture we

propose is a non-coherent photonic accelerator architecture.

MRs are designed to be wavelength-selective and respond to a specific ‘resonant’ wavelength
(Amr). An MR can modulate and filter its Ayr in a carefully controlled manner, via a tuning circuit
(Figure 49(a)). This mechanism can be used to realize multiplications in the analog optical domain.
An MR tuning mechanism can be used to induce a resonant shift (44ur), and to change the output
wavelength amplitude to realize a scalar multiplication. Such a tuning mechanism can operate by
carrier injection (electro-optic (EO) tuning [40]) or heating (thermo-optic (TO) tuning [39]),

thereby inducing a change in the effective refractive index (nef) of the device, which introduces a
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AZmr. Such tuning can be considered for imprinting the desired weight or activation parameter, by
varying the loss a wavelength experiences as it passes the MR. The interaction of the tuned
wavelength with another MR with the same Aur, tuned to represent another CNN parameter, results
in multiplication between the parameters. To implement a dot product operation, multiple MRs,
each representing a different CNN parameter can be arranged in an MR bank (Figure 49(b)) and
can be fed a WDM input. These products can be then summed using a photodetector (PD) which

converts wavelength intensity to a representative electric current.

Several previous works have discussed CNN acceleration using non-coherent photonics
principles. In [43], an MR based CNN accelerator architecture, which utilized modular vector dot
product units, with separate accelerator units for convolutional and fully connected layers, was
proposed. The work also used optimized MR designs and tuning circuit optimizations, for energy
and throughput efficiency. The work in [111] utilized microdisks instead of MRs due to the lower
area and power consumption they offer. Another microdisk based photonic accelerator, for fully
binarized CNNs, was proposed in [138]. Fully binarized CNNs use single-bit weight and activation
parameters. Because of this simplification, [138] was able to utilize energy-efficient photonic
XOR and population count operations instead of multiply and accumulate operations. The work in
[44] on the other hand, proposed an MR based partially binarized CNN accelerator. The partially
binarized CNNs considered in the work used single-bit weight parameters and 4-bit activation
parameters, which allowed for increased inference accuracy over fully binarized CNNs. To realize
batch normalization operations, which are utilized in many binarized CNNs to boost performance,

in the photonic domain, [44] used broadband MRs as well.
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Figure 49. (a) Non-coherent parameter imprinting via MR tuning; (b) MR banks operating on a
WDM signal to implement vector dot product.

6.1.2. HETEROGENEOUS QUANTIZATION IN CNNS

Quantizing weight and activation parameters in CNNs is an effective way to design efficient
models, which in principle can help achieve better hardware efficiency. Conventional quantization
approaches use the same precision for all the weight and activation parameters across layers (e.g.,
a bitwidth of 16 for parameters in all layers). This is referred to as homogeneous quantization.
However, this approach leads to sub-optimal model accuracies. Heterogeneous or mixed precision
quantization addresses this issue by allowing different layers to have different levels of
quantization. But finding the optimum values for parameter quantization, per layer of a network,
can be challenging. Utilizing exhaustive search is a naive approach to obtain these quantization
levels which is impractical for even very small model sizes. Another option is to utilize
quantization exploration tools such as AutoQKeras. However, the lengthy search process in these
tools quickly becomes taxing in terms of processing requirements as the number of layers grow.
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Several efforts propose intelligent neural network architecture search strategies for optimizing
the quantization levels across layers in a CNN. A differentiable neural architecture search (DNAS)
framework was proposed in [169] to explore the search space with gradient-based optimization.
The framework creates a stochastic supernet with weights and a trainable architecture parameter.
The supernet is constructed with the same structure as the target CNN that needs to be
heterogeneously quantized. The architecture parameter is used to identify the edges of the supernet
that possess better accuracy. The supernet is trained with a custom loss function, with the Gumbel
Softmax trick used to stabilize the training process. The technique presented in [170] is similar to
the one in [169], with the key difference being the loss function, which penalizes a higher weighted
average of the bitwidths of the weights across layers. The training method produces non-integer
bitwidths, which are meaningless for practical hardware. Hence, the learned non-integer bitwidths
are adjusted to the nearest greater integer. A multi-layer perceptron (MLP) based framework for
generating the bitwidths of the parameters across layers of a CNN, for a given KL-divergence (£2)
from the baseline network’s softmax output was proposed in [171]. Q is calculated as the average
of N images from the training set. The network to be heterogeneously quantized is randomly
quantized initially and £ is obtained, for S times. The bitwidths across the layers and corresponding
Q becomes the dataset to train the MLP. Once trained, the MLP is tasked with generating an output

vector representing the optimum bitwidths across layers of the CNN for a given £ value.

6.1.3. MOTIVATION

Given the prominence of quantized models to facilitate efficient CNN deployment on resource-
limited embedded and IoT platforms, the ability to accelerate heterogeneously quantized models
is essential for modern CNN accelerator architectures. The photonic architectures discussed in

Subsection 6.1.1, have fixed parameter resolution and hence are not able to accelerate CNN models
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with different quantization levels. The parameter resolution achievable in non-coherent photonic
accelerators is limited by the noise-induced due to fabrication process variation (FPV), and
crosstalk among MRs [37]. The maximum resolution of parameters is also dependent on the
electrical-optical interface i.e. the digital to analog converters (DACs) used to pass the parameter
values to the MR tuning circuitry. The architectures discussed in prior work are either designed
for a particular resolution (e.g., [43] is designed for 16-bit resolution and uses 16-bit DACs) or
target a very specific type of CNN model only (e.g., the XOR and pop-count mechanism of [138]
limits it to only fully binarized CNNs). This prevents them from accelerating heterogeneously
quantized models altogether or from effectively accelerating heterogeneously quantized models.
An architecture such as the one presented in [43] may be able to represent any quantized model
with parameter bitwidths up to 16-bits, but will not benefit in energy or latency from the lower
bitwidths. To fully exploit quantization for latency and energy benefits, we propose the HONNA
accelerator in this work, which utilizes WDM and TDM, along with bit-slicing of parameters to
achieve efficient inference performance. To the best of our knowledge, this is the first work that
proposes a silicon photonic CNN accelerator optimized to efficiently execute CNN models with

heterogeneous quantization across layers.

6.2. HONNA HARDWARE ACCELERATOR

As mentioned earlier, HONNA is a non-coherent photonic architecture that aims to address the
challenge of accelerating heterogeneously quantized CNNs, while obtaining energy benefits from
the quantization. The proposed architecture has a photonic accelerator substrate, which is
comprised of an array of photonic matrix-vector multiply units (MVUs). An electronic control unit
is used to interface with memory and to map CNN model parameters to MVUs. The outputs from

the MVUs are processed locally before being passed on for non-linearity operations and then
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storage back to memory. The following subsections go into the details of the architecture operation

and optimizations.

6.2.1. TDM-BASED OPERATION AND ENERGY BENEFITS

In non-coherent photonic accelerator architectures, the parameters are imprinted on the
wavelength amplitude. The parameters being imprinted are restricted in their resolution by two
main factors: the DAC resolution and the presence of thermal or heterodyne crosstalk noise.
Thermal crosstalk arises when the operation of adjacent TO tuning mechanisms perturb each other,
causing tuning errors which in turn cause errors in parameter values. Heterodyne crosstalk is

leakage of power from spectrally close wavelengths into each other, which can also cause errors.

DAC resolution is a limiting factor as, DACs have substantially higher power and latency
requirements, as the DAC resolution increases. Due to these reasons, most photonic architectures
opt to support low-resolution parameter resolution in CNNs. For example, the photonic accelerator
discussed in [111] is designed for a 4-bit resolution, while those in [138] and [44] target binarized
neural networks (1-bit weights). However, without sufficient optimizations of the CNN model,
such as those discussed in Subsection 6.1.2, the quantized CNN may exhibit poor inference
accuracy at low resolutions, as observed in results from the low-resolution models in [111], [138],
[44]. The photonic accelerator in [43] proposed various optimizations in terms of tuning and WDM
management to achieve a high resolution of 16-bits, which ensures better inference accuracy than
[111], [138], [44]. However, such an architecture is at a disadvantage in terms of energy efficiency

when accelerating a quantized model, where quantization levels vary across model layers.
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Figure 50. (a) TDM based operation for a vector dot product operation between two 2-element
vectors in our proposed HQNNA architecture; (b) the same dot product operation performed with

accelerator in [44].

To support heterogeneous quantization, and obtain the energy and power benefits it offers, we
propose a novel bit-slicing and TDM based approach in our non-coherent architecture. This
architecture, also makes use of WDM-based operations, but utilizes TDM and bit-slicing with it
to more aggressively reduce power and energy consumption. Our approach distributes bit-slices
across time steps onto the MVU to perform the multiplication and accumulation operation
photonically, and then makes use of digital shift and adder circuits to obtain the correct output

from the MVU operation. The number of time slices required to complete an operation depends

v
I, 00000104

(b)

on the bit-slice size (b) and the parameter size (p).
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An overview of our operation, making use of a simple example is shown in Figure 50 involving
multiplication of two 2-element vectors: A = [0x31, 0x0OD] and B = [0x34, 0x14]. We assume that
these two vectors represent the input activations and weights of a CNN layer, respectively, both of
which are quantized to 8-bits (p). For HONNA the four time steps may be explained as follows: At
T the least significant nibbles (4-bits) of elements of A and B are introduced into the multiplication
unit. Elements, which have to interact with each other during the dot product operation, are
assigned the same A. So A; and B; are represented using 4; (purple in Figure 50(a)), and A2 and B>
are represented using 4> (red in Figure 50(a)). The interaction between the nibbles generates
intermediate products at each time step, indicated by the purple and red circles and corresponding
callout tables. The intermediate sums (generated using photodetectors) are converted to digital
signals using an analog to digital converter (ADC), shifted appropriately, and are stored in a local
buffer. The ADC data from each time step has a fixed shift value associated with it. Now, to
generate the dot product the nibbles of A needs to interact with, i.e., be multiplied by, both nibbles
of the corresponding elements in B. So, in 72, the second nibbles from the B-elements are
imprinted, while A data does not change. After 72, all the data from B has been introduced to the
least significant nibbles of A and corresponding sums are obtained. Thus on 73, the second nibble
of A-elements can be introduced, and B needs to be fed again as in 7/ and 72. Thus, the proposed
architecture, utilizing b of 4-bit will take up to four time steps to complete the operation (Figure

50(a)), while [44] will accomplish the same operation in a single time step (Figure 50(b)).

However, the energy consumption difference is staggering as our proposed architecture
(Figure 50(a)), in this example, will consume approximately 6 mJ of energy while the architecture
in [44] (Figure 50(b)) will consume up to 240 mJ of energy for this operation. Even for p of 16-bit

(not shown), the proposed architecture, at b of 4-bit, will only have an approximate energy
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consumption of 24 mJ, over 16 time steps while the [44] analog will still consume 240 mJ of
energy. One limitation of our architecture is lower throughput than [44] (see results in Section
6.3); however our primary optimization goal is improved energy-efficiency. Moreover, the
lowered throughput in our architecture is somewhat mitigated by the fact that lower resolution
DAC:s used in our architecture have lower latencies associated with them. This is significant as
one of the primary sources of latency other than TO tuning in a non-coherent architecture is DAC

latency.

6.2.2. TUNING CIRCUITS

The thermo-optic (TO) tuning approach is widely used for FPV correction in MR-based
systems and non-coherent architectures use them for imprinting CNN parameters. The main
advantage of using TO tuning is its large tuning range (4-5 nm), but this comes with a higher
latency (~us range) and higher power overheads (~27 mW/FSR) [39] (FSR = free spectral range).
Furthermore, the operation of TO tuning circuits can affect the fidelity of operation of neighboring
MRs in the form of thermal noise [54]. Therefore, solely relying on microheater-based TO tuning
can impair the operation of the non-coherent CNN accelerator. As an alternative, the electro-optic
(EO) tuning mechanism operates through carrier injection into the MR body with a PN-junction
across the MR. This in turn changes the effective refractive index (n.) of the device and hence the
resonant wavelength (Aur), thereby tuning it. EO tuning is faster (~ns range) and consumes lower
power (~4 uW/FSR), but it has a significantly lower tuning range than TO tuning (~1 nm) [40].
The lower tuning range means EO tuning alone is inadequate to address the large 44urs induced

by FPV in MRs, but is sufficient for CNN parameter imprinting onto the resonant wavelength.

To overcome FPVs and for accurate parameter imprinting (required for photonic

multiplication), in our architecture, we make use of a hybrid tuning circuit, which combines EO
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and TO tuning. The hybrid tuning approach considers the advantages each tuning mechanism
offers while covering for their disadvantages. The approach supports the efficient operation of
MRs with fast EO tuning to quickly induce small A44ur, such as in the case of parameter imprinting,
and using the slower TO tuning infrequently to induce large Aiug, for FPV correction in our
architecture. To address the thermal noise generation from TO tuning, we adapt a method called
thermal Eigenmode decomposition (TED), which was first proposed in [54]. TED also comes with
the added advantage of significantly reducing TO power consumption and frequency of TO

operation.

6.2.3. MVU DESIGN

To accelerate ANNs in general, the most time-consuming operations, matrix-vector
multiplications, have to be accelerated. Inference acceleration in particular deals with fixed weight
matrices and input-dependent activations. For CNNs, two main types of layers have to be
considered: convolution (CONV) layers and fully connected (FC) layers. CONV layers perform
convolution operations between smaller weight matrices or kernels and input feature maps
(activations), to generate output feature maps for the next layer. The convolution operation can be
decomposed into vector dot product operations as discussed in [44]. FC layers on the other hand
perform matrix-vector multiplication operations between significantly larger weight matrices and

activation vectors.

163



R —— — e o e g
1 — Weight 1
1 Activation parameter buffer 1
1 parameter buffer 1
1 wes I
| 7 resolution ... i 1
1 DAC array [ H I
ass H
1 L . - 1
1 £ : 1
b, ... 2 : 1
1 Nzsy wee @ = H 1
1 "' —et] S .
lHybn’g tuning = : 1
1 cirluit = . 1
I “ S : :
., E |
1 %, e H 1
1 *% | — R 1
Py
Post processihg = -t
unit ., .o ®
. CONV layer acceleration array LM
o
€ o b <
=3 £ = o
HIR g
28|z %
EE g
T8 CONV-MVU #1 CONV-MVU #K |~
3|5,
%2 T8 FC layer acceleration array
28] 23 -
< c o
t R
¥ o s S
SR 221
53 53
Sz . — g3
€ .
+ FC-MVU #1 ftae, - B
*
To off chip ’." Photonic accelerator substrate » "xay
-
DRAM '." e,
. '.Q..

--:-----I-I---l-l-I-I-I-l-I-I-l-I-I-I-l-I-I-I-I-l--l-l-luii.

Activation
parameter buffer

Weight

parameter buffer

¥ resolution
DAC array

Ay mmn

Hybrid tuning
circuit

Aust

g‘ Q}. . -f@} 27 resolution
|

ADC

2r resolution
ADC

\ WDM Multiplexer _/

164

Digital
5]

Digital
S+A

Figure 51. Architectural overview of HQNNA with the internal architecture of CONV-MVU and
FC-MVU highlighted.

The basic compute unit in our architecture, to support both CONV and FC layer operations, is
a matrix-vector multiplication unit (MVU). The MVU accepts a WDM signal through an input
waveguide, which is imprinted with the vector parameters using an MR bank. For imprinting the

parameters, we make use of DAC-based EO tuning in the hybrid tuning circuit (Figure 51). The



tuned signal from the MR bank is distributed across the matrix rows, again distributed across
waveguides, using a splitter-based photonic multiplexer. The contents of the matrix depend on the

layer being accelerated.

Table 15 The best models found through heterogeneous quantization techniques
considered, compared to the quantized versions from other photonic accelerator works, in
terms of inference accuracy and memory footprint

No. of | Parameter Quantization .Welght Actlvatlon Inference | Memory
Model size across | size across .
layers count type ) ) accuracy footprint
ayers ayers
[6,6,4,4, | [6,6,4,4,4,
HQNNA 4,4, 4] 4.4) 76.4% 169 MB
38,413,15 | CrossLight [44] 16 16 79.3% 650 MB
AlexNet 7 6 HolyLight [111] 4 4 76.1% 162 MB
LightBulb [138] 1 1 56.1% 41 MB
ROBIN [44] 1 4 62.5% 48 MB
(2,2,2,2, | [4,4,4,4,4,
2,2,2,2, | 4,4,4,6,6,
HQNNA 2,2,2,2, 6,8, 6,8, 79.7% 8.75 MB
2,2,4,2, 10, 10, 10,
ResNet20 20 271,786 2,2,2,4] 10, 10, 8]
CrossLight 6 16 81.9% 70 MB
HolyLight 4 4 77.6% 17.5 MB
LightBulb 1 1 56.1% 4.4 MB
ROBIN 1 4 64.2% 5.8 MB
[8,8,4,4, | [8,8,4,4,4,
HQNNA 4.4.4] 8. 4] 87.9% 34.4 MB
CNN 7 552 362 CrossLight 16 16 86.2% 134 MB
(SVHN) ’ HolyLight 4 4 82.1% 32.4 MB
LightBulb 1 1 29.4% 8.4 MB
ROBIN 1 4 49.4% 9.8 MB

For FC layers, the matrix is comprised of bit-slices of individual weight values, which need to
change with time steps so that the vector-matrix multiplication operation can happen in its entirety.
For CONV layers the architecture performs a vector dot product operation, so the MVU can be
used to represent all the bit-slices of one of the vectors simultaneously, across waveguides, to
reduce the number of time slices needed for vector dot product operations. In both cases, the results

per time slice need to be shifted and added. For FC layer operation, this can be done after the
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summation operation as each waveguide generates partial sums for separate elements. For the
CONYV layer, the entire MVU generates a single convolution output. Because of this difference,
we use separate MVU implementation for CONV and FC layers. In FC layers the shift and

accumulate operation is done electronically, but for CONV layers, this can be done photonically.

For photonic shifting, we make use of Semiconductor Optical Amplifiers (SOAs) along with
addition via Kirchhoff’s Current Law (KCL) from the photodiode outputs. The SOAs can be fed
a shift signal (o), the gain-tuning signal, to reflect the shift operation. A 1-bit left shit can be
performed photonically by multiplying with 2, which can be done through SOA-based gain tuning

for 100%.

6.2.4. HONNA ARCHITECTURE

The accelerator architecture, as shown in Figure 51, is composed of an array of MV Us, with
input data routed through an electronic control unit. The MVU array is reused for CONV and FC
layer activation. The vectors and matrices are mapped across the MVU array and the resulting
partial sum vectors are summed digitally to obtain the sum vectors. For FC layers, each MVU
considers an activation vector of size v and a vxv weight matrix simultaneously. Larger vectors
and matrices are split up across different FC-MVUs for obtaining the vector to be passed to the
next FC layer. The weight parameters have to be fed across ceil(p/b) time steps and a single
activation vector slice has to operate on all the weight slices. This process has to be repeated
ceil(p/b) times to obtain the final output vector. Thus an output vector of v size is generated every
(ceil(p/b))? time steps. For CONV layer acceleration, the kernel, unfurled to a vector of size k, and
its different bit-slices can be presented simultaneously to a k-element, activation vector slice. The
activation vector slices, in turn, have to be presented to the kernel across ceil(p/b) time steps to

obtain a single output vector element. The value of k is decided by the kernel sizes present in the
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models and may be further decomposed across MVUs as dictated by laser power consumption
constraints. As the value of k increases, the MR count, the waveguide length, and hence the laser

power needed increases, which can be modelled using equation (37).

Plaser - Sdetector = Pphotoloss + 10 x IoglO Nl (37)

where, Pjser is laser power in dBm, Saerecror 1S the PD sensitivity in dBm, N; is the number of laser
sources, and Pprornioss 1S the total photonic loss encountered by the signal. We considered photonic
signal losses due to various factors: waveguide propagation loss (1 dB/cm), splitter loss (0.05 dB
[173]), MR through loss (0.02 dB [124]), MR modulation loss (0.72 dB [125]), EO tuning loss (6
dB/cm [40]), and TO tuning loss (27.5 mW/FSR [39]). The value of v is more open-ended and
needs to be optimized depending on the throughput analysis for FC layers across models. The
DAC resolution, and corresponding power and latency, will be dependent on the b value being
used. The best b value across models will also have to be optimized for throughput and energy
efficiency (see Section 6.3). For CONV layer operations, we consider K Conv-MVUs and for FC

layer operation, V FC-MVUs are considered.

Table 16 Parameters considered for architecture analysis

Devices Latency Power
EO tuning [40] 20 ns 4 uW/inm
TO tuning [39] 4 us 27.5 mW/FSR
VCSEL [167] 0.07 ns 1.3 mW
Photodetector [130] 5.8 ps 2.8 mW
SOA [174] 0.3 ns 2.2 mW
DAC (16-bit) [149] 0.33 ns 40 mW
ADC (16-bit) [148] 14 ns 62 mW
DAC (8-bit) [168] 0.29 ns 3 mW
ADC (8-bit) [175] 0.82 ns 3.1 mW

167



6.3. EXPERIMENTS AND RESULTS

To evaluate the effectiveness of HONNA we conducted several simulation-based analyses. For
the CNN models, we consider the well-known models AlexNet [176] and ResNet20 [177] for
CIFAR 10 dataset classification, along with a custom model for SVHN dataset classification. For
power, energy and latency simulations, we designed a simulator for this architecture, using Python.
For analyzing the model accuracy, we used Tensorflow v2.8 along with QKeras [121]. We
compare the performance of our architecture in terms of energy-efficiency (energy-per bit, or
EPB), throughput (giga-operations per second or GOPS), and throughput-energy efficiency
(GOPS/EPB) against CrossLight [43], HolyLight [111], LightBulb [138], and ROBIN [44]. For
obtaining optimal heterogeneous quantization for these models, we explored different algorithms
as discussed in Subsection 6.2.2. The best configuration found using [169] was used for AlexNet,
and ResNet20. For the SVHN CNN model, an exhaustive quantization search using AutoQKeras
was performed. The resulting best heterogeneously quantized models and their parameters are
presented in Table 15. This quantization exploration among the models is essentially a search for
optimal p value in terms of accuracy and memory footprint. We also perform the various
quantization techniques adapted in the works we compare HONNA against. All these models are
presented together in Table 15 to contrast the accuracy and memory footprint benefits

heterogeneous quantization can provide.
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CONV-MVU unit count: 200

CONV-MVU max vector size: 50

FC-MVU unit count: 100

FC-MVU max vector size: 20
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Figure 52. Architecture exploration for different b values, with the optimal architecture in terms
of best GOPS/EPB identified.

The power and latency parameters used to model the architectures are shown in table 16. DACs
with lower resolutions (1-bit, 2-bit, 4-bit) are not widely researched, possibly due to niche
application spaces. For them, we have assumed the same latency as the design from [175]. We

have also scaled DAC power for these lower resolution devices, with respect to resolution (N)

using the following proportionality:

2N
PDACOC<W+ 1> (38)

In our first experiment, we optimize the HONNA architecture, in terms of (v, k, b, V, K), where:
v is the maximum vector granularity per FC-MVU; k is the maximum vector granularity per
CONV-MVU; b is he bit-slice length and hence the DAC resolution; V is the total number of FC-

MVUs; K is the total number of CONV-MVUs. We performed an exploration, for obtaining
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optimal v, k, b, V, and K values, by performing and exhaustive sweep across possible values for

these parameters, the results of which are shown in Figure 52.
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Figure 53. GOPS across models compared across architectures.

The best configuration was found in terms of throughput energy efficiency in terms of
GOPS/EPB. The best (v, k, b, V, K) was found to be (50, 20, 4, 200, 100) for the models being
considered. This configuration of HONNA exhibits low maximum power consumption (57.5 W)
due to the lower tuning power consumption (Subsection 6.2.2) and the lower DAC power
consumption. However, as the GOPS results in Figure 53 shows, the TDM based approach causes
a reduction in throughput as expected when compared to CrossLight and ROBIN. HONNA has
2.33x and 2.25x lower GOPS than CrossLIght and ROBIN respectively. Due to the hybrid tuning
approach with faster EO tuning being utilized for the MVU operations; HONNA exhibits 2.2x and

1.3x higher GOPS than HolyLight and LightBulb, respectively.

Figure 54 shows the EPB comparison cross all architectures. The lower power consumption of
HQNNA along with lower latencies of the lower resolution DACs being used enables this

architecture to obtain lower EPB values as well. On average, HONNA achieves 73.8x, 52.2x,
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12.2x , and 3.59x lower EPBs than HolyLight, LightBulb, CrossLight, and ROBIN respectively as

shown in Figure 54.
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Figure 54. EPB across models, compared between this architecture and the considered optical
architectures
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Figure 55. GOPS/EPB across models compared across architectures.

Finally, we compare our architecture against the other photonic accelerators in terms of
GOPS/EPB. Despite having lower throughput than CrossLight and ROBIN, due to the significantly

lower EPB, HONNA exhibits significantly higher GOPS/EPB. Our architecture achieves 159.5x,
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103.1x, 28.6x , and 3.37x better GOPS/EPB than HolyLight, LightBulb, CrossLight, and ROBIN

respectively (Figure 55).

6.4. CONCLUSION

In this chapter, we presented a novel non-coherent photonic CNN accelerator, HONNA, which
uses WDM and TDM simultaneously to efficiently accelerate heterogeneously quantized CNN
models. Through identifying optimal quantization profiles for the CNNs and corresponding
optimizations for hardware, HONNA was able to achieve better performance in terms of energy-
and throughput- efficiency: up to 73.8x better energy per bit and 159.5x better throughput-energy
efficiency than conventional photonic CNN accelerators. Thus HONNA represents a promising

new substrate for energy-efficient acceleration of quantized CNN models.
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CHAPTER 7: RECURRENT NEURAL NETWORK ACCELERATION USING NON-

COHERENT PHOTONICS

Recurrent Neural Networks (RNNs) are a class of Artificial Neural Networks (ANNs) where
connections among neurons form a directed graph along a temporal sequence. Such models have
internal memory and feedback connections that make them well suited for learning trends and
patterns inherent in sequences where the data elements are correlated. As a result, RNNs have been
found to perform well for sequence learning tasks, such as speech recognition, human activity
recognition, etc. [178]. While recent developments with Transformer models for sequential
learning are promising, such models have large parameter counts that are not suited for resource-

limited platforms [178].

When learning large sequences of data, simple RNNs [179] face the problem of vanishing
gradients, which limits their usability. To alleviate the vanishing-gradients issue, more advanced
RNN models have been developed based on Gated Recurrent Units (GRUs) [180] and Long Short-
Term Memory (LSTM) [181]. These models are often employed in real-time scenarios, such as in
IoT devices with virtual voice assistants and natural language processing abilities. Therefore, there
is a critical need for efficiently accelerating such models for edge/loT environments. However,
inference acceleration in RNNs is a challenging task because of the recursive nature of these
models and the compute-intensive operations required for large-dimensional sequence data.
Moreover, RNNs are very reliant on the activation functions they employ, particularly the sigmoid
and fanh functions. Thus, accelerating RNNs requires unique strategies that differ from those for

accelerating other ANN models, such as MLPs and CNNss.
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In recent years, several accelerators for RNNs have been proposed [182], [183], [184], [185],
[7], [186]. Most of these efforts aim at accelerating a single RNN variant: LSTMs. However, other
RNN models with simple RNNs and GRUs can be useful in resource-constrained scenarios. In
particular, GRUs can offer comparable performance as LSTMs while offering faster execution and
using less memory. In this chapter, we present the design of a novel RNN accelerator called
RecLight which can accelerate ANNs that consist of any combination of simple RNNs, GRUs,
and LSTMs. Unlike any prior RNN accelerator, we leverage noncoherent integrated silicon
photonics. Silicon photonics is already a proven solution for high-throughput communication in
the telecom, datacom, and rack-level computing domains, but in recent years it has also shown
immense promise to accelerate computations [186]. The use of CMOS-compatible silicon photonic
devices and circuits can overcome the energy and performance bottlenecks in conventional

electronic accelerators. The novel contributions of this work are as follow:

e The design of a novel noncoherent silicon photonic accelerator targeting accelerating
RNN variants;

e A detailed analysis of achievable resolution for RNNs with silicon-photonic microring
resonator devices;

¢ A novel photonic multiply-and-accumulate (MAC) unit design that minimizes power
dissipation and energy consumption while maximizing the overall throughput;

e A comprehensive comparison with state-of-the-art electronic RNN accelerators, for

sequence learning.

The rest of the chapter is organized as follows. Section 7.1 presents a background on RNNs

and their acceleration with photonic devices. Section 7.2 gives an overview of the RecLight
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architecture. Section 7.3 discusses experimental setup and results, followed by the conclusions in

Section 7.4.

7.1. BACKGROUND AND RELATED WORK

7.1.1. RNN ACCELERATION

RNN is a term used to denote any ANN model with feedback connections to the neurons in a
layer. Such models are used for learning temporal dependencies between elements in a sequence,
such as time series data. Due to the simplistic nature of the fundamental block in a simple RNN
model, it is prone to exploding/vanishing gradients during training, which prevents the model from
learning long-term dependencies in the input data [7]. To learn longer term dependencies, more
complex RNN cells such as GRUs and LSTMs can be useful. Compared to simple RNNs, the gates
and states used in GRUs and LSTMs make them effective for learning long-term dependencies.
The individual cells are typically chained together within a layer, and multiple layers are often

stacked together to realize powerful deep RNN models for sequence learning problems.

RNN accelerator-design efforts have mostly focused on LSTM acceleration, possibly owing
to the increased popularity of the LSTM models over the other two RNN model variants. The work
in [182] presented an FPGA implementation for LSTM acceleration using a software-hardware
co-optimization approach. In [183], a similar FPGA implementation approach is used with a
compression technique to accelerate LSTM inference. This approach employs block-circulant,
instead of sparse matrices, to compress weight matrices. ASIC implementations of LSTM
accelerators are proposed in [184] and [185]. In [184], approximate multiplication was employed
along with synchronization of the proposed elastic pipeline to maximize the accelerator

throughput. The architecture in [185] utilized systolic arrays for acceleration and to reduce
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memory transfer overhead. Some recent FPGA-based implementations of GRU accelerators have

been presented in [7] and [186]. Unlike these efforts, RecLight supports accelerating all three

major RNN variants.
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Figure 56. An MR with tuning circuit (top left) used for tuning wavelengths to reflect parameter
values. Such MRs can be placed together to form an MR bank (top right). MRs of the same
wavelength can be used to perform multiplication operations (bottom left). The transmission
spectrum of an MR bank is shown on bottom right, depicting free-spectral range (FSR), channel
spacing (CS), and inter-channel crosstalk (regions shaded black).

7.1.2 SILICON PHOTONICS FOR ANN ACCELERATION

Silicon photonics has already been established in literature as energy-efficient, high throughput
solution for on-chip communication [42], [99]. Silicon-photonic ANN accelerators have received
significant interest in recent years [37]. Optical ANN accelerators can be broadly classified into

two types: coherent and noncoherent architectures. Coherent architectures use a single wavelength

to operate and imprint weight/activation parameters onto the electrical field amplitude, phase, or
polarization of an optical signal [113]. Here, the term coherent refers to the physical property of
the wave with which it can interfere constructively or destructively on the same wavelength.

Noncoherent architectures, such as [43], [44], [45], use multiple wavelengths, where each
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wavelength can be used to perform computations in parallel. In these architectures, parameters are
imprinted onto the signal amplitude and wavelength-selective devices, such as microring
resonators (MRs; see Figure 56, top left), are used to manipulate individual wavelengths. Existing
noncoherent photonic ANN accelerators primarily focus on accelerating CNNs and MLPs (see
survey in [37]). To the best of our knowledge, RecLight is the first RNN accelerator that leverages

noncoherent silicon photonics.

7.1.3. COMPUTATIONS WITH NONCOHERENT PHOTONIC DEVICES

Microring Resonators (MRs) are used as the primary optoelectronic device for computation in
noncoherent architectures. As RecLight utilizes these devices, we provide a brief background on
their operation. An MR 1is designed to be sensitive to a particular wavelength, called its resonant

wavelength (Aur), which depends on multiple factors based on:

Amr = 2LRneff, (39)
m

where R is the radius of the MR, m is the order of the resonance, and n.z is the effective refractive
index of the device. An MR can modulate (transmit) electronic data over an optical signal Ayr with
the help of a tuning circuit that can alter n.sin a carefully controlled manner. The MR tuning
mechanism can induce an appropriate resonant shift (44mr), to change the output wavelength
amplitude (Figure 56, top left) and realize a scalar multiplication operation. Such tuning is also
used to imprint the desired parameters on an optical signal by adjusting an MR’s tuning signal
(corresponding to the parameter value), and hence varying the signal magnitude through the loss
a wavelength experiences as it passes the MR. The tuning mechanism in MRs can be implemented

via either microheaters (thermo-optic (TO) tuning [39]) or carrier injection (electro-optic (EO)
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tuning [40]), thereby inducing a change in n.g which impacts Aur, and introduces the appropriate

AAur.

he behavior of a large number of neurons can be emulated in noncoherent architectures by
using wavelength-division multiplexing (WDM). To process multiple wavelengths
simultaneously, several MRs can be placed together on the same waveguide to form an MR bank
(Figure 56; top right). The number of wavelengths that can be accommodated with WDM depends
on the free-spectral range (FSR) of the MRs. FSR is the spectral distance between two consecutive
resonant peaks/modes of the same MR. To accommodate a large number of wavelengths, a large
FSR is required. Moreover, to ensure reliable operation, channel spacing (CS), which is the spectral
distance between two adjacent (different) MR resonances, must be sufficiently large (see Figure
56; bottom right). Low CS can cause power from adjoining resonances to leak into each other
causing inter-channel or heterodyne crosstalk [53] (indicated by the regions shaded black in Figure
56, bottom right). The next section describes the RecLight architecture that addresses these

challenges for reliable and high-performance photonic RNN acceleration.

7.2. RECLIGHT ARCHITECTURE

RecLight is a noncoherent photonic architecture that can accelerate inference with simple
RNN, GRU, and LSTM based models. An overview of the RecLight architecture is shown in
Figure 57 In the following subsections, we describe the RecLight architecture and the hardware

optimizations we have considered to efficiently accelerate RNNs with RecLight.
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Figure 57. An overview of the proposed RecLight architecture.
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7.2.1. MR TUNING CIRCUIT DESIGN

RecLight makes use of a hybrid tuning circuit where both TO and EO tuning are used to
induce 44ur. EO tuning is faster (=ns range) and consumes lower power (=4 uW/nm), but with a
smaller tuning range [40]. In contrast, TO tuning has a larger tunability range, but consumes higher
power (=27 mW/FSR) and has higher (=us range) latency [39]. The hybrid tuning approach
considers the advantages that each tuning mechanism offers while covering for its disadvantages.
The feasibility of such a hybrid tuning approach has previously been shown in [117] for silicon
photonic devices with low insertion loss. We use this approach for hybrid tuning of MR banks in
our architecture. The approach supports efficient operation of MRs with fast EO tuning to quickly
induce small 44ur and using the slower TO tuning infrequently for large A4ug. To further reduce
the power overhead of TO tuning in the hybrid approach, we adapt a method called thermal

Eigenmode decomposition (TED), which was first proposed in [54]. Using TED, we can
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collectively tune all the MRs in an MR bank with lower power consumption. TED also comes with
the advantage of alleviating thermal crosstalk noise generated by heat dissipated from adjoining

TO circuitries which use microheaters to induce thermal tuning.
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Figure 58. MR design exploration with the selected MR design (R=5 um) highlighted by the green
circle.

7.2.2. MR DEVICE DESIGN AND RESOLUTION ANALYSIS

By using TED and alleviating thermal crosstalk, which was pointed out to be the main
constraint in parameter resolution achievable in noncoherent photonic computation in [187], we
can achieve better resolution in RecLight. In addition, we consider the inter-channel crosstalk in

an MR bank, using the analytical models from [187] (see Figure 56 bottom right).

As MR count increases, the resulting inter-channel crosstalk prevents good resolution from
being achieved, at lower Q-factor values. At sufficiently high Q-factor values (9000 to 10000),
even large MR banks can achieve 32-bit resolution, due to the sharper resonance (i.e., higher Q-
factor) reducing crosstalk. But high-resolution support comes with the overhead of high-resolution

digital-to-analog converters (DACs) and analog-to-digital converters (ADCs), which are power
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hungry devices. Hence, we consider 16-bit resolution for our parameters, as 16-bit quantized
models can achieve comparable performance to full-precision models [188]. Also, the large
channel spacing and MR count in banks comes with the need for large F'SR values, which are
difficult to achieve. A larger FSR requires smaller radii which introduce higher optical losses in
MRs. From our analysis, we found that with CS = 2.5 nm and Q-factor = 5000 in MRs, our MR
banks can achieve a resolution of 16 bits with up to 15 MRs per bank. Using the models in [116],

MR radius (R) can be described as:

R Q/1MRK2
- 2n2ng\/1 — K%’

(40)

where « is the coupling coefficient and ng is the group index of the MR. We set Q at 5000, for our
exploration presented in Figure 58. For Ayr = 1550 nm, waveguide thickness of 220 nm, input
waveguide width of 400 nm, and a gap of 100 nm, we performed an exploration for R and MR
waveguide width (wmgr) while satisfying the Q-factor requirement of 5000. To obtain the
corresponding x and ng values, we performed detailed device-level simulations with the ANSYS

Lumerical tool [141].

The results from this experiment are presented in Figure 58. To avoid strong higher-order mode
excitation when increasing wur, we selected wyr and R to be 700 nm and 5 gm (green circle in
Figure 58), respectively. Note that a smaller R will impose higher optical losses. The resulting FSR
is 19.3 nm, which is sufficient for achieving our 16-bit parameter resolution goal in RecLight. The
parameters obtained from this analysis are used to guide our architectural analysis, presented in

Section 7.3.
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7.2.3. VDU AND MAC UNIT DESIGN

Effective ANN inference acceleration requires accelerating the most time-consuming
operations during inference, which happen to be matrix-multiplication operations. This also holds
true for RNNs, as most operations in RNN cells involve multiplication between matrices (of
weights, inputs, etc.). These operations can be decomposed into vector-dot-product operations, as
discussed for CNNs in [187]. The Vector-Dot-product Units (VDUs) in RecLight, as shown in
Figure 59(a), are photonic computation units designed to perform vector-dot-product operations.
RNN weights and activations are routed to individual MR tuning circuits using 16-bit DACs (to
support 16-bit parameter resolution). To reduce the power consumption in the DACs, which can
be substantial, we use a local parameter storage mechanism within the VDU that relies on
memristors. A memristor cell is integrated into the EO tuning mechanism of an MR (see Figure
59(a)). The conductance of the memristor alters the biasing voltage being applied across the EO
tuning junction in the MR. This conductance can in turn be tuned with an appropriate signal from
the DAC. As the memristor can hold this conductance value once the voltage across it is removed,
we can use the same DAC array to tune multiple MR banks. For this, we consider splitting the MR
banks in a VDU across multiple waveguides (Nwc). If the VDU handles a vector granularity of v,
this split allows us to use only 2v/Nws DACs instead of the initial 2v DACs required. While this
approach does incur some penalty in the form of slightly increased latency, the power benefits it
brings far outweighs this penalty. The stored conductance in a memristor cell allows EO tuning to
leverage the stored parameter to set the junction voltage across the tuning junction in the MR.
Banks of such MRs within the VDUs perform the dot-product operations within the RNN cells
mapped to them. These banks can also be tasked with accelerating fully connected (FC) layers

which usually come after the RNN layers in deep RNN models used in many sequence-learning
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applications. To support both positive and negative values of parameters involved, we use separate
positive and negative parameter arms in a VDU, for the same waveguide. The sum obtained from
the negative arm is subtracted from the sum from the positive arm using a balanced photodetector

(PD) arrangement, shown as BPD in Figure 59(a).

Multiple VDUs are combined to form a photonic Multiply and Accumulate (MAC) unit as
shown in Figure 59(b). The VDUs in a MAC unit share the laser source and the DAC array
between them. The laser sources we use in RecLight are vertical cavity surface-emission laser
(VCSEL) [167] arrays. The shared VCSEL array allows for reusing the same wavelengths across
multiple (N) VDUs, thereby reducing the VCSEL requirement and laser power consumption. This
VCSEL-reuse also allows our architecture to attain the large channel spacing requirement (see
Section 7.2.2) to attain 16-bit resolution. Splitting the MR banks across Nwg waveguides also helps
further reduce the laser power consumption and possible inter-channel crosstalk. This split does
incur a splitter loss (considered in our analysis), but the advantages it brings in terms of power

consumption and robustness in operation are considerable.

To combine the partial sums generated by the MAC units, we employ coherent photonic
summation. For this, we use an electrical signal from the VDU array to drive a VCSEL. Across
MAC units, these driven VCSELs all generate the same wavelength Ao that, when introduced into
the same waveguide, undergoes interference to generate the sum from a MAC unit array. To ensure
coherent summation, we use a laser phase locking mechanism [189]. It ensures that VCSELs’
output signals are in phase and hence constructive interference can occur. The output from the
MAC unit array is added to the corresponding bias value optically, depending on which gate
matrices were deployed. The bias value is fed directly to a 4o VCSEL, through a 16-bit DAC, for
driving it, and photonic coherent summation is performed to obtain the summed output.

183



r-----

—
I n-bit input
I from buffer
EO tumng Waveguide Ny (+ve) I

junctlon ‘s

Memristor , :
cell O :

1)
MR l o
L 8 8 B B B B B B 1
(2)
MAC unit 1 MAC unit M

Weight storage Weight storage
LA DAC LA R}
Array

Activation storage

()
m
=
8
n
c
2
®
2
t
<

VCSEL Array

Array Array

3 llllllIlll*

SN NN NN NI N NN NN NEEE RN

Global VCSEL phase =
lock signal = Photonic summation through coherent interference

(b)

Figure 59. (a) VDU showing an MR bank with memristor cells for local parameter storage (BPD:
Balanced photodetector). Inset: EO tuning control for memristor cell in VDU. (b) A MAC array
comprised of M MAC units, each with N VDUs. Each MAC unit has a vertical cavity surface-
emission laser array (VCSEL array) driven using the output from the VDU array.

7.2.4. IMPLEMENTATION OF THE NON-LINEAR UNIT

RNN cells require specific non-linear activation functions (sigmoid and tanh). While most

photonic ANN accelerators assume that activation functions are implemented electronically [186],
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this can lead to high overhead due to frequent opto-electronic conversions that would be needed
for each RNN cell. To reduce such overhead, we consider an optoelectronic implementation of the

activation functions.
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Figure 60. Sigmoid (o) [190] and tanh implementation for RecLight.

The work in [190] implemented non-linear functions such as sigmoid (o) using silicon photonic
components (see Figure 60). In [190], a photonic control unit is used to drive i+ and i— signals that
are fed to the EO tuning circuitry of the MR. I, and I, are applied to, respectively, the EO tuning
and TO tuning in the MR. But in our architecture, the required saw-tooth waveform signals can be
generated by a more efficient electronic circuit as we only need to generate ¢. Note that tanh can

be also implemented based on ¢ (for input signal x) as:
tanh(x) = 20(2x) — 1. (3)

To implement these activation functions, we use two Semiconductor-Optical Amplifiers
(SOAs) [191], each providing a 100% gain to the input signal (Figure 60). The stored result is fed
to a power gated electronic subtractor circuit to obtain the tanh value. The circuit in Figure 60 can
be reconfigured to implement both ¢ and fanh, as enabling SOAs and the subtractor circuit will

generate the fanh function and o otherwise.
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7.2.5. RECLIGHT ARCHITECTURE

As shown in Figure 57, the architecture of RecLight is designed to accelerate all the three RNN
variants, including simple RNNs, GRUs, and LSTMs. Each VDU (see Figure 59(a)) in the
architecture is assigned vectors with vector granularity of v to operate on. N VDUs along with their
respective shared VCSEL array and BPDs, and 1o VCSELSs (for summation) form a single MAC
unit (see Figure 59(b)). Each MAC unit has its own local weight and activation parameter storage
and associated DAC array. Each DAC array holds v 16-bit DACs to feed the parameters to one
VDU at a time. M MAC units form a MAC array. Each MAC array is tasked with an RNN cell
gate-level matrix multiplication. Each type of RNN is composed of temporal iterations of
fundamental cells, each of which has gates associated with it. To accelerate an RNN, this
fundamental cell operation and the associated gate operation must be accelerated. Our MAC units
are designed to take into account the sequential nature in which the gate level RNN operations are

performed.

Specifically, each gate operation requires an input state MAC operation and a hidden state
MAC operation. Our architecture has MAC arrays specifically assigned for input and hidden state
MAC-operation acceleration. In an RNN cell, two weight matrices, i.e., the hidden state vector
and the input vector, along with the corresponding gate’s bias vector are involved in a gate-level
operation. To reflect this, two MAC arrays, each handling one of the two matrices, are designed
with M MAC units each. The outputs from the two MAC arrays are photonically summed, to which
the bias parameter can be added photonically without any electrical-to-optical conversion. The
coherent photonic summation also allows us to subject the overall sum to the photonic non-
linearity implementation. The non-linearity being used depends on the gate being operated on
(Section 7.2.4). The result is collected in a storage unit where minor post-processing is performed
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if needed. In this manner, layers of RNNs can be processed in RecLight. Moreover, fully connected
(FC) layers (found in some deep RNN models) can also be accelerated by decomposing and

mapping them to the VDU in the architecture.

7.3. EXPERIMENTS AND RESULTS

To evaluate the effectiveness of RecLight, we performed several simulation-based analyses.
We consider three datasets to build RNN models: a time series analysis based on the weather
dataset from [192], the IMDB sentiment analysis dataset, and the Penn Treebank (PTB) dataset for
language modeling. We designed an RNN, GRU, and LSTM based ANN model each for these

datasets, details of which are provided in Table 17.

We designed a RecLight simulator in Python to estimate performance and energy costs, by
modeling the microarchitecture of the MAC units as described in Section 7.2.3. The simulator
performs layer-wise decomposition of RNN parameters into vectors, mapping them onto the
modeled MAC units, and analyzes latency and energy consumption for the mapped operations.
We parameterized the energy and latency requirements of the devices, as per the parameters

presented in Table 18, which are based on fabricated silicon photonic devices.

We used Tensorflow 2.3 with Qkeras [121] for analyzing model accuracy across different
parameter resolutions. From our analysis, the 16-bit quantized RNN models, as they are deployed
in our architecture, perform with comparable accuracies to models with full precision (32-bit)
parameters, as can be seen from Table 17. Table 18 shows the optoelectronic parameters

considered for the simulation-based analysis with RecLight.
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Table 17 RNN models considered for analysis.

Weather data time series prediction

Model Total parameters MAE (32-bit) MAE (RecLight)
RNN 152,976 0.4820 0.489
GRU 170,880 0.5782 0.5844

LSTM 217,696 0.5621 0.5650

IMDB sentiment analysis

Model Total parameters Accuracy (32-bit) Accuracy (RecLight)
RNN 2,216,137 73.8% 72.75%
GRU 2,691,713 75.3% 74.7%
LSTM 3,156,236 77.3% 76.8%

PTB dataset for language modelling

Model Total parameters Perplexity (32-bit) Perplexity (RecLight)
RNN 11,015,000 131.45 131.63
GRU 13,952,000 97.7 98.5
LSTM 14,615,000 66.02 65.78

Table 18 Parameters considered for analysis of RecLight.
Devices Latency Power
EO Tuning [40] 20 ns 4 uW/ nm
TO Tuning [39] 4 us 27.5 mW/FSR
VCSEL [167] 0.07 ns 1.3 mW
Photodetector [130] 5.8 ps 2.8 mW
DAC (16 bit) [193] 0.33 ns 40 mW
ADC (16 bit) [148] 14 ns 62 mW
Memristor cell [163] 0.1 ns 0.07 uW
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As discussed in Section 7.2.5, RecLight design involves parameters v (vector granularity), N
(number of VDUs per MAC unit), M (number of MAC units), and Nwe (number of waveguides in
a VDU). We performed an analysis to determine the best [v, N, M, Nwc] configuration possible for
RecLight in terms of throughput (giga-operations-per-second (GOPS)) and energy-efficiency
(energy-per-bit (EPB)). The result of this exploration is presented in a scatterplot in Figure 61.
From this exploration, we can identify the RecLight architecture configuration with the best
EPB/GOPS ratio, across all the models considered, with the configuration [15, 15, 40, 10] shown

by the pink star in Figure 61. This RecLight configuration is used for further analyses.
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Figure 61. Architectural exploration analysis for RecLight, with the aim to find the optimal [v, N,
M, Nwg] configuration with the best energy-efficiency and throughput. The best configuration,
which is [15, 15, 40, 10], has the lowest EPB/GOPS value and is indicated using a pink star.

7.3.1. COMPARISON TO STATE-OF-THE-ART RNN ACCELERATORS

To analyze how RecLight compares to other accelerators when executing RNN models, we
compare it against state-of-the-art electronic RNN accelerators: BBSL [182], C-LSTM [183],
ELSA [184], and Chipmunk [185], which are LSTM accelerators, and with DeltaRNN [7] and
EdgeDRNN [186], which are GRU accelerators. We do not show comparison results with other
photonic accelerators as there is no prior work on noncoherent photonic RNN accelerators. We
used energy and performance information as reported in the selected accelerators in our analysis
to estimate the EPB and GOPS metrics for each accelerator, when executing the models described

in Table 17.
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Figure 62. EPB comparison between LSTM acceleration. TS = time series, SA=Sentiment
analysis, and LM= language modeling.

Figure 62 illustrates an energy-per-bit (EPB) comparison between the RecLight and the LSTM
accelerators considered. We have not considered simple RNN and GRU model acceleration on the
four accelerators from prior work as they are not designed to support these models. From the
results, RecLight shows much lower EPB for LSTM acceleration. This is in part because of the
low power consumption our accelerator achieves due to our device, circuit, and architecture level
optimizations discussed in Section 7.2, and due to the low latency operation of the photonic
substrate. RecLight does show higher EPB for the time series (TS) LSTM model as the model is
simpler (see Table 17) and does not allow amortizing the static power overhead in our architecture.
On average, RecLight obtains 956x, 37x, 167x, and 45x lower EPB than BBSL, C-LSTM, ELSA,

and Chipmunk accelerators, respectively.

Figure 63 shows an EPB comparison between the GRU accelerators DeltaRNN [7] and
EdgeDRNN [186], and RecLight running GRU models for inference (see Table 17). An EPB trend
similar to what is shown in Figure 62 can be observed here again for RecLight, for the same reasons
discussed earlier. From our analysis, RecLight obtains 1730x and 570x better EPB than DeltaRNN

and EdgeDRNN accelerators, respectively.
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Figure 63. EPB comparison between GRU acceleration. TS = time series, SA =Sentiment analysis,
and LM= language modeling.
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Figure 64. Throughput comparison among accelerators.

Finally, Figure 64 shows the GOPS comparison across all the accelerators. RecLight achieves
51.9%,494.25x%, 33.3%, 1.1x, 370.4x%, and 2631.6x better throughput (y-axis is in log scale) in terms
of GOPS compared to the DeltaRNN, EdgeDRNN, BBSL, C-LSTM, ELSA, and Chipmunk,
respectively. The higher GOPS with RecLight can be attributed to its high-speed photonic

computation with very few intermediate optical-to-electrical conversions.

7.4. CONCLUSIONS

In this chapter, we presented the first noncoherent photonic accelerator for RNN models, called
RecLight. Our accelerator exhibits energy-per-bit improvements that range from 37x to 1730x

when compared with six state-of-the-art electronic RNN accelerators. RecLight also demonstrates
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up to 2631.6x better throughput than these electronic RNN accelerators. These results demonstrate
the promising low-energy and high-throughput inference acceleration capabilities of our RecLight
architecture. While in this work we focused entirely on the optoelectronic hardware design of our
accelerator, with better software techniques for compressing RNN models, even better throughput
and energy-efficiency improvements might be achievable with silicon-photonic-based

accelerators.
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CHAPTER 8: GRAPH NEURAL NETWORK ACCELERATION USING

NON-COHERENT PHOTONICS

Deep learning has become a vital pillar in our lives due to its ability to solve many complex
problems efficiently across diverse fields, including autonomous transportation, healthcare,
industrial automation, and network security. This success of deep learning owes tremendously to
the evolution of neural networks variants that are tailored for specific learning tasks. For example,
Convolution Neural Networks (CNNs) [120] and Recurrent Neural Networks (RNNs) [179] have
proven their efficiency in pattern recognition for images and sequence data, by extracting
knowledge from the spatial and temporal dimensions of data. While these examples are prominent
solutions for many tasks, they are limited in scope to non-arbitrary structured and Euclidean data.
Arbitrary structured data, including graphs, require different techniques for efficient processing.
Graph data processing is critical for many problems, e.g., social network analysis, recommender

systems, and drug discovery [194].

Graph Neural Networks (GNNs) have emerged in recent years and established their
proficiency in dealing with graph-structured data. These models can extract information from the
graph structure and discover patterns in the data that may be difficult to identify with other deep
learning methods [195]. Accordingly, many applications now benefit greatly from GNNs, and
hence a lot of recent efforts have focused on enhancing GNN algorithms and improving their
efficiency in handling large and various graphs. The continuing progress of GNN algorithms and
models necessitates hardware platforms capable of providing GNN-specific support with high
performance, while abiding by strict power constraints. Although hardware acceleration for neural
networks such as CNNs and RNNs have been extensively studied, the processing of GNNs

presents unique challenges due to their combination of dense and vastly sparse operations,
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diversity of input graphs, and the various types of GNN algorithms and models [196]. Thus,
hardware accelerators tailored to accelerate the processing of conventional neural networks cannot

be directly and efficiently applied to GNNSs.

Moreover, relying on traditional electronic accelerators creates limitations as these platforms
face challenges in the post-Moore era due to high costs and diminishing performance
improvements with semiconductor-technology scaling. Moving data through metallic wires is a
well-known bottleneck in these accelerators, as it restricts the achievable performance in terms of
bandwidth, latency, and energy efficiency [197]. Silicon photonics technology provides a
promising solution to this data-movement bottleneck, offering ultra-high bandwidth, low-latency,
and energy-efficient communication [32]. Optical interconnects, which are now being considered
for chip-scale integration, have already replaced metallic ones for light-speed data transmission at
almost every level of computing. It is also possible to use optical components for computations,
such as matrix-vector multiplication [43]. The emergence of chip-scale optical communication and
computation has thus made it possible to design photonic integrated circuits that offer low-latency
and energy-efficient optical-domain data transport and computation. Furthermore, prior work,
from both academia and industry, has demonstrated the significant benefits resulting from using

silicon photonics for the acceleration of neural networks, as in [43], [110], [47], [49], [45], [44].

In this chapter, we introduce GHOST, the first silicon-photonic-based GNN accelerator that
can accelerate inference of diverse GNN models and graphs. The key contributions in this chapter

arc:

e The design of a novel GNN accelerator hardware architecture using silicon photonics with

the ability to accelerate multiple existing variants of GNN models;
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e Detailed photonic device and circuit-level optimizations to mitigate crosstalk noise so that

error-free GNN operations can be ensured in the accelerator;

e A detailed architectural optimization for the efficient handling and acceleration of diverse

graph structures and GNN model architectures on the proposed hardware accelerator; and

e A comprehensive comparison with GPU, TPU, CPU, and state-of-the-art GNN

accelerators.

The rest of the chapter is organized as follows. Section 8.1 provides a background on GNNs
(different models, their acceleration challenges, and previous efforts on GNN acceleration) and on
silicon photonics and performing optical computations. Section 8.2 describes the GHOST
architecture and our optimization efforts at the device, circuit and architecture layers. Details of
the experiments conducted, simulation setup, and results are presented in Section 8.3. Lastly,

Section 8.4 presents concluding remarks.

8.1 BACKGROUND

8.1.1 GRAPH NEURAL NETWORKS

Prior to the emergence of GNNs, graph processing was mostly limited to traditional machine
learning and graph algorithms. However, these methods had limitations in capturing the non-linear
and complex relationships between vertices in a graph [195]. With the advent of GNNs, graph
processing has been revolutionized, and there has been a significant improvement in graph-based
machine learning tasks, such as node classification, link prediction, and graph classification. GNNs
are a type of deep learning algorithm that can learn complex graph structures and relationships,
and have now broadened the scope of Artificial Neural Networks (ANNs) to encompass non-

Euclidean and irregular data found in graphs [196].
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GNNs exploit the connections within a graph to understand and represent the relationships

between vertices. They utilize an iterative approach that relies on a graph's structure and take in

edge, vertex, and graph feature vectors that represent the known attributes of these elements. The

general operations of a GNN can be broadly summarized in three main steps:

1)

2)

3)

Pre-processing: an optional initial step that is typically performed offline for purposes such
as sampling the graph, rearranging the graph to simplify the algorithm's processing and

complexity, or encoding the feature vectors.

Iterative updates: the step where the main GNN computations occur through two main
phases: aggregation and combination. The aggregation phase accumulates all the edges in
a graph, and then for each vertex, it reduces all its neighbors and its own feature vectors
into a single set. This feature set is combined and through performing linear
transformations and non-linear activation functions, a new updated feature vector for each
vertex is obtained. GNNs can be composed of several layers and the iterative process in a
single layer updates every edge and vertex with information received from immediate
neighbor vertices. This means that the relationships with nodes and edges that are

progressively farther away can be gradually considered as more layers are processed.

Readout: the final step employed when a graph possesses a global feature vector, and it is
updated once after the edge and node updates have been executed, usually in graph

classification tasks.

Figure 65 illustrates an example of processing the first layer in a GNN. As shown, the

aggregation phase iteratively gathers the neighbors of each vertex and then reduces all data into a

single vector, hy;. The reduce operation in this phase can be a variety of arithmetic functions, e.g.,
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summation, mean, or maximum. This vector is then passed through the combination phase, which
usually involves a neural network. Unlike conventional ANNs, where each layer has a different

set of weights, vertices in a GNN all share the same weights.
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Figure 65. An example of GNN inference showing 1) Input graph to be processed; 2) Aggregation
phase, where each vertex’s neighbors are reduced to one feature vector; 3) Combine and Update
phases, where each vertex is linearly transformed and updated using a non-linear activation
function.

Since GNNs were initially introduced in [198], multiple GNN algorithms and models have
emerged. Graph Convolution Network (GCN) [8] expands the idea of convolution in the graph
space. In contrast to CNNs, where the convolutional operation is defined on regular grid-like data,
the convolutional operation in GCNss is defined on irregular graph structures. GraphSAGE [199]
and Graph Isomorphism Network (GIN) [200] are two models that are also based on graph
convolutions. GraphSAGE employs custom sampling techniques to obtain a fixed number of
neighbors for each vertex while GIN learns the isomorphism invariant representation of graphs by
using a learnable parameter &; to adjust the weight of the central vertex. Graph Attention Networks
(GATSs) [9] are another class of GNNs that have demonstrated noteworthy results. GATs update
node features through a pairwise function between nodes, which incorporates learnable weights.

This results in an attention mechanism that can determine the usefulness of the edges.
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8.1.2 GRAPH NEURAL NETWORK ACCELERATION

Processing GNNs presents many challenges. A system processing a GNN needs to have the
capabilities to efficiently handle both dense and very sparse computations, adapt its execution and
operations based on the specific input graph structure and the GNN algorithm variant employed,
and scale effectively to extremely large graphs. Due to the irregularity and large size of most real-
world graphs, GNNs often require very high memory bandwidth and multiple irregular memory
accesses. Further, the unique combination of computing characteristics from deep learning and
graph processing in GNNs results in having alternate execution patterns [196]. Such challenges
are typically absent when processing traditional ANN models. Thus, utilizing ANN accelerators
for GNNs can be inefficient and lead to low performance and high energy costs. While overcoming
these challenges is a non-trivial task, many recent efforts have tackled this problem and advanced

the field of GNN processing, as discussed below.

On the software side, several frameworks and graph libraries have been proposed to aid in the
acceleration of GNN models. A few examples of relevant libraries are PyTorch Geometric [201],
Deep Graph Library [202], and NeuGraph [203]. Several programming models that aim to abstract

GNN operations have also emerged, such as SAGA [203] and GRETA [204].

On the hardware side, multiple electronic hardware accelerators for GNNs have been proposed.
The accelerator in [205] presents a modular architecture where the core unit of the accelerator is a
tile composed of an Aggregator module (AGG), a DNN Accelerator module (DNA), a DNN Queue
(DNQ), and a Graph Processing Element (GPE). The main component in their AGG module is a
bank of ALUs, and the DNA exhibits the architecture of existing spatial accelerators. Another
electronic accelerator EnGN [206] has a unified architecture that handles GNNs in a single

dataflow as a concatenated matrix multiplication of feature vectors, adjacency matrices, and
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weights. An array of clustered PEs is utilized. To aggregate the results, each column of PEs is
connected in a ring, and the results are passed along and added based on the adjacency matrix.
HyGCN [207] is another electronic accelerator for GCNs, composed of two dedicated engines that
handle the aggregation and combination stages, along a control mechanism that coordinates the
sequential execution of both processes. The dense combination stage is computed using a
conventional systolic array approach. In contrast, the aggregation stage has a more complex
architecture that includes a sampler, an edge scheduler, and a sparsity eliminator. Lastly, GRIP
[208] utilizes the GReTA programming model [204] to create an electronic accelerator with

specialized units and accumulators for edges and vertices, which are separate and adaptable.

Several GNN accelerators based on ReRAM and Processing-In-Memory (PIM) have also been
presented. For example, ReGNN [209] leverages Analog PIM (APIM) and Digital PIM (DPIM).
The authors decompose the computations in the combination phase into multiple Matrix-Vector
Multiplications (MVM) and handle them through a dedicated combination engine composed of an
APIM ReRAM array, while non-MVM operations are processed by the DPIM array. ReGraphX
[210] is another ReRAM-based architecture that can be used for both training and inference

acceleration of GNNs.

Unlike previous efforts, GHOST is the first GNN accelerator that leverages silicon photonics.
It also supports accelerating a broad family of GNN models, adapts efficiently to different graph

shapes and sizes, and mitigates typical GNN memory and performance bottlenecks.
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Figure 66. Overview of photonic circuit used to implement operations for ANN acceleration. This
circuit is composed of (a) a laser source, which can be off-chip or on-chip; (b) a waveguide, which
can be strip (for passive devices) or ridge (for active devices); (c) MR banks perform MAC
operation; (d) the banks are tuned as per data from the electronic domain, using DACs; (e) the
result from the MAC operation is detected and accumulated using a PD; (f) for converting the data
to digital domain, for postprocessing or storage, an ADC can be used.

8.1.3 SILICON PHOTONICS

8.1.3.1 DEVICES AND CIRCUITS

Optical ANN accelerators have gained considerable attention from both academic researchers
and industry in recent years because of their notable advantages in terms of energy-efficiency and
performance [37]. There are two possible classes of optical ANN accelerators: coherent and non-
coherent. In coherent architectures, a single wavelength is utilized to imprint parameters onto the
optical signal's phase, which allows for Multiply and Accumulate (MAC) operations. Non-
coherent architectures utilize multiple wavelengths and imprint parameters onto the optical signal's
amplitude, enabling parallel operations to be performed using each wavelength [50]. As opposed
to conventional compute platforms such as GPUs and CPUs, silicon photonic CMOS fabrication

does not require advanced technology nodes which mandate elevated process complexity,
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involving new lithography techniques and materials. Simple and less complex fabrication

processes associated with older nodes are usually adopted instead [211]. The current focus of

research in optical ANN accelerators is mainly on CNNs, MLPs, and RNNs. To the best of our

knowledge, GHOST is the first optical accelerator for GNN models.

Figure 66 presents a general overview on the fundamental devices and circuits used for optical

computing. The following are the main components needed:

Lasers: used to generate optical signals that are needed to perform computation and
communication in optical circuits. These lasers can either be on-chip or off-chip. While off-
chip lasers have better light emission efficiency, there are significant losses when coupling
the optical signals onto on-chip waveguides. Conversely, on-chip lasers, such as vertical
cavity surface emission lasers (VCSELs), offer a higher level of integration density and

lower losses.

Waveguides: silicon photonic waveguides carry the optical signal(s) generated by the laser
source. They are composed of two materials, resulting in a high-refractive-index contrast
such as a core made of Silicon (Si) and a cladding made of Silicon Dioxide (SiO2). This
allows for total internal reflection. The waveguides can be either ridge or strip in shape.
Wave Division Multiplexing (WDM) allows a single waveguide to support multiple
wavelengths simultaneously without any interference. This enables the transmission of

ultra-high bandwidth signals and is used for performing MAC operations.

Microring Resonators (MRs): An MR add-drop filter is an optical modulator which is
designed using a ring-shaped waveguide. Each MR can be specifically designed and

adjusted to work at a particular wavelength, known as the MR resonant wavelength (Ayz),
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defined as Ayz = % Ness, where R is the MR radius, m is the order of the resonance, and

Nesr 1s the effective index of the device. Electronic data can be modulated onto the optical
signal passing an MR by carefully adjusting n.ss (and hence Ay) with a tuning circuit.

MR banks consist of groups of MRs that share a single input waveguide and can be utilized

for performing MAC and summation operations.

Photodetectors (PD): PDs are needed to detect processed optical signals and convert them
into electrical signals. To be effective, a PD should be able to generate the desired electrical
output using a small input optical signal. The input signal power from the laser source must
be greater than the responsivity of the PD, while taking into consideration the different types

of losses that may occur along the optical link.

Tuning circuits: Tuning circuits are devices designed to control the effective index (n.fy)

of MR devices to precisely modify an output optical signal. Typically, the tuning circuit is
based on Thermo-Optic (TO) [39] or carrier injection Electro-Optic (EO) tuning [40], both

of which cause a change in the effective refractive index (n,rs) and result in a resonant shift

of AAMR

Digital-to-Analog Converters (DACs) and Analog-to-Digital Converters (ADCs): tuning the
MR devices and converting the optical output to the electrical domain for intermediate
buffering is all done using ADC and DAC devices. These devices represent one of the main
performance bottlenecks in silicon-photonic-based systems due to their high latency and
power costs. Accordingly, as will be discussed in Section 8.2, GHOST employs several
techniques that aim to mitigate the downsides of these devices and reduce the needed opto-

electric conversions.
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8.1.3.2 OPTICAL COMPUTATION

Most of GHOST’s core operations are performed using the opto-electronic tuning devices,
MRs. Figure 67(a) shows a representation of the transmission plots for the input and the through
ports’ wavelengths after a parameter is imprinted onto the input signal. In most silicon-photonic-
based systems, computations are performed as such by adjusting an MR's 44,,, which leads to a
predictable alteration in the amplitude of the optical signal's wavelength. GHOST leverages this
to implement two main computations using MR devices: summation and multiplication.
Summation is performed using coherent photonic summation. This entails using one optical signal
with a single wavelength 1, and MR devices adjusted to operate at the same resonant wavelength
Ayr- Figure 67(b) illustrates an example where coherent summation is used to add the values
a,,a,, and a3. Using an analog biasing signal, VCSELSs can be driven to produce an optical signal
with a certain value imprinted onto it. Accordingly, the first value a, is imprinted onto the optical
signal using the bottom VCSEL laser source. The top VCSEL produces an optical signal with a
value of 1 which is split into two signals to be passed by the two MR devices. The first MR device
then imprints the value a, onto the optical signal, while the second MR imprints the value as.
When the optical signal generated by the bottom VCSEL unit (a1) and the one modulated by the
first MR device (a2) meet, they undergo interference, resulting in a summation operation and an
optical signal with the value al + a2 is generated. Similarly, when this optical signal meets the
one modulated by the second MR device, they undergo interference, resulting in a summation
operation and the final output al + a2 + a3 is computed. Coherent summation is ensured by using
a laser phase locking mechanism [189], which guarantees that VCSEL output signals have the

same phase for constructive interference to occur.
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Figure 67. (a) MR input and through ports’ wavelengths after imprinting a parameter onto the
signal; (b) two MR devices used to perform optical coherent summation to add values ai, az, and
a3; (¢) MR bank arrays used to perform multiplication by imprinting input vector (a;-as), followed
by weight vector (wi-w3); (d) MR bank response and heterodyne crosstalk shown in black, where
CS is channel spacing and FSR is free spectral range.

On the other hand, performing multiplications is done using non-coherent silicon photonics,
where multiple optical signals with different wavelengths are multiplexed into the same waveguide
using WDM. This enhances throughput and emulates neurons in ANNSs as it involves combining
multiple optical signals with different wavelengths into a single waveguide using an optical
multiplexer [50]. Different wavelengths in the input waveguide pass through a series of MRs, with
each MR tuned to a specific wavelength, allowing for several multiplications to be executed
simultaneously in parallel. Figure 67 (c) illustrates an example of multiplying two vectors

(activations vector A, and weights vector W) as follows

wi
[al a2 a3]x \w2] = alwl + a2w2 + a3w3 (41)
w3
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Two MR banks, and three optical signals with different wavelengths are needed to perform
this multiplication. The first MR bank array imprints the activation values al,a2,and a3, while
the second MR bank imprints the weight values w1, w2, and w3. As shown in the figure, after
imprinting the activation values, when the same signal with the same wavelength gets modulated
by a second MR, a multiplication operation occurs between the previously imprinted value and the
new one. Different optical wavelengths on the waveguide can then go through a PD to accumulate
the output of the dot product. This method can be extended to perform MVMs since they can be
decomposed into vector multiplications, by using several rows of the MR banks organization

shown.

One of the main challenges of performing multiplications using non-coherent silicon photonics
is the resulting heterodyne or incoherent crosstalk that is shown as the black portions in Figure
3(d). This occurs when a portion of an optical signal from neighboring wavelengths interferes with
the MR spectrum of another wavelength. In Section 8.2.2, we discuss our efforts in optimizing the

MR bank arrays design to reduce this crosstalk.

8.2 GHOST HARDWARE ACCEELRATOR

GHOST is a silicon photonic architecture that can accelerate the inference of a diverse family
of GNN models. An overview of the architecture is shown in Figure 68. The photonic accelerator
core is composed of aggregate, combine, and update blocks, enabling the execution of a wide range
of GNN models and real-world graph datasets. Interfacing with the main memory, buffering the
input graph, identifying the needed resources, and mapping the weight matrices to the photonic
architecture are all handled by an integrated Electronic-Control Unit (ECU). The following
subsections describe the GHOST architecture and the device, circuit, and architecture layer

optimization solutions we have considered to efficiently accelerate GNN models.
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Figure 68. Overview of GHOST accelerator architecture showing the ECU, Aggregate, Combine,
and Update blocks.

8.2.1 TUNING CIRCUIT DESIGN

As discussed earlier, MR devices require a tuning mechanism, which can be achieved using
either EO or TO methods. In GHOST, we have implemented a hybrid tuning circuit that utilizes
both methods to induce AAmr. By doing so, we can capitalize on the advantages of each approach
while mitigating their drawbacks. EO tuning is quicker (=ns range) and consumes less power (=4
uW/nm); however, it cannot be used for large tuning ranges [40]. Conversely, TO tuning offers a
larger tunability range, but with the drawback of higher latency (=us range) and power
consumption (=27 mW/FSR) [39]. To address these challenges, we have integrated EO tuning to
quickly induce small A4,k and reserved the slower TO tuning for cases where larger AAy is
required. The effectiveness of this hybrid approach has been previously demonstrated in [117]. To
further reduce the power consumption of TO tuning and also reduce thermal crosstalk, we have
employed the Thermal Eigenmode Decomposition method (TED) from [54]. We analyzed thermal
interference between MR heaters and using Eigenmode decomposition, thermal tuning levels

across heaters which do not cause thermal interference in MR banks were determined. Tuning the

206



MR heaters according to the tuning levels obtained with this approach allowed us to mitigate

thermal crosstalk and minimize TO tuning power.

8.2.2 MR DEVICE OPTIMIZATION

To ensure that the MVM operations performed are error free, so that the deployed GNN can
be executed correctly, it is necessary to manage various sources of noise in the analog photonic
domain. There are several major noise sources in the photonic computing substrate, including
thermal crosstalk, heterodyne (or incoherent) crosstalk, and homodyne (or coherent) crosstalk. The
thermal crosstalk between TO tuning circuits is mitigated using our TED-based tuning mechanism
(Section 8.2.1). But we still have to mitigate the impact of heterodyne and homodyne crosstalk in

our design.

The presence of multiple wavelengths (or channels) in the same waveguide causes heterodyne
or inter-channel crosstalk, where a portion of an optical signal from neighboring wavelengths (say
A, and 43) can leak into the MR spectrum of another wavelength (say 4,) (see Figure 67(c)). This
power leak causes MR2 output to have 1, and 15 content, and the MR downstream (in this example
MR3), will receive lower signal power than designed for. Thus, the output from MR2 and MR3

will be erroneous. For this design optimization, we model heterodyne crosstalk using the following

equations:
Psignal = (D(Aialja Qfactor)Ps(AiaA')a (42)
n
Phet_noise = Z ¢(/1islja Qfactor)PS(/liaA')(i * ])a (43)
i=1

where, @ is the crosstalk coupling factor, i.e., the spectra overlap between the two neighboring
wavelengths, Qrqcror 18 the quality factor or Q-factor of the MR, and F; is the input signal power

to the MR.
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Heterodyne crosstalk impacts signals with spectral overlap. To mitigate heterodyne crosstalk,
this overlap should be minimized. This can be achieved by a well-designed channel spacing and
Q-factor tuning while ensuring that the Signal-To-Noise ratio (SNR) in the output is higher than
the photodetector sensitivity. Another factor to be considered is the tunable range of the designed
MRs. The MRs should provide adequate Q-factor to improve SNR, but should also possess
sufficient tunable range, i.e., 2xFWHM (FWHM-=full width half maximum), so that necessary
parameters can be imprinted error free. To mitigate heterodyne crosstalk, we optimize our design

for high FWHM and SNR, where SNR is expressed as:

SNR = 10 x I0910 (Psignal/Pnoise)a (44)

and, given A,.s as the resonant wavelength of the MR being considered, FWHM can be

modeled as:

FWHM = Aves/ Qractor- (45)

Homodyne or coherent crosstalk is a result of undesired mode coupling among signals of the
same wavelength [116]. In some of the computation circuits in GHOST we rely on coherent signal
processing. In such circuits, part of the signal on the same wavelength may leak through a device
and experience a different phase. Such leaked signals interfere with the output signal (based on
their phase difference with the output signal) as coherent crosstalk noise. The presence of
homodyne crosstalk, similar to heterodyne crosstalk, impacts the SNR of the non-coherent optical

circuitry. The homodyne crosstalk noise power can be modeled as follows:

n
Phom_noise = Z Pin ' XILVIR(p) ' Lrlg_i’ (46)
i=1
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where P;,, is the input optical power, X};z(p) is the crosstalk contribution from the /" MR in a
bank of n MRs, and p is the optical phase of the crosstalk signal, which is a function of the EO
tuning voltage. p does not take into account phase errors from thermal crosstalk, as TED is
employed to address those errors. Finally, L%™" is the passing loss that the crosstalk signal

experiences as it propagates through MRs in the coherent circuit.

For homodyne crosstalk mitigation we may increase the cross over coupling by increasing the
gap between the input waveguide and ring waveguide. This reduces the amount of crosstalk signal
being coupled over from the MR to the main waveguide, reducing the impact of crosstalk on the
output signal. For achieving this, while meeting SNR constraints (discussed later) the Qrqcror
attenuation in MR (a), and cross-over coupling coefficient (k) has to be fine-tuned as follows
[116]:

ngL/(1 — k?)a
Qfactor = _ _ 2 .
Aur(1 —a(1 —x?))

(47)

Using our noise models described in (42), (43), and (46), we can identify the optimal design
space for our MR banks which can ensure high SNR and a high tunable range (R;y,.). We must

also consider that the lowest optical power level (Py,q,-) should be higher than Py,

Plpar > Pnoise ’ (48)
Py; Py;
signal < signal , (49)
Plpar Pnoise
Py; Py;
1010930 (2% ) < 10 Iogm( “9”‘”), (50)
Plpar Pnoise

where Py, 4, can be defined in terms of Pg;gpq;, from (42), as follows:
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Psignal x Riyne

Pl =
par N, levels

Replacing Pyy,q, in (50) yields the following relation:

N
101094, (Rle”‘”s) < SNR. (52)

tune

Here, Nz e15 1s the number of amplitude levels we need to represent across the available Ry .-
For n-bit GNN parameter representation, N, Will be 2™. If positive and negative values are
represented separately, as in the case with GHOST, then N,,,,.;s will be 2"~1. The relationship in

(52) can be rearranged to as follows:

2x A SNR
MR o Nygpes x 107 10 (53)

Qfactor

Utilizing these models, we can identify the design space for our MRs and the MR banks they
constitute, in terms of the Qfqcror> Nievers, and SNR. We can obtain values for (D(/li, Aj, Q) in (41)

and (42) and Xz(p) - L% ¢ in (45) through multi-physics simulations. The results from our
exploration studies using our detailed models and the simulation tool suite from Ansys Lumerical

[141] are presented later in Section 8.3.2.

8.2.3 GHOST ARCHITECTURE DESIGN

As illustrated in Figure 68, the main units in the GHOST architecture (aggregate, combine,
update) are divided into V execution lanes. During inference, each lane is assigned one output
vertex to process, in parallel with all the other lanes. The aggregate block gathers all neighbor
vertices and the associated edge data, and performs a reduce function for each of the assigned
output vertices. The combine block then applies a linear transformation on each aggregated vertex
feature vector hy. Finally, the update block applies a non-linear activation function to obtain the

updated vertex feature vectors h,,. At the start of processing a GNN model, when processing the
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first layer, the aggregate block reads the graph data from the vertex and edge buffers in the ECU,
which interface directly with main memory. As updated vertex data is computed, it is placed in the
intermediate vertex buffer and thus, the aggregate block would read the vertex data when

processing the next layers from the intermediate vertex buffer as needed.

8.2.3.1 AGGREGATE BLOCK

As most graphs can be extremely sparse and irregular, regulating their memory accesses to
improve performance is a challenge. GHOST alleviates this bottleneck through employing a
“buffer and partition” optimization technique which is explained in Section 8.2.4.1. In this
technique, the source and destination vertices in the input graph are split into blocks of N and V.
The aggregate block is thus composed of N edge control units, V' gather units, and V reduce units.
In each cycle, the V execution lanes in GHOST are assigned to one output vertex group at a time.
The edge control units fetch N input nodes simultaneously and then each unit forwards its fetched
node and edge data to all gather units to convert the vertex data to analog signals, which are used
to tune the MRs in the reduce units. The corresponding edge data is used by the gather units to
define whether an input vertex is a neighbor of the assigned output vertex. Accordingly, the total

delay of the aggregate block is dependent on the node with the largest number of neighbors.

The reduce unit is an optical unit configured as a coherent summation block. Each row in the
reduce unit is assigned a feature from the vertex feature vectors, while each column is assigned a
neighbor input vertex (see Figure 69(a)). The rows and columns have the sizes R, and R,
respectively. Thus, one reduce unit can aggregate R, features of R, neighbor vertices. Different
VCSEL and waveguide colors in the figure represent different optical wavelengths. Each VCSEL
source generates an optical signal which is split into R, signals. These R, signals are then passed

through the MR bank to imprint the neighbor nodes’ feature values onto the signals. As explained
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in section 8.1.3, summation of the two values occurs when the different waveguides carrying
signals with the same wavelength meet and they undergo interference. Since for a particular vertex
the number of its neighbors may be greater than Rc, multiple mappings of different source vertices
may be needed. Accordingly, the output of each row in the reduce unit is converted to an analog
signal using a PD, and used to tune the last MR in each lane (Figure 69(a)) such that the sum that

is output from that cycle will be added to the feature values in the next cycle.
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Figure 69. (a) Reduce unit showing the needed changes in each feature lane to support the max
aggregation operation using an optical comparator; (b) detailed view of transform unit; (c) detailed
view of activate unit.

The organization of the reduce unit allows for the flexibility of implementing a wide range of

reduce operations, which encompass most, if not all, GNN models. After the summation step as
explained above, the output of the reduce unit is (hy = h, + Z; o M) The last MR after the

coherent summation block is used to implement the mean operation where the output summation

1

umber of neighbors (n)

value would be adjusted by the MR such that it is multiplied by - , resulting

in a reduce unit output of (hy = h, + %Z; o ). Further, for implementing other reduce

operations, such as maximum, the reduce unit includes an optical comparator [163]. An example
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of one lane in the reduce unit in that case would be as shown at the top of Figure 69(a). By
activating blockers 1,3,4,6,7,9,10, and 12, the output of the reduce unit becomes the maximum
value among all nodes. The optical output from all the rows in the reduce unit would then be
combined into a single waveguide. This optical waveguide is connected directly to transform units
in the combine block (discussed in the next subsection) to undergo the needed linear
transformations. The same output values may need to be passed to the transform unit multiple
times, depending on the size of the weight matrix. Accordingly, as the output from the reduce unit

is passed directly to the transform units, it will be converted to the digital domain and buffered.

8.2.3.2 COMBINE BLOCK

The combine block accumulates the results from the aggregate block and performs linear
transformation using the learned weight parameters. This generates a new learned, more expressive
representation that captures the important structural information of the graph. Additionally, the
linear transformation usually results in a reduced dimensionality for the vertex data representation,
making the model more efficient as the dimensionality of some graphs can be very large (as shown
later in Table 20). The transform unit’s linear transformation is computed in the optical domain
using MR bank arrays, as shown in Figure 69(b). Since linear transformation operations in GNNs
are mainly MVMs, where the feature vector of the vertex being computed is multiplied by the
weight matrix, as discussed in Section 8.1.3.2, such operations can be computed in the optical
domain using MR bank arrays by passing the weight values to the transform unit as analog signals
to tune each MR, while the feature vectors values are imprinted onto the optical signals in the
waveguide from the reduce units. Unlike the MR array used in reduce units to perform summation
operations, as presented in Subsection 8.2.3.1, multiplications are computed using non-coherent

silicon photonics where multiple optical signals with different wavelengths are multiplexed using
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WDM into a single waveguide and each MR is adjusted to operate at one of those wavelengths
used. Accordingly, each feature value output from the reduce units and imprinted onto one optical
signal’s wavelength is multiplied by the weight values in the transform units. The number of rows
in a reduce unit R, is equal to the number of columns in a transform unit such that the number of
optical signals in the waveguide is equal to the number of MRs in one row in the transform unit.

The number of columns in a transform unit however is 7.

As Batch Normalization (BN) is commonly used in many GNNs after the linear
transformation, GHOST leverages broadband MR devices to perform BN in the optical domain
where the BN parameter is used to tune the broadband MRs to adjust the optical signals as needed
to reflect the BN operation. The efficiency of performing BN optically with this configuration was
demonstrated in [163]. It is important to note that the BN unit can be bypassed if not needed. The
output from each row is then accumulated using Balanced Photodetectors (BPD). BPDs are
photodetectors that have two separate arms for the same waveguide, one for positive and the other
for negative signal polarities. This allows them to accommodate both positive and negative
parameter values by detecting the absolute difference between the two signals. The BPD sums the
output signal from the positive arm and the output signal from the negative arm separately. Then,
the BPD subtracts the output signal from the negative arm from the output signal from the positive

arm to obtain the net difference signal.

If the size of rows in the weight matrix is smaller than or equal to the number of columns in
the transform bank array and only one mapping for each weight matrix row is needed, the output
from the transform unit after the BPDs will be passed directly to the activate units. Otherwise, the
output will need to be converted to the digital domain and buffered till all needed values are

computed and accumulated, and then passed to the activate units in the update block (discussed in
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the next subsection). GHOST s versatility to adapt to different model architectures and sizes, and
not having to always convert the values to the digital domain, greatly reduces the latency and

power costs associated with Analog-to-Digital Converters (ADCs) and buffering.

8.2.3.3 UPDATE BLOCK

The update block is composed of V' update units to apply a non-linear activation function to
the output from the transform units. The work in [212] demonstrated how semiconductor-optical-
amplifiers (SOAs) can be exploited to implement multiple non-linear functions such as RELU,
sigmoid, and tanh. For example, when the gain in an SOA is adjusted to a value close to 1, the
behavior resembles the RELU operation. Accordingly, such non-linear operations are implemented
optically, resulting in considerably improved performance. The analog signals output from the
transform units are used to directly drive VCSELS, generating optical signals with the output value
imprinted into its amplitude, which is then passed through the SOA-based non-linear unit. For the
non-linear activation functions that are harder to implement optically (such as softmax), a digital
activation unit, such as the one described in [213] can be integrated to accommodate these
functions using Look-Up Tables (LUTs) and simple digital circuits, such as add and subtract. One
update unit consists of T, rows of activate units, in compliance with the number of rows used in
each transform unit. Accordingly, the output from each row of the transform unit corresponds to

one value in the vertex data vector, as shown in Figure 69(c).

8.2.4 ORCHESTRATION AND SCHEDULING OPTIMIZATIONS

GHOST supports four main optimizations for efficient orchestration and scheduling of GNNSs,
namely 1) graph buffering and partitioning, 2) execution pipelining and scheduling, 3) weight

DAC:s sharing, and 4) workload balancing. While performing computations in the optical domain
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already offers significant performance and energy benefits, efficient optimizations targeting
improved memory bandwidth utilization and enhanced execution flow are imperative for designing

a scalable and robust GNN accelerator.

8.2.4.1 GRAPH BUFFERING AND PARTITIONING

Retrieving the entire graph from memory and processing it all at the same time entails
tremendous memory bandwidth, resources, and computational costs. Hence, dividing the graph
into several partitions and executing them separately is a widely used GNN optimization. But
utilizing this approach alone can lead to increased latency as, in the worst case, while processing
one vertex, it might necessitate loading another partition for each of its neighbor vertices. GHOST,
on the other hand, uses a modified partitioning algorithm that builds on the one presented in [208].
As information regarding the graph edges is input, the adjacency matrix for the graph is generated.
Columns of the adjacency matrix are identified as destination/output vertices while rows are the
source/input vertices. Output and input vertices are then partitioned into groups of sizes V and N,
respectively. Consequently, the edges data are also grouped into V x N chunks. For each partition
where the group V; is assigned to the vertex processing lanes, if for input nodes N;, the
corresponding group of edges contains one or more connected edges, N; is prefetched and assigned
to the edge control units, while all-zero blocks are skipped entirely. Generating the partition
matrices and determining the memory access and fetching order is done once offline, as part of a
graph preprocessing step. This significantly reduces sparsity in the graph and the need for complex
techniques to deal with performing sparse operations. It also helps overcome the GNN’s memory

bottleneck and eases greatly the traffic and access frequency to and from the main memory.
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8.2.4.2 EXECUTION PIPELINING AND SCHEDULING

GHOST can efficiently adapt the pipelining, computation scheduling, and execution ordering
depending on the GNN model, as each model can require a different sequence of execution. For
example, GCNs usually mandate having all nodes gathered first, reduced, transformed, and then
updated. In contrast, GATs initially compute the attention coefficients, which involves gathering
the nodes, performing linear transformations, and then applying a non-linear activation. In this

case, the reduce step is performed at the end.

Given the buffering and partitioning optimization discussed in Section 8.2.4.1, GHOST
performs pipelining at two levels of granularity. The first pipelining technique entails pipelining
the operations within one output vertex group V;. Initially as the output vertices are assigned to the
execution lanes, all of their neighbor nodes are gathered. In case of models such as GCN,
GraphSAGE, and GIN, which perform aggregation first and then the transform and update,
GHOST pipelines the reduce, transform, and update executions. As soon as R, (number of columns
in a reduce unit) input vertices are gathered, the reduce units are initiated. Transform units are
activated when R, (number of rows in a reduce unit) feature values are ready and output from the
reduce units, without the need to wait for all feature values to be computed. Similarly, the update
units begin updating the vertex data directly after T, (number of rows in a transform unit) values
are linearly transformed. For the second pipelining technique between different vertex groups, the
operations for a group V; .1, are pipelined with those of group V;. This scheduling approach ensures
that the initial reduce for V;,, is activated after the last reduce for group V;. The pipelining model

is illustrated in Figure 69(a).
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Figure 70. GHOST pipelining within one output vertex group V; (top), and the pipelining between
output vertex groups V1, V2, where /1 requires input vertices in N1 while V2 requires N1 and
N2 for (a) GCN, GraphSAGE, GIN; and (b) GAT.

For other GNN models such as GATs, where transforming the vertex data occurs prior to the
aggregation, the pipelining model is tailored to fit the model’s specifications. Figure 70(b) shows
an example of pipelining for a GAT model. For pipelining with one output vertex group, as the
transformation of each vertex fetched by the edge control units is independent of the other vertices,
gather operations are pipelined with the transform operations without the need to wait till all
needed partitions are fetched and processed. Hence, the first group of input vertices is gathered,
and the first linear transformation of multiplying the input with matrix W is handled by transform
units, followed by attention vector multiplication. The output is then concatenated with
transformed output vertices updated with a leakyRELU activation function by the activate units.
When all the neighbor vertices € V are transformed, softmax is computed. Reduce is then
computed at the end after the second transformation. Alternatively, when processing all output
vertex groups V, the gather operations for the next output vertex group V;, are pipelined with the

transform and update operations for vertex output group V;.
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8.2.4.3 WEIGHT DAC SHARING

A key characteristic of GNNs is that the same set of weights is applied across all vertices during
processing. Accordingly, when all transform units in GHOST are operating with the same speed
and processing vertices with the same feature sizes, the same weight values can be shared among
all transform units. GHOST leverages this idea to implement a weight DAC sharing optimization.
DAC devices are needed in GHOST to convert the digital values of weights that are read from the
buffers in the ECU into analog signals. These analog signals are then used to tune optical MR
devices to perform the linear transformations in each transfer unit. The DAC sharing optimization
shares DACs across weights, thereby reducing the total number of DAC devices required, which
is a significant factor in the power and latency budget of silicon-photonic accelerators, as normally
one DAC device would be needed for each MR. With DAC sharing V (number of transform units)

MRs would share the same DAC device and thus the total number of DAC devices is reduce by

#MRs in combine block

#MRs in one transfer unit’

8.2.4.4 WORKLOAD BALANCING

Exploiting the buffer and partitioning optimization discussed in Section 8.2.4.1 implies having
certain units/blocks in idle states during specific times. Due to some graphs’ irregularity, the
number of neighbors for each vertex within the same output vertex group V; can vary considerably.
As a result, when processing a GCN model for example, some gather units will be waiting in an
idle state till the gather unit with the highest dimensionality vertex receives all its neighbor vertices.
Our workload balancing optimization allows each lane to operate at its own rate without the need
to wait while other lanes with higher dimensionality are still gathering their needed vertices.

Accordingly, when such lanes complete processing their assigned vertices, the workload of the
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other lanes will be split among the completed lanes. As a result, this can notably reduce the overall
latency of the executing GNN model, especially when dealing with highly sparse and irregular

graphs.
8.2.5 PROGRAMMING MODEL

GHOST’s programming model is based on GReTA [204], an abstraction model tailored to
processing a broad family of GNNs. GReTA utilizes four stateless User-Defined Functions (UDFs)
to break down computation in each GNN layer, namely gather, reduce, transform, and activate.
These UDFs are then performed in a series of three main execution phases: aggregate, combine,
and update. Algorithm 1 explains the execution flow of the GReTA programming model as
implemented by GHOST. GHOST takes as input the graph(s) as a set of edges and vertices
represented by the notation G(V,E), where edges are defined as two lists of vertices:
destination/output (V), and source/input vertices (U). The aggregate phase iterates over all edges
and invokes gather and reduce UDFs. The Gather() UDF collects each output vertex feature vector
(hy), its neighbor input vertices (Vh,, € N(v)) and the edges features (h,,,,) associated with the
current output vertex being processed, and prepares a message value. The Reduce() UDF collects
the messages that are output by gather, related to the same output vertex, and reduces them into a
single value. The combine phase invokes the Transform() UDF where it takes in all the
accumulated values for each vertex, employs the learned weight parameters, and performs linear
transformation. Lastly, the update phase invokes the Activate() UDF and computes a non-linear

activation function for each output vertex to generate the updated feature vectors for all vertices.
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ALGORITHM 1: GHOST Programming Model

Input: Graph G(V, E), source vertex feature data h,, vertex feature data h,, edges feature data
hu,v, weights W.
Output: Updated vertex feature data h,’
1: // Edges Accumulate Phase
for each (u, v) in E:

hy » = Reduce(hy, Gather(hy, hy, hyyv))
/l Vertices Accumulate Phase
for each vin V:

h,_: = Transform(hy, W)
// Update Vertices Phase
for each vin V:

h,” = Activate(h, ;)

b e AR A

8.3 EXPERIMENTAL RESULTS

8.3.1 SIMULATION SETUP

To evaluate our proposed GHOST accelerator, we developed a comprehensive simulator in
Python to estimate the power and latency of the accelerator. GHOST was simulated with attention
to both software mapping and hardware mapping. For the software mapping, graph data is used to
generate the partition matrix and retrieve needed information about the graph, such as the
maximum number of neighbors in each partition. Then, we consider the layer-wise mapping and
operation of each GNN model, and the architectural requirement for the mapping. For the hardware
mapping, we modeled optoelectronic and electronic devices and circuits, and composed these into
the blocks of the accelerator architecture. Compact models were used to analyze the losses
associated with the device operation and also to determine device latency. The performance and
energy estimates of all buffers used in GHOST were obtained using CACTI [214]. However, since
CACTI only supports down to 20 nm technology, the obtained latency and energy values were
scaled down to 7 nm using the set of scaling relations from [102]. The off-chip DRAM memory

considered employs HBM2 with a size of 8GB, and it was simulated using DRAMsim3 [215].
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The maximum bandwidth required to accommodate the largest graph dataset across all the
different GNN models used in our experiments is 174.4 GB/s (the HBM2 memory system can
support a maximum bandwidth of 256 GB/s [215]). The ECU is composed of 4 main buffers: input
vertices buffer (128KB), output vertices buffer (128KB), edges buffer (256KB), and weights
buffer (128KB). The memory bandwidth and access latencies of off-chip memory and on-chip
buffers have all been accurately modeled using the methodology mentioned and are considered in
all our simulations. For the softmax circuit needed for the GAT model using the update block, the

design with a LUT and a maximum frequency of 294 MHz from [213] was utilized.

Table 19 displays the optoelectronic device and circuit parameters that were used during
GHOST’s simulation-based analysis. Various factors were taken into account for assessing
photonic signal losses, including waveguide propagation loss (1 dB/cm), splitter loss (0.13 dB
[122]), combiner loss (0.9 dB [123]), MR through loss (0.02 dB [124]), MR modulation loss (0.72
dB [125]), EO tuning loss (6 dB/cm [40]), and TO tuning power (27.5 mW/FSR [39]). Also, as the
number of wavelengths and waveguide length increase, so does the MR count, photonic loss, and
required laser power consumption. Thus, the laser power required for each source used with

multiple wavelengths in our architecture is modeled as follows:

Plaser - Sdetector = Pphoto_loss + 10 x IoglO N/la (54)
where Py, 1s the laser power (dBm), S;etector 1S the PD sensitivity (dBm), N, is the number of

laser sources/wavelengths, and Pppot0 1055 18 the total optical loss (dB) due to the factors discussed.
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Table 19 Parameters considered in GHOST analysis

Devices Latency Power
EO Tuning [40] 20 ns 4 uW/nm
TO Tuning [39] 4 us 27.5 mW/FSR
VCSEL [47] 0.07 ns 1.3 mW
Photodetector [47] 5.8 ps 2.8 mW
SOA [47] 0.3 ns 2.2 mW
DAC (8-bit) [168] 0.29ns 3 mW
ADC (8-bit) [175] 0.82 ns 3.1 mW

Table 20 Graph datasets and associated parameters

Dataset #Nodes (avg) | #Edges (avg) #Features #Labels #Graphs
Cora 2,708 10,556 1,4322 7 1
PubMed 19,717 88,651 500 3 1
Citeseer 3,327 9,104 3,703 6 1
Amazon 7,650 238,162 745 8 1
Proteins 39 73 3 2 1113
Mutag 18 40 143 2 186
BZR 34 38 189 2 406
IMDB-binary 20 193 136 2 1000

A diverse set of GNN models, tasks, and graph datasets were used in our analysis. The
following GNN models were considered: GCN [8], GraphSAGE [199], GIN [200], and GAT [9].
Each model processed four different graph datasets with the properties outlined in Table 20. The
node-classification graph datasets (Cora, PubMed, Citeseer, Amazon) were processed with GCN,
GraphSAGE, and GAT, while GIN was used for processing the graph-classification datasets
(Proteins, Mutag, BZR, IMDB-binary). Further, GCN and GraphSAGE were implemented with
two layers, while the MLP in GIN was implemented with eight layers. For the GAT model, two
layers were implemented with the first one leveraging eight attention heads while the second used
one attention head. The PyTorch Geometric library [201] was used to train and analyze each

model’s accuracy as shown in Table 21. Our analysis indicated that 8-bit model quantization
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results in comparable algorithmic accuracy to models with full (32-bit) precision; thus, we targeted

the acceleration of 8-bit precision GNN models.

Table 21 GNN model performances

Model Dataset Accuracy (32-bit) Accuracy (8-bit)
Cora 88.70% 88.90%
GCN PubMed 87.40% 87.30%
Citeseer 74.90% 74.40%
Amazon 94.00% 93.70%
Cora 71.70% 70.80%
PubMed 77.50% 76.90%
GraphSAGE Citescer 63.30% 65.00%
Amazon 77.10% 76.90%
Cora 78.30% 77.90%
GAT PubMed 76.70% 77.90%
Citeseer 70.20% 69.10%
Amazon 94.38% 94.64%
Proteins 74.00% 73.40%
GIN Mutag 94.74% 94.74%
BZR 65.85% 65.85%
IMDB-binary 77.00% 73.00%

In the following subsections, we present results from our analyses and experiments to
determine optimal photonic device level configurations in GHOST (Subsection 8.3.2), the optimal
values for GHOST s architectural parameters, which were discussed in Section 8.2.3, including V,
N, R,, R., and T;., (Subection 4.3), sensitivity analysis to assess the impact of the orchestration and
scheduling optimizations that were discussed in Section 8.2.4 (Subsection 8.3.4), and comparison

with GNN accelerators proposed in prior work (Subsection 8.3.5).

8.3.2 DEVICE-LEVEL ANALYSIS

To ensure error-free photonic device operation in GHOST, we must reduce various noise
sources in the analog domain, and ensure higher SNR than that dictated by (51) (see Section 8.2.2).

We performed our device-level optimization analysis using optoelectronic simulation tools from
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Ansys Lumerical [216]. For obtaining the operational characteristics of the active MRs, i.e., MRs
with EO tuning as opposed to passive MRs without them, we used the FDTD, CHARGE, MODE
solver, and INTERCONNECT tools [216]. FDTD was used to obtain the operational
characteristics of the passive MR. The doping levels for the tuning junction’s p and n doped regions
was assumed to be 4e'? in our CHARGE simulations, to obtain the carrier distribution in the ring,
under various voltage conditions (OV to 10V range). Using the carrier distribution to voltage
relationship obtained from CHARGE, we performed MODE solver simulations to obtain the shift
in effective refractive index (n.fs) over the voltage range. Finally, the data from these simulations
was used in our INTERCONNECT simulations to obtain the operational characteristics of the MR
under different biasing voltages. These analyses were performed over a range of design parameters
for the MR and Az values. From these simulations, we obtained our ideal MR design to have:
ring and input waveguide width at 450 nm, radius of 10 um, Gap of 300 nm, and a Q-factor of

3100. Using these parameters and (52) we can calculate the SNR required to be 21.3 dB.

The data from these tools was used for crosstalk and SNR analysis as mentioned previously in
Section 8.2.2. Depending on the SNR requirements, the gap between the input and the ring
waveguide and the width of the waveguides (input and ring) were explored and adjusted to achieve
the required trade-off between Q-factor and the SNR at the output of the design as per (12). Nievels
in our design is fixed from our software-level quantization to be 27, since we consider 8-bit

quantization in our models (see Section 8.2.2 for discussion on this).

Using the device operational characteristics and the noise models from Section 8.2.2, we perform
a sweep to determine the viable MR bank sizes for our coherent circuits (Ppoise = Phom noise )
and non-coherent circuits (Ppoise = Phet noise + Phom noise)> the results of which are shown in
Figures 71(a) and 71(b).
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Figure 71. Design space exploration for (a) coherent and (b) non-coherent MR banks for GHOST
architecture; (c) Architectural design-space exploration for GHOST, to find the optimal
[N,V,Rr,Rc,Tr] configuration with the best EPB/GOPS. The best configuration, [20,20,18,7,17]
is shown with the green star.

For coherent MR banks we need to sweep for the wavelength to be used in the circuit, the
number of MRs, and the SNR for the design. The cutoff SNR is shown as a red plane in the figure.
From Figure 70(a), we can observe that it is possible to have up to 20 MRs in the coherent
summation circuit, when the resonant wavelength is 1520 nm, while satisfying the SNR
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requirements (red plane). Similarly, exploration for non-coherent circuits was also conducted and
results are shown in Figure 71(b). The number of rings (MRs) along the x-axis is 2 times the
number of wavelengths in the waveguide, as we need two MR banks to perform multiply and
accumulate operations. We considered the first wavelength to be 1550 nm and used a channel
spacing of 1 nm between wavelengths. The red line in Figure 71(b) indicates the cut-off SNR.
From this analysis, we determined that the waveguide can host 36 MRs, or 18 wavelengths (1550
nm to 1568 nm) for non-coherent operation. These results were used to size and design the MR
banks within the main architectural blocks of GHOST, to meet SNR goals while maximizing

performance.

8.3.3 ARCHITECTURAL DESIGN SPACE EXPLORATION

The GHOST architecture relies on five main parameters, as outlined in Section 8.2: N,V ,R,., R,
and T,.. N refers to the number of edge control units or the size of each input vertices group in the
partition matrix, while V refers to the number of execution lanes, which is also the size of each
output node group in the partition matrix. R, is the number of columns and R, is the number of
rows in the coherent sum MR array in the reduce units, which is also the number of columns for
the MR bank array in the transform units. Lastly, T, is the number of rows for the MR bank array
in the transform units. To identify the optimal configuration for GHOST, which is determined by
the combination of [N,V ,Rr, Rc, Tr] that offers the lowest EPB/GOPS (where EPB is energy-per-
bit and GOPS is giga-operations-per-second), we conducted a detailed design space exploration as
shown in Figure 71(c). Using the GHOST simulator described in Section 8.3.1, the EPB and GOPs
values were obtained for each GNN model and each accompanying graph dataset for a wide set of

possible values for [N,V,Rr,Rc,Tr]. The average EPB/GOPs values across all the GNN models
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and datasets for each set of parameters were then obtained and the optimal configuration

[20,20,18,7,17] was identified as the one with the lowest EPB/GOPS value.

8.3.4 ORCHESTRATION AND SCHEDULING OPTIMZATION ANALYSIS

We conducted a sensitivity analysis to assess the impact of each of the orchestration and
scheduling optimizations described in Section 8.2.4. The normalized energy results are shown in
Figure 72. The baseline configuration does not utilize any of the optimizations and each gather
unit requests the needed neighbor vertices sequentially from the ECU. The Buffer and Partition
(BP), Pipelining (PP), and DAC weight sharing (DAC_Sharing) optimizations and their viable
combinations were explored in this analysis. For Workload Balancing (WB), implementing it in
isolation was found to inefficient as the memory and buffer accesses are not synchronized and
occur sequentially and on-demand. For instance, the processing lane that handles the vertex with
the smallest dimensionality may not be the first to finish execution, as the order of memory access
is also a critical factor. Moreover, employing WB necessitates having each lane possibly operating
at different speeds, making it difficult to utilize the weight DAC sharing optimization. Therefore,
implementing WB in isolation is impractical, and we only show results of considering WB

alongside BP and PP to observe its benefits.

The results shown in Figure 72 are normalized to the energy consumption of the baseline
model. As can be observed, employing BP, PP, and DAC sharing optimizations simultaneously
results in the least energy values for all the GNN models as well as all the graph datasets used. On
average, when using DAC sharing combined with BP and PP, the energy consumption is reduced
by 4.94x compared to the baseline. On the other hand, using BP, PP, and WB reduces the overall

energy consumption by 2.92x. Hence, while GHOST supports all four optimizations described in
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Section 8.2.4, we leverage BP, PP, and DAC sharing for our GHOST configuration that is used in

the subsequent sections for comparisons with other GNN accelerators.

Figure 72 also indicates that the different optimization techniques have different impacts across
the various GNN models and graph datasets used. The optimizations have a greater impact with
datasets having large number of vertices, and a very high degree of sparsity (e.g., PubMed). This
demonstrates the scalability of GHOST to larger and more complex graphs and how the
optimization techniques can alleviate the expensive memory and computational costs associated

with GNN inference.
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Figure 72. Impact of each orchestration and scheduling optimization on normalized energy
consumption in GHOST.

Another key observation is the effect of BP and PP when processing different graphs. When
processing larger graphs such as Cora, PubMed, Citeseer, and Amazon, PP results in lower energy
consumption values than BP. Conversely, for datasets used with GIN, BP leads to lower energy
values. While the graph datasets used with GIN are each composed of multiple graphs, each
individual graph in the datasets is considerably smaller than the other graphs used with GCN,
GraphSAGE and GAT. Accordingly, as pipelining is determined based on each individual graph,

the impact of PP with small graphs diminishes. On the other hand, BP reduces sparsity and number
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of memory accesses. Consequently, as we need to offload an entire graph from memory every time

GHOST starts processing a new graph, employing BP results in notable energy reductions.

8.3.5 GHOST ARCHITECTURE COMPONENT-WISE PERFORMANCE ANALYSIS

To understand the performance of the major blocks in the GHOST architecture, we present a
breakdown in Figure 73 in terms of latency when processing each GNN model and graph dataset
for each of the main blocks: aggregate, combine, and update. It is evident from Figure 73 that the
performance and contribution of each block to the overall inference latency depends on the GNN
model being processed and the graph dataset used. In general, aggregate consumes more than half
of the latency budget when processing GCN and GS models. This is mainly due to the models
operating on graph datasets with large feature vectors and relatively high node degrees.
Accordingly, the aggregate phase takes longer time as all neighbor node groups from the partitions
matrix (from the graph buffering and partitioning technique in Section 8.2.4.1) need to be fetched
and added. On the other hand, while GAT processes the same graph datasets, it follows a different
execution ordering and pipelining as explained in Section 8.2.4.2. The GAT model used in our
experiments is composed of eight attention heads, which are computed using the combine block.
Moreover, the softmax function performed by the update block and included in the GAT
computations is more time-consuming than the non-linear activation RELU used in GCN and GS
models. The aggregation is performed only once at the end. Consequently, the high latencies
observed with processing GATs are mainly attributed to the combine and update phases. Lastly,
the graph datasets processed by the GIN model are multiple graphs used for graph classification
tasks. However, each single graph is much smaller and possesses lower node degrees than the other

graphs used with GCN, GS, and GAT. Accordingly, since a smaller number of neighbor nodes
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need to be reduced, the aggregate phase is not as time consuming as with other models and the

performance bottleneck can be attributed to the combine phase.
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Figure 73. Breakdown analysis results showing the impact of each block in GHOST on the
performance for each GNN model and graph dataset.
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8.3.6 COMPARISON STUDIES

GHOST is compared against multiple computing platforms and state-of-the-art GNN hardware
accelerators: GRIP [208], HyGCN [207], EnG [206], HW_ACC [205], ReGNN [209], ReGraphx
[210], Google TPU v4, Intel Xeon CPU, and NVIDIA A100 GPU. We used power, latency, and
energy values reported for the selected accelerators, and directly obtained results from executing
models on the GPU, CPU, and TPU platforms to estimate the EPB and GOPS for each model and

graph dataset.

We compared each hardware accelerator on the models supported by them, as outlined in their
papers. For the models used in our analysis (Table 21), the GRIP and HyGCN accelerators support
processing GCN, GraphSAGE, and GIN; EnG supports GCN and GraphSAGE; and HW_ACC

supports GCN and GAT. The ReRAM-based hardware accelerators, ReGNN and ReGraphx, were
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used for the GCN and GraphSAGE model comparisons. As mentioned, one of the key attributes
of GHOST is its versatility in accommodating a diverse set of GNN models, enabling it to support

the different models used in our analysis.

8.3.6.1 THROUGHPUT COMPARISON

Figure 74 shows the GOPS throughput comparison for GHOST with the computing platforms
and GNN hardware accelerators considered. Our accelerator achieves on average 102.3x, 325.3x,
40.5%, 10.2%, 12.6%, 150.6x, 1699.0%, 1567.5%, 584.4x better GOPS when compared to GRIP,
HyGCN, EnG, HW_ACC, ReGNN, ReGraphx, TPU, CPU, and GPU, respectively. While GHOST
demonstrates promising improvements across all GNN models and datasets, the largest GOPS
improvements are observed with the GIN graph dataset used for graph classification tasks. Across
all datasets, processing GIN yielded on average 87.4x more GOPS when compared to the GNN
hardware accelerators and 2168.9x when compared to GPU, CPU and TPU. This can be attributed
to the small sizes of the graphs in each GIN dataset. These results are also consistent with those in
Section 8.3.4, which illustrated that the partitioning optimization had the greatest impact on
processing the graphs associated with the GIN model, leading to significant speedup. These
findings highlight GHOST's proficiency in handling diverse graph processing tasks. Also, there
are significant GOPS improvements with GHOST for the GraphSAGE model, where it performed
on average 100.9x better than other GNN accelerators and 1743.1x better than the GPU, CPU and
TPU. This showcases how our accelerator is efficiently able to handle complex models, as it was
able to overcome the complexity associated with supporting the sampling technique used in

GraphSAGE.
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Figure 75. EPB comparison between GPU, CPU, TPU, GNN hardware accelerators and GHOST.

8.3.6.2 ENERGY EFFICIENCY COMPARISON

The EPB comparison results for GHOST with the computing platforms and GNN accelerators
considered are shown in Figure 75. On average, GHOST attains 11.1x, 60.5%, 3.8%, 85.9, 15.7x,
313.7%, 24276.7, 6178.8%, 2585.3x lower EPB compared to GRIP, HyGCN, EnG, HW_ACC,
ReGNN, ReGraphx, TPU, CPU and GPU, respectively. Our accelerator exhibits lower EPB values
across all the GNN models and the graph datasets. In particular, GCN, which is the most widely
used GNN model, achieved the lowest EPB values, with an average EPB reduction of 116.7x with
GHOST, when compared to the GNN hardware accelerators and an average reduction of 7120.4x,

in comparison to GPU, CPU and TPU. This is due to GCN’s uniform operation pofile, which
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involves processes each vertex independently based on its immediate neighbors only, without
considering other vertices in the graph. Overall, the improved energy efficiency can be explained

in terms of GHOST s significant low latency operation in the optical domain, as well as its

compute platforms.
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Figure 76. EPB/GOPS comparison between GPU, CPU, TPU, GNN hardware accelerators and
GHOST.

8.3.6.3 EPB/GOPS COMPARISON

The primary motivation for the design of GHOST is to obtain both an energy-efficient and
high-throughput GNN acceleration. Accordingly, to showcase GHOST s performance and energy
improvements together, we show the EPB/GOPS comparison for GHOST against the computing
platforms and GNN accelerators from prior work in Figure 76. It can be seen that GHOST achieves
exceptionally lower EPB/GOPS values across all models and datasets. On average, GHOST attains
2.7e3x, 190.3e3x, 197.2x, 1.9e3x, 1.9e3x%, 90.1e3x, 121.4e6x, 22.8e6x%, 4.8e6x lower EPB/GOPS,
compared to GRIP, HyGCN, EnG, HW_ACC, ReGNN, ReGraphx, TPU, CPU, and GPU,
respectively. These results demonstrate how the cross-layer optimizations employed in GHOST
across the circuit-level, device-level, and architecture-level along with performing most of the
GNN operations in the optical domain, help to mitigate the various GNN inference challenges.
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8.4 CONCLUSION

In this chapter, we presented the first silicon photonic GNN accelerator, called GHOST. In
comparison to nine computing platforms and state-of-the-art GNN accelerators, our proposed
accelerator exhibited throughput improvements of at least 10.2x and energy-efficiency
improvements of at least 3.8x. These results demonstrate the promise of GHOST in terms of
energy-efficiency and high-throughput inference acceleration for GNNs. This chapter focused on
the hardware architecture design with silicon photonics and employed various device-, circuit-,
and architecture-level optimizations. When combined with software optimization techniques to
reduce the high memory requirements in GNNs, we expect that even better throughput and energy

efficiency can be achieved.
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CHAPTER 9: TRANSFORMER ACCELERATION USING NON-COHERENT PHOTONICS

Transformer neural networks have gained significant popularity in the last few years,
surpassing the performance of traditional Recurrent Neural Networks (RNNs) and Convolutional
Neural Networks (CNNs) [217]. As the network architecture in transformer models relies on
attention mechanisms and positional encodings instead of recurrence, it enables much higher
parallelization than RNNs for sequence modeling and transduction problems. Since the
introduction of the first transformer in 2017 [10], considerable progress has been made, with the
emergence of powerful transformer-based pre-trained natural language processing (NLP) models,
such as BERT [218] and Albert [219], and computer vision models, such as the Vision Transformer

[220].

Despite the remarkable success of the transformer model, its size, number of parameters,
and operations still require significant computational resources, hindering its progress and usage
in resource-constrained systems. This consequently highlights the main issues with these models,
which includes long inference times, large memory footprint, and low computation-to-memory
ratio. Existing work on inference acceleration of conventional artificial neural networks (ANNs),
such as CNNs and RNNs, mainly focuses on compute-intensive operations and optimizations at
the layer-level granularity, which makes extending it to transformers—with its unique layer

architecture and memory-intensive requirements—challenging.

Several transformer accelerators have been proposed in recent years to overcome these
challenges with transformer execution [221], [222], [223], [224]. However, most of the work
presented so far either focuses on accelerating a specific transformer architecture or is based on

electronic components. Electronic accelerators are susceptible to the limits of the post Moore’s
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law era, where diminishing performance improvements are being observed with technology
scaling. Such limitations also present major performance and energy bottlenecks for electronic
dataflows [106]. On the other hand, silicon photonics has proven its proficiency as a solution
beyond high-throughput communication in the telecom and datacom domains, and it is now being
considered for chip-scale communication. Moreover, CMOS-compatible silicon photonic
components can be used for computations, such as matrix-vector multiplications and logic gate
implementations. Accordingly, the integration of silicon photonics is now actively being

considered for deep learning accelerator platforms [37].

In this chapter, we introduce TRON, the first silicon-photonic-based transformer accelerator
that can accelerate the execution of a broad family of transformer models. The novel contributions

of this chapter are:

e The design of a novel transformer accelerator architecture with non-coherent silicon
photonics, with the ability to accelerate any existing variant of transformer neural
network models,

e Detailed crosstalk analyses, to improve signal-to-noise ratio (SNR) and tunability range
for photonic microresonator (MR) banks,

e A framework for adaptive transformer accelerator design that can synthesize
configurations for power-limited edge applications, and

e A comprehensive comparison with GPU, TPU, CPU, and state-of-the-art transformer

accelerators.

The rest of the chapter is organized as follows. Section 9.1 presents a background on
transformers, their acceleration, and ANN acceleration using silicon photonic devices. Section 9.2

provides an overview of the TRON architecture, including details of micro-architectural designs.
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Section 9.3 discusses our experimental setup and results of comparisons with other accelerators,

followed by the conclusions in Section 9.4.

9.1 BACKGROUND

9.1.1 TRANSFORMER NEURAL NETWORK MODELS

The attention mechanism has emerged as a prominent technique in sequence learning and NLP,
where long-term memory is required. By utilizing the attention mechanism, transformers have
outperformed RNNs (LSTMs, GRUs) across many NLP tasks. As shown in Figure 77, the original
transformer model [10] designed for sequence learning has two main blocks: encoder and decoder.
The encoder is responsible for mapping the input sequence into an abstract continuous
representation. The decoder then processes that representation and gradually produces a single
output while also being fed the previous outputs. Before being sent to the encoder, each input
sequence is mapped onto a vector, and positional encoding is used to embed information regarding
the position of each vector in relation to the original input sequence. The processed input is then

passed through to the encoder/decoder block.

The encoder and decoder blocks often consist of N stacked layers. As can be seen from Figure
77, the two main sub-blocks in the transformer architecture are the multi-head attention (MHA)
and feed forward (FF) layer, along with residual connections for each, followed by layer
normalization. Self-attention is applied in MHA where it links each element (e.g., word) to other
elements (e.g., words) in a sequence. Each MHA has H self-attention heads, and each attention
head generates the query (Q), key (K), and value (V) vectors to compute the scaled dot-product

attention. Q, K, and V vectors are generated by multiplying the MHA’s input sequence X by the
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query, key, and value weight matrices: Wy, Wk, and Wy. The self-attention output is then computed

through a scaled dot-product operation as follows:
Head(X) = attention(Q,K,V) = softmax(QKT/w/dK)V, (55)

where X is the input matrix and d, is the dimension of Q and K. The output of the MHA is the
concatenation of the self-attention heads’ outputs, followed by a linear layer. The FF network is

composed of two dense layers with a RELU activation in between.
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More recent transformer-based pre-trained language models, such as BERT [218] and its
variants [219], include the transformer encoder block only, as a cascaded set of N layers, followed
by an FF layer, then GELU, and normalization layers. Similarly, the Vision Transformer (ViT) is
composed of N encoder layers, followed by a multi-layer perceptron [220], where the ViT’s inputs

are sequence vectors representing an image.
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9.1.2 TRANSFORMER ACCELERATION

Transformer accelerators to date have focused on accelerating either a specific subset of
transformer models or specific transformer layers. For instance, [222] proposed an FPGA-based
hardware accelerator, for accelerating MHA and FF layers. Their approach involves efficiently
partitioning the weight matrices used in the MHA and FF layers to allow both layers to share
hardware resources. In [224], another FPGA-based acceleration framework was proposed with a
pruning technique for efficient model compression and an optimized method for storing the sparse
matrices. An in-memory processing-based transformer accelerator called TransPIM was presented
in [221], with a novel token-based dataflow for optimized data movements along with hardware
modifications to the high bandwidth memory. The work in [223] focused on accelerating ViTs and
proposed an automated framework, VAQF, that guides the quantization and FPGA resource
mapping for a specific ViT. Unlike prior efforts, TRON supports accelerating a broad family of

transformer models for both NLP and computer vision tasks.

9.1.3 SILICON PHOTONICS FOR ANN ACCELERATION

Due to the significant benefits offered by optical ANN accelerators in terms of performance
and energy efficiency, they have garnered a lot of traction from academic and industry researchers
[37]. Optical ANN accelerators are either coherent or non-coherent. In coherent architectures,
which use a single wavelength, parameters are imprinted onto the optical signal’s phase [113] to
perform multiply and accumulate (MAC) operations. Alternatively, non-coherent architectures
leverage multiple wavelengths and imprint parameters onto the optical signal’s amplitude. Each
wavelength can be used to perform operations in parallel. While coherent architectures exhibit
high computation performance, they are vulnerable to phase encoding noise, phase error

accumulation, and scalability limitations [164]. Consequently, more attention is being directed

240



towards non-coherent architectures. Current research in optical ANN accelerators has focused
mainly on CNNs, MLPs, and RNNs [47]. To the best of our knowledge, TRON is the first optical

accelerator for transformer ANN models.
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Figure 78. Top MR shows input and through ports’ wavelengths after imprinting a parameter onto
the signal. Bottom MR bank arrays perform multiplication by imprinting input activations (ai-az),
followed by weight vector values (Wi-W3).

TRON is a non-coherent optical accelerator and uses MRs (see Figure 78) as the main opto-
electronic device for carrying out key operations. Each MR can be designed and tuned to work at

a specific wavelength, called MR resonant wavelength (Aur), defined as:

2nR
Amr = " Ters (56)

where R is the MR radius, m is the order of the resonance, and n. is the effective index of the
device. By carefully altering ney with a tuning circuit, we can modulate electronic data onto an
optical signal passing by (in the vicinity of) an MR. The tuning circuit used is usually based on
either thermo-optic (TO) [39] or carrier injection electro-optic (EO) tuning [40]. Both would result

in a change in n.y and hence a resonant shift of 4Aur in the MR. In non-coherent networks,
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computations and, specifically multiplications, are done by tuning an MR’s AAug, resulting in a

predictable change in the optical signal’s wavelength amplitude.

To increase throughput and mimic neurons in ANNs, non-coherent architectures use multiple
wavelengths as part of wavelength-division multiplexing (WDM). This entails having multiple
optical signals with different wavelengths in a single waveguide using an optical multiplexer [37].
The waveguide would then pass by a bank of MRs, each tuned to a certain wavelength in the
waveguide, enabling us to perform several multiplications in parallel. Figure 78 illustrates an
example of multiplying an input vector [ai, a2, a3] by a weight vector [W1, W2, W3]. Two MR bank
arrays are used: the first imprints input activations onto the optical signals and the second performs
the multiplication. The dot product output can thus be calculated by summing the three signals in

the waveguide, which can be done by a photodetector (PD).

9.2 TRON HARDWARE ACCEELRATOR OVERVIEW

TRON is a non-coherent photonic accelerator architecture that can accelerate the inference of
a broad family of transformer models. An overview of the architecture is shown in Figure 79. The
photonic accelerator core is composed of MHA and FF units. Such composition allows reuse of
resources for the encoder and decoder blocks. Interfacing with the main memory, buffering of the
intermediate results, and mapping the matrices to the photonic architecture, are all handled by an
integrated electronic-control unit (ECU). The following subsections describe the TRON
architecture and the hardware optimizations we have considered to efficiently accelerate

transformer ANN models.
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Figure 79. An overview of the proposed TRON accelerator architecture.

9.2.1 MR TUNING CIRCUIT DESIGN

As discussed earlier, MR devices in non-coherent architectures require a tuning mechanism,
based on EO or TO. In TRON, we employ a hybrid tuning circuit where both TO and EO are used
to induce AAmr This enables us to combine the advantages of both while overcoming their
disadvantages. EO tuning is faster (=ns range) and requires less power (=4 uW/nm), but it cannot
be used for large tuning ranges [40]. Conversely, TO tuning accommodates a larger tunability
range but at the expense of higher latency (=us range) and power (=27 mW/FSR) [39].
Accordingly, in our design, EO tuning is adopted for fast induction of small 44iyzin MRs, while
slower TO tuning is used only when larger AAur is required. The effectiveness of this hybrid
approach was previously demonstrated in [117]. To further reduce the power overhead of TO
tuning, we adopt thermal eigen decomposition method (TED) from [54]. TED entails tuning all
MRs within a bank array together, which reduces power consumption. Moreover, the approach
uses microheaters to perform thermal tuning which reduces thermal crosstalk noise from heat

dissipated from adjoining TO circuits.
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9.2.2 MR BANK DESIGN-SPACE ANALYSIS

To ensure error-free MAC operations in the optical domain, it is necessary to manage various
sources of noise, namely thermal and crosstalk noise, which can interfere with parameter
imprinting and degrade the network performance and accuracy. Our TED-based tuning mechanism
alleviates the thermal noise that can arise from TO tuning. But non-coherent architectures, like
TRON, are inherently noise prone due to multiple wavelengths propagating in the same waveguide
which creates inter-channel crosstalk. In inter-channel crosstalk, a portion of the optical signal
from neighboring wavelengths can leak into one another, causing signal distortion (see Figure 78;
bottom right). This phenomenon is further exacerbated with the presence of multiple MR banks in
series, where multiple wavelengths can undesirably drop into an MR. With well-designed channel
spacing (CS) and Q-factor in the MR, this can be managed by ensuring that the signal-to-noise
ratio (SNR) is better than the detector sensitivity. The design of an MR should ensure adequate Q-
factor to improve SNR. Additionally, the MR design should also possess sufficient tunable range,
so that necessary parameters can be imprinted free of error. Here, tunable range refers to the
wavelength band on the MR through port spectrum across which parameters can be imprinted.
Mathematically, tunable range can be represented as 2x FWHM, where FWHM is full width half
maximum (see Figure 78; top left). We optimize MR design for high FWHM and high SNR. For

this optimization, we use the following models from [86]:

SNR (dB) = 10 x IoglO(Psignal/Pnoise)a (57)
Psignar = ®(2:,2;,Q) (A, 1)), (58)
n
Puoise = . (0,25, Q)Ps (A (0 # ) (59)
i=1

244



where @ is the crosstalk coefficient corresponding to the inter-channel crosstalk between

neighboring channels A; and A;, which is given by:

®(2;,%;,Q) = ( <2Q(/1/1 )>> (60)

]

Here, (A; — 4;) represents the channel spacing CS, i.e., the spectral distance between two
adjoining wavelengths. This is also an optimizable parameter within the confines of the free
spectral range (FSR) we are considering. P in (58) and (59) is the signal power of A; that reaches

the MR sensitive to /1j, and can be defined as:
PS— (Al’ j)Pm (61)

where P;,, is input power to the waveguide, calculated by considering the detector sensitivity
and the signal power loss of A; before the MR with resonance wavelength A; within the bank,
represented by 1. When an optical signal in a waveguide passes by an MR, the crosstalk induced
power suppression in its power can be modeled as a through loss, which is defined as y times the
signal power before it passes by the MR. This suppression factor y and hence 1 can be calculated

as follows:

J

v(2:,2,Q) = ( (2(2(/1/1—_/1’)>Z>1 (62)

(k-1)<j

lp(lu J)_ 1_[ Y(4i, Ak, Q) . (63)

For calculating FWHM, we use the following model:
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/17"65
L — 4
FWHM = 5—o (64)

where 4, is the resonant wavelength of the MR being considered.

Using these models, we can identify the optimal design space for our MR banks which can
ensure high SNR and high tunable range (R;,y.)- To further narrow down our design space, we

must consider that the lowest optical power level (P4, ) should be higher than P, ;.
Plpar > Pnoisea (65a)

Psignal Psignal

; (65b)
Plpar Pnoise
Pg; Pg;
101094, ( Slg“”) < 10logy, ( “9“‘”) , (65c¢)
Plpar Pnoise
where Py, can be defined in terms of Pg;gpq; as follows:
P, x R
Plpar _ stgr;sl tune (66)
levels
Replacing Pypq, in (65¢) yields the following relation:
N
101094, ( lm“) < SNR, (67)
tune

where Nj,,q15 1S the number of amplitude levels we need to represent across the available Ry, :
for an n-bit parameter (ANN weight or bias) representation, Nj,,.;s Will be 2™. If positive and
negative values are represented separately, as in the case with TRON, then N pe;s Will be 2771,

The relationship in (67) can be rearranged to yield the following relationship between Ry, . and
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SNR:

SNR

Riune > Niepers % 10 10 (68)

Utilizing these models, we can identify the ideal design space for our MR banks, as discussed

later in Section 9.3.1.

9.2.3 MULTI-HEAD ATTENTION (MHA) UNIT DESIGN

The major challenge with transformer inference acceleration is the time-consuming matrix
multiplications (MatMuls). These operations can be decomposed into vector dot-product
operations as outlined for optical CNN acceleration in [117]. Looking closely at the self-attention
in each head (1), the computation of MatMul (Q.KT) cannot be performed until the generation
and storage of KT completes. This dependency would infer significant power and latency overhead
as we would first need to generate K matrix (K = XWy) optically, convert the output to digital
domain, buffer the values, generate KT, then convert the matrix to the optical domain again to
calculate the next MatMul (Q.KT). Alternatively, using MatMul decomposition, we can rewrite

the operation as two cascaded MatMul steps as follows:
Q.KT = Q.(X.W)T = (Q.WF).XT (69)

As shown by the top four MR bank arrays in Figure 80(a), no intermediate buffering is thus
needed to compute Q.KT. The first two MR bank arrays generate Q, then by having W;¥ and XT
previously stored and used to tune the MRs in the following two MR bank arrays, we can directly
get the output of (69) optically without any intermediate buffering or expensive opto-electric
conversions. To further reduce the latency and power overhead, we propose including the scaling

factor in (1) within the weight matrix (W;') storage in the ECU. As such, the individual MR tuning
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values would be W i /+/dx, instead of having an additional MR bank array to perform the scaling

operation. As in most transformer models d; (dimension of Q and K) is usually 64, a simple 3-bit

left shift circuit should be able to efficiently handle the division.

For the MatMul operations, most optical ANN accelerators (such as [47]) calculate them one-
by-one, by having sperate MAC units with MR bank arrays to perform the multiplication
operations. Then directly afterwards, they accumulate and add the partial sums. As there are more
than two consecutive MatMul operations ((1) and (15)) involved in the attention computation, we
avoid the accumulation of intermediate values and pass the individual multiplication results
generated by the first MR bank array to the following MR bank arrays directly. The summation of
all the multiplications and partial sums is then done at the end, before the softmax block, as shown
in Figure 80(a). This approach avoids the latency and power costs from early summations,
intermediate buffering, and associated opto-electric conversions. Moreover, as outlined in Section
9.3.1, we have ensured minimal crosstalk noise, that would normally be an issue due to such MR
arrangement. Following the calculation of (Q.KT) by the upper MR bank arrays shown in Figure
80(a), all partial sums are accumulated using balanced photodetectors (BPDs). BPDs help
accommodate both positive and negative parameter values by placing separate positive and
negative arms for the same waveguide. The sum acquired from the negative arm is subtracted by
the BPD from the sum from the positive arm. The results are then converted to the digital domain,

to undergo softmax computation.
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Figure 80. (a) Attention head unit comprised of seven MR bank arrays for MatMul operations,
each with dimension Kx N; (b) Linear layer comprised of an MR bank array with dimension
Kx N; (c) Add and Normalization layers using coherent photonic summation and an MR for
imprinting the normalization parameter; (d) MHA unit composed of H attention heads, buffer
and concatenate block, linear layer, and an add and normalize block.

Another challenge in MHA is the softmax operation. It is performed in each attention head and

restricts parallelism as all results from the previous MatMul need to be generated first. For its
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implementation, we propose two optimization solutions. First, we avoid the computationally
expensive division and numerical overflow by employing the log-sum-exp trick, used in a few

previous works such as [222], as follows:

eXp(Xi - Xmax)

Softmax(y;) = , (70)
l 2721 eXp(Xj _Xmax)
dg
= eXp| Xi — Xmax — In Z eXp(Xj _Xmax) ’
j=1

where softmax can be divided into four main operations: finding x,,.., Subtraction, natural
logarithm (/n), and exponential (exp). Finding ¥4, and the subtraction can be computed using
simple digital circuits. As shown in Figure 80(a), the analog-to-digital converter (ADC) output is
buffered while also being fed to a comparator circuit, so that finding x4, would be computed in
parallel to the MatMuls. The natural logarithm (/n) and exponential (exp) computations can be
calculated using look-up tables (LUTs). Prior work, such as [225], showcased the promising results
and reliable implementations for memristor-based content addressable memories (CAMs) and
LUTs. Accordingly, we propose utilizing similar memristor-based LUTs for the /n and exp
computations. This also helps get the final softmax output as an analog value from the memristor
cell in the LUT, which can be used to directly tune the MR bank array, without the need for further
opto-electronic conversions. Furthermore, our scaled dot-product attention design enables high
parallelism because the bottom vertical cavity surface emission laser (VCSEL) array (Figure 80(a))
can be synchronized to only be turned on when the softmax operation is done. Accordingly, the

total delay for one pass in an attention head is as follows:

1) =6 o 6 6 1)
Atthead Aarray + WQarray + QKT/‘,dKarray + Opp + Oypc +

5buffer + 5softmax + 5MatMul + 5PD- (71)
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The linear layer in MHA is also implemented optically using two MR bank arrays (Figure
80(b)). For adding the MHA input to its current output (implementing the residual connection),
coherent photonic summation is employed, as shown in Figure 80(c), where the output signal from
the linear layer is used to directly drive a VCSEL with wavelength A.. Another VCSEL with the
same wavelength, is driven by value(i) from the residual connection, and thus, when the two
waveguides meet, they undergo interference, resulting in the summation of the two values.
Coherent summation is ensured by using a laser phase locking mechanism [189], which guarantees
that VCSEL output signals have the same phase for constructive interference to occur. Lastly, layer
normalization (LN) is performed optically using a single MR, tuned by the LN parameter. The

entire MHA architecture is shown in Figure 80(d).

9.2.4 FEED FORWARD (FF) UNIT DESIGN

The FF Unit (Figure 81(a)) is composed of two fully connected (FC) layers, with a non-linear
activation in between. Each FC layer is accelerated using two MR bank arrays, with dimensions
Kx N: one to imprint the input activations and the second to compute the MatMul between the
inputs and the weight matrices. The bias values are added using coherent photonic summation,
discussed in the previous section. For the non-linear unit, we implemented an optical RELU unit,
with semiconductor-optical-amplifiers (SOAs). When the gain in an SOA 1is adjusted to a value
close to 1, the behavior becomes almost linear, resembling the RELU operation. The work in [212]
demonstrated how SOAs can be exploited to implement other non-linear functions such as Sigmoid
and fanh. This expands the scope of TRON and enables us to implement the GELU operation (used

in ViT) instead of the RELU, optically. The GELU operation can be approximated as follows [226]:
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GELU(x) = x®(x) = 05x(1+ tanh [/2/T1 (x + 0.044715x%))

= x0(1.702x). (72)
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Figure 81. (a) FF block composed of four-MR bank arrays with dimensions Kx N, SOA-based
RELU and GELU units, and bias and residual connection additions, done with coherent photonic
summation; (b) GELU unit composed of three MRs, a semiconductor-optical-amplifiers (SOA),
and a VCSEL.

As shown in Fig 5(b), the first multiplication (1.702x) is implemented using a single MR, and
the sigmoid function is computed using the SOA implementation, described above. The last
multiplication of the input with the sigmoid output is calculated using two MRs. To store the input
signal and use it to tune the second MR, a low-power, local storage mechanism is used where the

analog input signal from the PD is stored in a memristor cell to directly tune the last MR.
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The output from the non-linear unit is then buffered and used to tune the MRs in the first bank
array of the second FC layer (Figure 81(b)), to be multiplied by the weight matrix (W2). Following
the second FC layer, the normalization layer is implemented using an MR, the residual connection
is added through coherent photonic summation, and the final normalization layer is implemented

with another MR.

9.2.5 TRON ARCHITECTURE

The architecture of TRON (Figure 79) is designed to accelerate various transformer ANN
models. Given a transformer’s sequential nature and unique structure, TRON is designed to support
efficient sequential operations where needed, while also implementing parallel hardware to
accelerate parallelizable operations. TRON is composed of two sets of MHA units and one set of
FF units. Each set has a dimension of L. Such an arrangement enables both the encoder and decoder
blocks to easily reuse most of the units. In case of the encoder block, the first VCSEL array will
be used to drive the input to the second set of MHA units only. The MHA unit can be divided into
two parts: before and after the softmax operation. As softmax (see (1)) cannot be computed till the
first part is completed, both parts cannot be parallelized. However, the MatMul operations in the
second part can be parallelized with the MatMul operations in the FF unit. For the decoder block,
the first VCSEL array is used to drive the input to the first set of MHA units. Its output is used as
the input to the second MHA unit whose output then drives the FF unit. Moreover, VCSEL-reuse
by having a shared VCSEL array and reusing the same wavelengths across all rows of each MR
bank array reduces the laser power consumption and inter-channel crosstalk. Accordingly, single
VCSEL arrays are shared among rows in each MR bank array and used to imprint the input

activations.
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9.3. EXPERIMENTS AND RESULTS

We performed detailed simulation-based analyses to assess the efficiency of our proposed
TRON architecture. Four transformer models were considered in our analyses: Transformer-base
[10], BERT-base [218], Albert-base [219], and ViT-base [220]. The model parameters are shown
in Table 22, where doqe and dgrare the dimensionality of input/output and FF layers. We developed
a simulator in Python to estimate the area, performance, and energy costs associated with running
each model. The area, performance, and energy estimates for all electronic buffers used in TRON
were estimated using the CACTI tool [101] at 28nm; while the electronic circuit in softmax, was
synthesized using Xilinx Vivado at 28 nm and the resulting power/delay estimates were used in

our analyses. Tensorflow 2.9 was used to train and analyze each model’s accuracy.

Table 22 Transformer model configurations

Model Parameters Layers Heads dmodel dse
Transformer-base 52M 2 8 512 2048
BERT-base 108M 12 12 768 3072
Albert-base 12M 12 12 768 3072
ViT-base 86M 12 12 768 3072
Table 23 Transformer model performance
Accuracy Accuracy
Model Dataset(s) (32-bit) (8-bit)
Transformer-base Ted_hrlr_translate 66.73% 70.4%
Sentiment-Analysis-of-
BERT-base IMDB-Movie-Reviews 85.8% 85.8%
Sentiment-Analysis-of-
Albert-base IMDB-Movie-Reviews 88.3% 88.7%
ViT-base ImageNet/Cifar-10 97.7% 98.0%

The achieved accuracies and the datasets associated with each model are as shown in Table
23. As shown, Transformer, BERT, and Albert models were used for NLP tasks (language

translation and sentiment analysis). ViT was evaluated using an image classification task, with
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pre-training on ImageNet and fine-tuning on Cifar-10. Our analysis concluded that 8-bit model
quantization results in comparable algorithmic accuracy to models with full (32-bit) precision;

thus, we targeted the acceleration of 8-bit precision transformer models.

The optoelectronic parameters examined for TRON’s simulation-based analysis are shown in
Table 24. We considered various factors that contribute to photonic signal losses such as:
waveguide propagation loss (1 dB/cm), splitter loss (0.13 dB [122]), combiner loss (0.9 dB [123]),
MR through loss (0.02 dB [124]), MR modulation loss (0.72 dB [125]), EO tuning loss (6 dB/cm
[40]), and TO tuning loss (27.5 mW/FSR [39]). Increasing the number of wavelengths and the
waveguide length will in turn increase the MR count, photonic loss, and the required laser power
consumption. Accordingly, we modeled the required laser power used in our architecture for each

source as:
Plaser - Sdetector = Pphoto_loss + 10 x I0910 N/la (73)

where Py, 1s the laser power in dBm, S;.¢ector 1S the PD sensitivity in dBm, N is the number
of laser sources/wavelengths, and Ppp¢0 10ss 18 the total optical loss encountered by the signal, due

to the factors discussed. In the next subsection, we describe our analyses to determine the optimal

values for TRON'’s architectural parameters H, L, K, and N, which were discussed in section 9.2.

Table 24 Parameters considered for tron analysis

Devices Latency Power
EO Tuning [40] 20 ns 4 uyW/ nm
TO Tuning [39] 4 ps 27.5 mW/FSR
VCSEL [47] 0.07 ns 1.3 mW
Photodetector [47] 5.8 ps 2.8 mW
SOA [47] 0.3 ns 2.2 mW
DAC (8 bit) [168] 0.29 ns 3 mW
ADC (8 bit) [175] 0.82 ns 3.1 mW
Memristor cell [47] 0.1 ns 0.07 yW

255



9.3.1 TRON ARCHITECTURE DESIGN OPTIMIZATION

The TRON architecture design is dependent on four key parameters, as discussed in Section
9.2: H (the number of heads in the MHA unit), L (the number of layers), K (the number of rows),

and N (the number of columns in each MR bank array).

We performed an exploration to determine the optimal [H,L,K,N] configuration for TRON,
defined as the configuration with lowest EPB/GOPS, where EPB is a measure of energy-efficiency
(energy-per-bit) and GOPS is a measure of throughput performance (giga-operations-per-second).
We also set a maximum power limit of 100W for the configuration. The result of this exploration
is presented in the scatterplot in Figure 82(a). The optimal configuration [4,2,51,17], is highlighted
with the pink star. This configuration is used in the comparative analysis with GPU, CPU, TPU,

and other accelerators in the following subsections.

For the MR-bank design, the models described in Section 9.2.2 were used to perform another
exploration study. Using the SNR model (3), with the R;,,, constraint (14), we explored the MR
bank design space to find the parameters [Rune, O,SNR,CS], with the aim of maximizing tuning
range Ry ne. We considered Nygp,e; of 2871, an FSR of 20 nm, Q-factor ranging from 2000 to 8000,
and channel spacing ranging from 0.1 to 1 nm. The result of the exploration is as shown in Figure

82(b), where we have selected the data point with the best Ry, ,.: [0.45, 6500, 24.3, 1].
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Figure 82. (a) Architectural optimization for TRON, to find the optimal [H, L, K, N]
configuration with the best energy-efficiency and throughput. The best configuration,
[4,2,51,17], has the lowest EPB/GOPS value and a maximum power of 100W is shown with the
pink star; (b) MR bank optimization for TRON, aiming to identify optimal [Rune, Q,SNR,CS]

design point. The best point [0.45,6500,24.3,1] with highest Ru.. value, is shown with the pink
star.
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Figure 83. Power and latency breakdown across TRON components

9.3.2 TRON ARCHITECTURE COMPONENT-WISE ANALYSIS

To understand the performance of the major components within the TRON architecture, we
present a breakdown in terms of power and latency for these components in Figure 83. We focused
on the contributions for the main operations across transformer models: MatMuls in attention
heads, addition and normalization layers, linear layers, non-linear layers, FC layers in the FF
blocks, and the RAM-based buffers. For the power, it is evident that MatMul operations in the
attention heads contribute to more than half of the architecture’s power overhead. This is because
of the large dimensions of the matrices being multiplied in the MHA blocks, in each attention head.
This requires many digital-to-analog converters (DACs), whose power consumption is
considerable. Moreover, the sequential dependency in the attention head also contributes notably
to the latency overhead. As Albert shares all attention and FF parameters across layers [219], this
leads to a minimization of the number of active DACs, reducing the overall power consumption
for the Albert model.
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9.3.3 COMPARISON TO STATE-OF-THE-ART ACCELERATORS

We compared TRON execution on multiple processors and state-of-the-art transformer
accelerators: Tesla V100-SXM2 GPU, TPU v2, Intel Xeon CPU, TransPIM [221], FPGA
transformer accelerator in [222] (FPGA_Accl), VAQF [223], and FPGA transformer accelerator
in [224] (FPGA_Acc2). VAQF focuses on vision transformers and FPGA-Acc2 on traditional
encoder-decoder transformer architectures and transformer-based language models; results for
these two platforms are thus restricted to the models they are targeted for. We used power, latency,
and energy values reported for the selected accelerators, and results from executing models on the
GPU/CPU/TPU platforms to estimate the EPB and GOPS for each model. The TRON architectural
configuration used in the comparisons has a maximum power of 100W, and is the one described

in Section 9.3.1.

Figure 84 shows the GOPS comparison between TRON and the other architectures considered.
Our architecture achieves on average 262x, 1631x, 1930x, 14x, and 55x better GOPS than GPU,
TPU, CPU, TransPIM, and FPGA_Accl, respectively. When comparing transformer model-
specific accelerators, TRON has on average 352x higher GOPS than FPGA_Acc? for transformer,
BERT, and Albert models, and 846x higher GOPS than VAQF for ViT. The higher throughput
over all compute platforms can be explained in terms of TRON’s high-speed execution in the

optical domain and the minimal computations in the digital/electric domain.

Figure 85 presents the energy-per-bit (EPB) comparison. On average, TRON attains 4231,
12397x%, 10971x, 14x%, and 8x lower EPB than GPU, TPU, CPU, TransPIM, and FPGA_Accl. For
model-specific accelerators, we achieve on average 802x lower EPB than FPGA_Acc2 for

transformer, BERT, and Albert models, and 32x lower EPB than VAQF for ViT. These EPB
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improvements can be attributed to TRON’s significant low latency operation, and the relatively

lower power compared to some of the compute platforms considered.
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Figure 84. Throughput comparison between transformer accelerators and platforms.
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Figure 85. EPB comparison between transformer accelerators and platforms.

9.3.4 TRON FOR EDGE ENVIRONMENTS

Edge computing environments have stringent power constraints for accelerators. We

performed a design space exploration, similar to that described in Section 9.3.1, to find an edge-
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friendly TRON configuration with a power limit of 10W (instead of 100W that we considered
earlier). We identified the optimal edge configuration values for [H,L,K,N] as [4,1,12,12]. Figure
86 illustrates a comparison for the average power, GOPS, and EPB values across models, among
TRON_edge, TRON, and the platforms previously discussed. The values shown are normalized to
those obtained for the CPU. Our TRON_edge accelerator consumes on average, considerably lower
power (~10W). While the GOPS values slightly decrease, the edge configuration’s throughput still
outperforms all compute and accelerator platforms by at least 16%. The EPB value for TRON_edge
is higher than for TRON but it still is on average 4x to 6292x lower than all other platforms. In
this manner, TRON can be customized to provide the best performance and energy-efficiency for

any given target power consumption constraint.
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Figure 86. TRON_edge’s power, throughput, and energy comparison.

9.4 CONCLUSIONS

In this chapter, we presented the first non-coherent silicon photonic hardware transformer
accelerator, called TRON. Our proposed accelerator architecture exhibited throughput
improvements of at least 14x and energy-efficiency improvements of at least 8x when compared

to eight different processing platforms and state-of-the-art transformer accelerators. We also
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showed how to adapt TRON to different scenarios, such as edge computing environments. These
results demonstrate the promise of TRON in terms of energy-efficiency and high-throughput
inference acceleration for transformer neural networks. This chapter focused on the hardware
architecture design with silicon photonics. When combined with software optimization techniques
that aim to reduce a transformer’s large memory footprint, such as model compression, parameter
sharing, and attention window-size reduction, even better throughput and energy efficiency may

be achieved.
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CHAPTER 10: LEVERAGING 2.5 D PLATFORM FOR IMPROVING NONCOHERENT

ACCELERATOR PERFORMANCE

Deep neural networks (DNNs) are ubiquitously employed today in a wide range of
applications, including, but not limited to, autonomous vehicles, medical diagnosis, network
security, recommendation systems, and navigation solutions [227], [228], [229], [230], [231]. To
cater to the objectives of these applications, DNNs have become quite varied, with the DNN family
including convolution neural networks (CNNs), recurrent neural networks (RNNs), graph neural
networks (GNNs), transformers, etc. A commonality among these DNN variants is the increasing
model complexity and upward trend of parameter count. To meet the processing and latency
demands of these applications, the hardware architecture must also scale in terms of processing
capabilities, on-chip memory capacity, and on-chip communication capabilities. Graphic
processing units (GPUs) are usually tasked with accelerating DNN execution today, but several
limitations of the general-purpose nature of GPU architectures have become apparent in recent
years. These limitations include high power consumption, increasing area overhead, reducing

performance per watt, and memory bandwidth limitations [232].

The limitations of GPUs highlight the need for more efficient domain-specific accelerator
architectures. However, the growing processing requirements of modern DNNs does not favor
monolithic (single chip) architectures [233]. Monolithic implementations of domain specific
accelerators can face scalability, power density, fabrication yield, and latency issues [234]. To
tackle these problems and to effectively accelerate modern DNNs in a scalable manner, 2.5D

architectures are actively being considered today [235].
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Scaling 2.5D architectures comes with the challenge of increasing inter-chiplet distances. In
this scenario, it can be shown that inter-chiplet metallic interconnects pose a major challenge to
system performance due to excess latency and energy consumption [236]. Because of these
limitations, electrical interconnect alternatives must be considered to ensure that 2.5D accelerators

can deliver on the demands for low latency and energy-efficient DNN acceleration.

Optical interconnects based on silicon photonics can overcome the limitations posed by
metallic interconnects through advantages such as high bandwidth communication [237], single-
hop data propagation [238], and high energy efficiency [239]. Silicon photonic interconnects also
allow for ease of broadcast [239], [99], which is a desirable feature for DNN acceleration [240],
[241], [242]. Further energy and latency benefits can be extracted from photonics by utilizing
photonics for computation as well. Many prior efforts have shown that photonic processing for
DNN inference acceleration provides significant benefits in terms of latency and energy efficiency
[243], [162], [244], [43], [46], [111], [138], [44], [47]. Thus, it stands to reason that utilizing
photonics for both communication and computation may amplify the aforementioned benefits. In
this work, we explore the benefits provided by silicon photonic chiplets and networks for DNN

acceleration in 2.5D chiplet platforms.

The organization of the remainder of this chapter is as follows. An overview of silicon
photonics is provided in Section 10.1. Section 10.2 discusses silicon-photonic-based DNN
accelerators. In Section 10.3, state-of-the-art silicon photonic interposer networks are presented.
Section 10.4 describes our 2.5D chiplet-based DNN accelerator. Section 10.5 presents various
experimental results. Finally, Section 10.6 provides conclusions and open challenges in this

emerging area.
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10.1 SILICON PHOTONICS: BACKGROUND

Silicon photonics emerged as a CMOS-compatible technology to enable chip-scale optical
communication. To achieve this, silicon-on-insulator (SOI) waveguides are employed, which use
silicon (Si) for the core material and silicon-dioxide (Si0O2) for cladding and substrate material.
Moreover, by using wavelength-division multiplexing (WDM), optical signals on different
wavelengths can simultaneously traverse the same waveguide. Silicon photonics promises high
energy efficiency, bandwidth density, and low latency, as the overall scale in terms of
communication distances increases [32]. Due to the benefits that silicon photonics offers, there has
been a growing interest in using silicon photonics for computation, including realizing digital logic
using photonics [245], [246]. To realize any photonic-based computation or network system, there

is a need for many fundamental components, as discussed next.

Silicon photonic waveguides are analogous to metallic wires in electrical chips and enable
optical signal transmission and routing in chips. Photonic waveguides operate on the principle of
total internal reflection (TIR) to contain and guide optical signals [247]. To ensure TIR, these
waveguides require high refractive index contrast between their core and cladding materials (e.g.,

an SOI platform).

Lasers are a key requirement for any photonic system as they act as light sources for
communication and computation. The laser sources employed can be on-chip or off-chip [248].
Off-chip lasers offer better light emission efficiency, but they face high optical power losses during
coupling to on-chip waveguides. On-chip lasers provide better integration density and lower
optical loss, as there is no need to couple light, but they suffer from low light emission efficiencies.

In most photonics-based systems, the laser that is commonly utilized is a vertical cavity surface
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emission laser (VCSEL) or a microring laser. If off-chip lasers are used, then couplers are
necessary devices to couple the optical signals from off-chip sources to on-chip waveguides.

Coupling solutions employed can be surface grating couplers or edge couplers [249].

Microring resonators (MRs) are photonic devices that are widely used to design modulators,
switches, and optical filters [116]. In computation systems, they can be used to perform
multiplication operations, through amplitude modulation [37]. MRs are fabricated with a ring-
shaped silicon photonic waveguide (see Figure 87). An MR can be in one of two different states
of on- or off-resonance, based on which the optical signal can be switched to different ports. The
resonant wavelength of an MR can be tuned using electro-optic (EO) or thermo-optic (TO) effects
of silicon that alter the effective index of the composite waveguide of the device. In a
communication system, active MRs or MRs with a tuning circuit are used to filter wavelengths
that correspond to Os in an on-off keying (OOK) modulation scheme. In advanced modulation
schemes such as 4 pulse amplitude modulation (PAM-4) [88], MRs can be used to modulate signal
amplitude on four distinct levels. Multiple MRs sensitive to the same wavelength can be used for
consecutive amplitude modulation resulting in parameter multiplication. Microdisk resonators [37]
are similar to MRs but are composed of a disk structure instead of a ring structure. They are more

compact than MRs but have higher operation losses.

Mach-Zehnder interferometers (MZIs), are made of two 3-dB directional couplers and two
waveguide arms with phase shifters. The phase shifters, implemented using electro-optic or
thermo-optic tuning, can change the optical phase in one or both arms of the MZI, introducing
constructive or destructive interference at the output, to switch an optical signal between the output

ports. MZIs are applied to the design of optical modulators, switches, and filters. MRs have a
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smaller footprint and lower power consumption than MZIs. However, MZIs provide better thermal

stability in operation and better extinction ratios than MRs .
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Figure 87. Microring resonator (MR): (a) off / on states, (b) MR filter, and (c) MR modulator.

Photodetectors (PD) are used to convert photonic signals to electrical signals. The operation of
a PD may trade off bandwidth of operation with power efficiency. An efficient PD provides the
desired electrical output with a small optical signal at its input. However, this small optical signal
at the input of a PD may result in a low-bandwidth performance. For an efficient conversion of a
photonic signal to an electrical signal, the intensity of the photonic signal received by the PD
should be larger than the responsivity of the PD. High-bandwidth PDs can be employed in photonic

computation to perform accumulation operations across signals of different wavelengths [32].

10.2 SILICON-PHOTONIC-BASED DNN ACCELERATORS

With the promise of improved energy efficiency and latency, silicon photonics for DNN
acceleration has become increasingly prominent in both academic and industrial research [37].
Photonics is especially suited to accelerate DNN inference operations, which rely heavily on fixed

matrix multiplications. The linear transformations involved in matrix multiplication can be
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implemented efficiently in the analog domain using photonics. Silicon photonic DNN accelerators

can be implemented as either coherent or non-coherent architectures, as described below.

Coherent architectures utilize a single wavelength and rely on constructive and destructive
interference to change the relative power levels of a coherent optical beam [243], [162], [244].
Optical phase control is used to imprint the parameters onto the light wave signals. To achieve
this, coherent architectures make use of MZIs, with phase modulators embedded on their arms.
Weighting occurs with electrical field amplitude attenuation proportional to the weight value, and
phase modulation that is proportional to the sign of the weight. Cascaded combiners, which
facilitate coherent interaction of the signals, are used for accumulation. A lot of work in this field
is focused on reducing the computational complexity of the DNN being implemented on-chip. The
reduction of computational complexity is achieved using pruning methods [243] or singular value

decomposition (SVD) [162], [244].

Noncoherent architectures, such as [43], [46], [111], [138], [44], [47] use multiple
wavelengths, where each wavelength can be used to perform computations in parallel. In these
architectures, parameters are imprinted onto the signal amplitude using wavelength-selective
devices, such as MRs. Several prior works, as mentioned above, have explored DNN acceleration
using non-coherent photonic principles. In [43], an MR-based DNN accelerator architecture was
proposed which utilizes modular vector-dot-product units with optimized MR designs and tuning
circuit optimization, for energy and throughput efficiency. For further optimizing power and
energy consumption of non-coherent accelerators, especially at the electrical-photonic interface,
[46] employed heterogeneous quantization (i.e., potentially different parameter bit-widths for each
DNN layer) along with hardware-software co-optimization. For lowering area and power

consumption, the work in [111] utilized microdisks instead of MRs. For further reducing the power
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consumption at the electro-optical interface, binarized neural networks can be considered. A
microdisk-based photonic accelerator was proposed in [138] for fully binarized DNNs (single-bit
weight and activation parameters). While fully binarized neural networks offer higher efficiency
in storage and power consumption, they may lack in achievable accuracy. To tackle the accelerator
needs of partially binarized neural networks, the work in [44] proposed an MR-based partially
binarized DNN accelerator. Non-coherent architectures have also been proven effective for RNN
acceleration, as shown in [47]. In [47], the speed of operation of the photonic accelerator substrate
was used to perform large-scale matrix operations needed for different types of RNNs, including

deep long short-term memory (LSTM) and gated recurrent unit (GRU) models.

10.3 SILICON PHOTONIC INTERPOSER NETWORKS

Conventionally, chiplet systems are packaged using passive [250] and active [251] electronic
interposers. Compared to passive electronic interposers, active electronic interposers employ an
interconnection fabric with logic elements, instead of only passive metal interconnects to offer
better communication scalability. However, both active and passive electronic interposers are
unable to efficiently support a system with a large number of chiplets due to the inherent limitations
of metallic interconnects: high latency for long interconnects and low bandwidth per each

interconnect.

On the other hand, as optical interconnects offer low latency and high bandwidth, a photonic
interconnection fabric can be a promising solution for interposer designs. Therefore, photonic
interposers have recently received much attention in chiplet systems [236], [237]. For example,
[236] employs high-bandwidth arrayed-waveguide grating routers (AWGRSs) to get around the

high latency and low bandwidth of conventional electronic interposers used in chiplet systems.
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Besides the high bandwidth and low latency in long interconnects, silicon photonic interposers are
inherently capable of dynamic inter-chiplet bandwidth tuning. PROWAVES [237] describes a
photonic interposer network that dynamically manages inter-chiplet bandwidth by tuning the
number of active wavelengths with respect to the traffic load. Under a low traffic load, where low
bandwidth is required, PROWAVES utilizes a smaller number of wavelengths and deactivates
unused wavelengths in an off-chip laser to save power consumption. On the other hand, under a
high traffic load, PROWAVES activates a larger number of wavelengths to offer a high bandwidth
and, as a result, high performance for inter-chiplet communication at the cost of higher power
consumption. To handle high traffic load in PROWAVES, a high bandwidth gateway on each
chiplet is used (i.e., a gateway with a large number of wavelengths). However, in this architecture,
the high bandwidth gateway can create congestion on the chiplet as all the nodes on the same
chiplet utilize the same gateway to communicate with the interposer. Moreover, access to the
gateway is not enabled in a fair manner for the nodes across the chiplets. For example, a node far

from the gateway can encounter very high latency to reach the gateway.
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Figure 88. PCM-based coupler (PCMC) used in ReSiPI with three states: (a) crystalline, (b)
partially crystalline, and (c) amorphous.

ReSiPI [252] improves on the PROWAVES design by employing several gateways on a chiplet
with a relatively lower number of wavelengths. Moreover, ReSiPI manages inter-chiplet

bandwidth while considering the online traffic by tuning the number of active gateways instead of
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the number of active wavelengths. In the ReSiPI architecture, the traffic load of inter-chiplet
communication is monitored in time epochs and the number of active gateways is defined based
on the required inter-chiplet bandwidth. Activating or deactivating gateways is done using a phase-
change-material-based coupler (PCMC), based on the coupler design in [253]. As shown in Figure
88, a PCMC can be in three states: 1) crystalline state to guide input light to the Bar (B) output, 2)
partially crystalline state to guide a portion of input light to the Cross (C) output and the rest to the
Bar output, and 3) amorphous state to guide the light to the Cross output. CLam and CL.r are the
coupling lengths of the amorphous and crystalline states, respectively. By tuning the ratio of CLam
to CL.r the appropriate input optical power from an optical laser to a writer gateway can be
adjusted. Typically, in a silicon photonic network where a writer gateway modulates data on an
optical signal to be received by a reader gateway, passive splitters are used to divide and deliver
the optical signal from the optical laser to the writers. However, passive splitters prevent the
network from dynamically deactivating writer gateways, while the PCMC can tune optical input
of each writer and facilitate dynamic gateway activation and deactivation. Using the PCMC, the
ReSiPI interposer is designed to reconfigure the number of active gateways and improve power
consumption of the network. A controller is used to tune the number of active gateways in each
chiplet according to the inter-chiplet traffic of that chiplet. Based on the number of active
gateways, the PCMCs are tuned to deliver appropriate optical power to each gateway. Besides
tuning the PCMC, the controller also tunes the laser power accordingly, to save the power

consumption of the laser.
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10.4 SILICON PHOTONIC 2.5D DNN ACCELERATORS

To explore the implications of accelerating DNNs on 2.5D interposer platforms, we present a
case study that involves extending the CrossLight [43] photonic DNN accelerator to the 2.5D

chiplet platform.

CrossLight is a neural network accelerator designed to perform high speed multiply and
accumulate (MAC) operations in the photonic domain. However, the original monolithic
CrossLight architecture suffers from low scalability and relatively low energy efficiency. We
propose to use a ReSiPI-based photonic interposer architecture to design a more scalable and
energy-efficient 2.5D CrossLight implementation. A high-level overview of our chiplet-based
2.5D CrossLight accelerator with a photonic interposer is shown in Figure 89. Several chiplets are
packaged on a silicon photonic interposer substrate. We consider different types of chiplets as part
of a heterogeneous architecture. Such a heterogeneous design allows system-on-chip (SoC)
designers to utilize appropriate off-the-shelf chiplets and create diverse 2.5D packages to meet

their design targets [234].

The chiplets in the proposed architecture consist of various computational and memory
chiplets. One or more chiplets consist of an optically-interfaced memory architecture, such as high
bandwidth memory (HBM; shown in Figure 89), with a dedicated gateway to communicate with
the rest of the system. Each compute chiplet (e.g., chiplets 1-4 in Figure 89) hosts several photonic
MAC units and has its local gateway(s) to read data from the memory chiplets and write data to
them through the interposer network. Each gateway has two main parts: electronic circuitry on the
chiplet and a Microring Resonator Group (MRG) on the interposer. The electronic part of a

gateway is connected to the microrings of an MRG using the microbump technology.
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Figure 89. Overview of proposed 2.5D interposer chiplet-based DNN accelerator architecture.

The photonic MAC units utilize noncoherent photonics to perform multiply operations
between parameters, and photodetectors are used to obtain the sum of products. The weights and
activations are imprinted on wavelengths using banks of wavelength-specific MR filters. The
imprinting process follows the broadcast-and-weight protocol as described in [38]. Even though
the proposed design utilizes photonic communication to move data, moving multi-bit amplitude
modulated data in a robust manner is challenging. Thus, the interposer relies on on-off keying
(OOK) based data transmission, with intermediate photonic-to-electronic conversion at the
gateways and buffering of the parameters at the MAC units. The buffered data is used to tune the
respective MRs so that the parameter value can be represented using the wavelength amplitude.
For tuning the MRs, EO tuning is used. The proposed architecture employs heterogeneous MAC

unit sizes (size referring to the size of the vectors that can be deployed) across different chiplets to
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cater to the different kernel sizes and to handle the large-scale MAC operations needed for the
fully connected layers. For example, in Figure 89, Chiplet 1 includes 3x3 convolution MACs,
while Chiplet 2 contains 7x7 convolution MACs. Moreover, as footprint of MACs with various
sizes are different, the number of MACs per chiplet can vary for each chiplet. Figure 90 shows an

overview of a MAC unit.
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Figure 90. MAC unit architecture (DAC: digital to analog converter).

An example of the optical interface and communication on the interposer in this architecture
is shown in Figure 91. In this example, MACs are reading data from the HBM on a separate chiplet.
For successful communication, a writer gateway, including buffers to store and forward data, is
utilized in the HBM chiplet, and similarly, a reader gateway is utilized on the chiplet with MAC
units. The stored data in the buffers of the writer gateway is modulated on the optical signals
which are generated by an off-chip laser. Different colors of modulators show that they are used

to modulate different optical signals on different wavelengths.
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Figure 91. Example of optical communication on interposer: MACs are reading data from
memory.

As discussed earlier, employing several optical signals with different wavelengths enables our
network to transmit more data at the same time on the same waveguide, to improve the
communication bandwidth. Several MR filters are also connected to the reader gateways. Each
MR filter is tuned at a specific wavelength to filter and drop the specified optical signal. After this
step, the optical signal is converted to an electronic signal using a photodiode, and this signal is
delivered to the reader chiplet using microbumps. The reader gateway converts the electronic
signal to digital data, and stores the received data in its buffer. Finally, the data will be forwarded
to the MAC:s. Such a protocol for optical communication, where a reader is receiving data from a
writer using a waveguide, is called the single writer single reader (SWSR) protocol. Similarly, if
several readers are receiving data from a writer using a waveguide, the protocol is referred to as

single writer multiple reader (SWMR) protocol.

275



PCM -based coupler (PCM C) Microring resonator group (MRG)

S Modulator row

\
I Ou
| _F}t/er row
1
lio (0]

r

Optical MRG,
terminator Ot (. Q'O O I 0 O O

¢ 'oooo’

Figure 92. Silicon photonic network in our 2.5D chiplet-based DNN accelerator. Each MRG is
connected to a gateway on a chiplet.

In our architecture, we have two types of traffic between the chiplets: 1) reading weights and
inputs needed by MACs from memory, and 2) writing MAC outputs to the memory. As a result,
from the memory chiplet to the compute chiplets, we utilize the SWMR protocol to perform reads
from memory. Moreover, from the compute chiplets to the memory, we use the SWSR protocol.
Therefore, the MRG of the memory chiplets requires several sets of MR filters (each set of MR

filters is a row of the MRG shown in Figure 89) to receive data from the compute chiplets. On the

276



Normalized Power

other hand, a compute chiplet requires only one set of MR filters as it only receives data from the

memory. Both compute and memory chiplets require one set of MR modulators to send data.
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Figure 93. Performance analysis of CrossLight, 2.5D-CrossLight with electronic interposer, and
2.5D-CrossLight with silicon photonic interposer, (a) normalized power consumption, (b)
normalized total latency, and (c) normalized energy-per-bit

An example of our 2.5D CrossLight with the integrated ReSiPI interposer is shown in Figure
93. Although this example is shown with six gateways (associated with one memory chiplet and
five compute chiplets), the interposer design can be extended to a larger system without loss of
generality. As shown in Figure 93, the MRG of the memory chiplet (MRGm) has six filter rows to
receive data from the six gateways of the compute chiplets (MRG1 — MRGg), while MRGy, has one
row of modulators to send data to all the gateways. The photonic interposer network architecture
is a passive network to save energy. This means that there is a specific waveguide to transmit data

from each writer gateway to each reader gateway and the route (waveguide) does not change.
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Table 25 Modeling parameters

Parameter Value
Data rate of optical link (per wavelength) 12 Gb/s
Gateway frequency 2 GHz
Electrical network-on-chip link width 128 bits
Electrical network-on-chip frequency 2 GHz
Number of wavelengths 64
Number of memory-chiplets 1
Number of compute-chiplets 8
Number of chiplets 2
100 unit dense MAC Number of MACs per chiplet 4
Number of MACs per gateway 1
Number of chiplets 1
7x7 convolution MAC Number of MACs per chiplet 8
Number of MACs per gateway 2
Number of chiplets 2
5%5 convolution MAC Number of MACs per chiplet 16
Number of MACs per gateway 4
Number of chiplets 3
3%3 convolution MAC Number of MACs per chiplet 44
Number of MACs per gateway 11
Table 26 Considered dnn models in our evaluation.
Model CONV layers FC layers Parameters
LeNet5 3 2 62,006
ResNet50 53 1 25,636,712
DenseNet121 120 1 8,062,504
VGG16 13 3 138,357,544
MobileNetV2 52 1 3,538,984

10.5 EXPERIMENTAL RESULTS
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We designed two variants of the 2.5D CrossLight architecture: with a ReSiPI-based interposer
[252] (2.5D-CrossLight-SiPh-Interposer), and an electrical mesh interposer [251] (2.5D-
CrossLight-Elec-Interposer). We also compare the two 2.5D CrossLight variants with the original

monolithic (single-chip) CrossLight architecture in terms of power, latency, and energy efficiency.




The model parameters assumed in this study are summarized in Table 25. We also employ the
power model and power parameters used in [237] and [252]. We consider one memory chiplet and
eight compute chiplets in which two of the chiplets include dense-layer MACs and six of them
include convolution layer MACs (3x3, 5x5 and 7x7 convolution MACs). We used various DNN

models, summarized in Table 26, for our evaluation.

The performance results are shown in Figure 93. In general, 2.5D-CrossLight-SiPh-Interposer
is able to achieve superior energy efficiency and latency across almost all models, except for very
small ones (e.g., LeNet5). The heterogeneous chiplets and high bandwidth inter-chiplet photonic

network enable more energy-efficient execution of DNNs than in the monolithic CrossLight case.

2.5D-CrossLight-SiPh-Interposer imposes a non-trivial power overhead as its photonic
network consumes higher power for communication than an electronic network. However, 2.5D-
CrossLight-SiPh-Interposer has lower power consumption in the smaller DNN models (e.g.,
LeNet5) as the ReSiPI controller reconfigures the photonic interposer and deactivates unnecessary
gateways. Nonetheless, for the smaller models, where each layer only takes up a small fraction of
the overall compute real estate, the 2.5D-CrossLight-SiPh-Interposer overheads become

significant and adversely affect energy efficiency (e.g., LeNet5).

For larger models where multiple layers are mapped to chiplets, the 2.5D-CrossLight-SiPh-
Interposer overheads in terms of power consumption are amortized across these mappings. The
controller also activates gateways in the large models to cope with high traffic volumes, which
helps to improve inter-chiplet latency. Although 2.5D-CrossLight-Elec-Interposer has lower
power consumption, it suffers due to the significantly higher latency of metallic interconnects,

especially for relatively long distances on large interposers.
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On average, in comparison with monolithic CrossLight, 2.5D-CrossLight-SiPh-Interposer
shows 6.3x lower latency, which also results in 5x lower energy-per-bit (EPB). Compared to 2.5D-
CrossLight-Elec-Interposer, 2.5D-CrossLight-SiPh-Interposer offers 34.2x lower latency and
17.2x lower EPB. Such significant improvement comes from the ability in 2.5D-CrossLight-SiPh-
Interposer to select appropriate chiplets to map layers of each DNN model and tuning the required
inter-chiplet bandwidth accordingly. As 2.5D-CrossLight-SiPh-Interposer performs well for larger
models, such a photonics-based platform is scalable to support emerging large DNN model

acceleration.

Table 27 Average power, latency, and energy-per-bit across electronic and photonic dnn
accelerator platforms.

Power (W) | Latency (ms) | EPB (nJ/bit)

CrossLight [43] 50.8 8 3.49
2.5D-CrossLight-Elec 48.3 43.8 11.9
2.5D-CrossLight-SiPh 95.93 1.28 0.69
Nvidia P100 GPU 250 13.1 12.3
Intel 9282 CPU 400 86.5 64.4
AMD 3970 CPU 280 141.3 73.7
Edge TPU 2 2366.4 17.6
Null Hop [155] 2.3 8049.3 68.9

Deap_CNN [110] 122 619.01 1959.4
HolyLight [111] 66.5 86.4 40.3

We also compared 2.5D-CrossLight-SiPh-Interposer accelerator with state-of-the-art
accelerators in terms of average power, latency (total latency of layers), and EPB (Table 27). 2.5D-
CrossLight-SiPh-Interposer can be seen to outperform these accelerators in terms of latency and

EPB.
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10.6 CONCLUSIONS AND OPEN CHALLENGES

In this chapter, we presented a 2.5D chiplet platform-based photonic DNN accelerator where
both communication on the interposer and computation on the chiplets employ silicon photonics.
Compared to a monolithic photonic accelerator, a chiplet-based one not only improves fabrication
yield and cost, but also reduces latency using a high-bandwidth photonic network on the interposer.
Moreover, chiplets can be designed heterogeneously and off-the-shelf chiplets can be integrated
in 2.5D packages to make various systems with different computation power budgets and

capabilities.

There are several open challenges in this field to design a more efficient silicon photonic DNN
accelerator: 1) power consumption of the state-of-the-art photonic devices are relatively high, and
there is a need for device-level efforts to design low-power devices; 2) designing an efficient
electronic controller is essential to efficiently control the communication and computation
operations with low latency; and 3) the silicon photonic 2.5D DNN accelerator architecture
requires design-space exploration (e.g., in terms of the number of wavelengths, number of
gateways per chiplet, and number of MACs per chiplet) to create an optimized architecture tailored

to DNNSs of interest.
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CHAPTER 11: NONCOHERENT PHOTONICS FOR PERSISTENT MAIN MEMORIES

Over the past several decades, the emergence of big data and machine learning workloads has
given rise to massive data-driven applications. These applications, which include large language
models [254], intrusion detection systems [255], and graph processing frameworks [256], [257],
consume and generate data at unprecedented rates, requiring data storage in the order of terabytes
(TB) and memory bandwidths in the order of 7B/s. Conventional electronic memory technologies
such as dynamic random-access memory (DRAM) are struggling to keep up with such demands
for increasingly higher bandwidth [258] and energy efficiency [259]. Additionally, DRAM
technology also faces challenges associated with scaling towards the 10-nm technology node.
Current DRAM nodes, such as Micron’s 1a and 1, are fabricated at 12—14 nm. At lower node
scales, it has been shown that the DRAM cell’s charge retention diminishes, cell structural integrity
deteriorates, and delay and power penalties associated with bit lines increase dramatically [258].
While 3D-stacking technologies and through silicon vias have enabled high bandwidth memory
(HBM), the increasing demand for capacity, throughput, and energy efficiency warrants the

exploration of new main memory technologies.

Non-volatile memories (NVMs) address the data retention challenges in DRAMs and can help
avoid the need for refreshes and associated latency concerns. But NVM candidates based on
ferroelectric (FRAM) [260] and resistive metal oxide (RRAM) [261] technologies generally suffer
from reliability and write endurance issues. To achieve higher reliability while retaining the
advantages that NVMs offer, NVMs based on phase change materials (PCMs) can be considered
[262], [263], [264]. PCM cells show higher energy efficiency, bit densities, and bandwidth than
other NVM cell types [265], [266]. PCMs can transition between two material states: amorphous

and crystalline. These states offer high resistance contrast between them and hence can be used to
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store data as resistance levels. In electrically controlled PCM (EPCM) cells, the phase transitions
are brought about by using current pulses. The state transition between amorphous and crystalline
can be controlled to achieve different levels of crystallization of the PCM to achieve multi-level
cells (MLCs) as well. But relying on PCM resistance as a way to represent data has caveats. The
resistance levels achieved in PCMs have a non-linear dependence on the write voltage [267]. This
makes achieving an intermediate state, between the fully amorphous and fully crystalline states,
challenging. Furthermore, the written resistance level can also face resistance drift, limiting

electrical PCM bit density to just a few bits per cell [268].

One solution to these limitations with EPCM cells is to utilize optically controlled PCM
(OPCM) cells, where the PCM is deposited on top of a photonic (e.g., silicon-on-insulator (SOI))
waveguide. In such OPCM cells, state transitions can be achieved by using laser pulses. The power
delivered by the laser pulses can heat up the material, enabling state changes between amorphous
and crystalline states. The refractive index contrast between the states affects the optical
transmission of the cell, enabling storing and reading out data optically. If the PCM candidate
selected has a sufficiently high contrast between the two states, intermediate states between
amorphous and crystalline states can be used to create PCM-based MLCs. Moreover, an optically
controlled PCM memory comes with the added advantage of being able to leverage high
bandwidth silicon photonic links for data transfer. Given the emergence of optical computing [37],
an optical memory can also enable high-speed and energy-efficient fully photonic computing

systems with minimal electro-optic conversions.

In this chapter, we present the design of the first cross-layer optimized optical PCM-based

main memory architecture, named COMET. The proposed main memory system is characterized
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by high bit density per cell, lower energy consumption, and high memory throughput and

bandwidth compared to the state-of-the-art. Our novel contributions in this chapter are:

e We comprehensively explore different PCM candidates with the goal of selecting the

most efficient PCM for optical memory applications;

e We design a low-loss and energy-efficient silicon photonic PCM-based multi-level

memory cell as a basic building block;

e We design and optimize an all-optical, loss-aware silicon photonic PCM-based photonic

main memory architecture; and

e We present detailed comparison of our designed photonic main memory architecture

against state-of-the-art electronic and photonic main memory architectures.

11.1 BACKGROUND AND RELATED WORK

In this section, we discuss the fundamentals of PCMs and PCM-based optical memories.

11.1.1 PCM: FUNDAMENTALS AND PROPERTIES

PCMs are capable of changing phase from amorphous to crystalline, and vice versa, based on
the thermal energy supplied to the material. The thermal energy supplied should be sufficient to
change the temperature across the bulk of the material. This change in temperature should match
the melting temperature (T;; for phase change to amorphous state) or the crystallization
temperature (T,; for phase change to crystalline state). Amorphization is the more power-hungry
process as T; > T,. Additionally, PCMs can be set to an intermediate state if the provided thermal
energy converts only part of the material to either amorphous or crystalline state [264]. The energy

necessary to achieve these state transitions can be delivered to the PCM electrically, thermally, or
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optically. Microheaters can be used for applying thermal power directly, while PN junctions can
be used to supply heat electrically. To trigger phase transitions optically, a laser pulse is required.
The specific power and duration at which the laser pulse delivers thermal energy depend on the
material and the energy required by that material to achieve state transition. Three widely
considered phase-change materials in prior work include Ge>Sb,Tes (GST), Ge2SboSesTe (GSST),

and SbaSes [264].

The change in PCM phase brings with it a change in the electrical and optical properties of the
material. PCM’s states have different electrical resistances. Typically, the high-resistance
amorphous state is used to represent a binary 0, and the low-resistance crystalline state is used to
represent a binary 1. This non-volatile change in resistance allows the PCM cell to be paired with
an access transistor to form a 1T-1R EPCM memory, as described in many prior works (e.g., [269],
[270], [271], [272]). But as discussed earlier, EPCM memories face many challenges, such as
asymmetric and high write latencies [273], non-linear response to write voltage, and resistance

drift.

Optical PCM-based (OPCM) memories depend on the change in the refractive index of the
material phases. The change in refractive index changes the optical transmission across the cell,
which allows data storage and readout. To implement such an OPCM memory effectively,
understanding the optical properties of the PCM material is important. For PCM candidates, high
refractive index contrast and hence contrast in optical transmission between the phases is essential.
Having higher refractive index contrast between the amorphous and crystalline state enables better
tolerance to optical signal losses and noise which can otherwise cause readout errors. This high
contrast also allows multiple intermediate levels of phase transition to be achieved without them

being susceptible to these same losses. In this regard, achieving high refractive index contrast
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serves the same purpose as achieving high resistance contrast between phases in EPCM memories,

and leads to better signal-to-noise ratio (SNR) at the readout.

A higher extinction coefficient between states is also an important requirement in an OPCM
cell. Extinction coefficient in photonics is a measure of the optical power dropped from an optical
signal as it traverses a material. Higher extinction coefficient indicates that the material extracts
more power from the signal. The benefit of this metric depends on the application. From the
perspective of propagation (e.g., in optical interconnects), high extinction coefficient is not
preferred as this results in higher losses and power consumption, but for a filter (e.g., in optical
switches), high extinction coefficient means that the device will be able to filter out as much of the
optical signal as possible. In OPCM memory applications, a higher extinction coefficient in
memory cells is beneficial. More efficient laser power absorption due to a high extinction
coefficient in the crystalline state allows for energy-efficient transition to the amorphous state, and

vice-versa.

11.1.2 OPCM MEMORY

Given a specific phase change material, it is essential to design an efficient memory cell that
can grant access to the material for reads and writes. There are several ways in which the OPCM

cell design has been approached in the literature, as discussed next.

The work in [274] proposed a simple crossbar-based cell design (Figure 94(a)) where the
OPCM material is placed on top of waveguide crossings. The work proposed a main memory
architecture called COSMOS using this OPCM cell design. Access to the cell in this architecture
is provided through row and column access wavelength signals. These signals have to be present

simultaneously to ensure write operations. The proposed architecture employed a subtractive read
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approach where the entire subarray is read, followed by a reset signal to the row that needs to be
read, erasing the contents, and finally, the subarray is read again. The two read values are then
subtracted at the memory controller (MC) to obtain the intended row values. This approach paired

with the 4 bits/cell assumption ensures a high bit density for such an architecture.
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Figure 94. (a) OPCM array structure from [274]; (b) Crosstalk experienced in (a).

However, the cell design in the COSMOS architecture from [274] causes the rows to be
susceptible to crosstalk from the write operations on the adjacent rows. The crosstalk signal (Figure
94(a)), although small, can trigger changes in the OPCM cell due to the thermo-optic effect [275].
The energy from the write pulses can cause temperature changes and hence refractive index
changes in the adjacent cells, causing severe data corruption. This effect is exacerbated when
multiple bits are stored per cell, as a small change in the OPCM’s refractive index can considerably
impact the data stored. COSMOS uses GST cells designed in [276] which require up to 750 pJ to
operate. But COSMOS assumes a 135 pJ operational energy which is insufficient for GST cell
operation. Even with a 750 pJ energy delivered at the crossbar, the thermo-optic effect due to the
~ (=18 dB) crosstalk (see Figure 94(b)) can introduce 12.6 pJ energy to the adjacent cells in the

COSMOS architecture. This extraneous energy can trigger an 8% change in a neighboring OPCM
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cell’s refractive index, which can easily alter data stored in a cell with 16 programmable refractive-
index levels (i.e., 4 bits/cell) [275] with the < 8% contrast between levels assumed in COSMOS.
Without corrective measures after every write operation, data stored in the COSMOS architecture
can get severely corrupted as shown in Figure 95. This is without considering the fact that a
contiguous array of GST cells that read out data through other cells in the row will have to account
for the optical losses as the signal passes through subsequent GST cells. Without accounting for
these variable losses, as different GST cells will store different data and hence create different
losses, the readout from the top row of the array may not reach the controller for detection. These
losses can range from 0.24 dB for the amorphous state cells to as much as 21.8 dB for cells in the
crystalline state. This further renders the proposed read and write approaches in [274] prone to

SEvVEre €rror.

The issues highlighted above make the crossbar-based cell design from [274], although
attractive from the bit density perspective, unusable from a memory reliability perspective. To
ensure proper data retention and readout, the memory cells have to be isolated and access control
mechanisms need to be in place. This can be achieved by using microring resonators (MRs) as
access control mechanisms for these cells, as described in [277], [278]. These works proposed
using thermo-optic tuning to regulate MR operation and grant photonic access to the cell.
However, thermal tuning [39] to ensure that the MR is in-resonance (access granted) or off-
resonance (no access to cell) is a slow process with microsecond (us)-scale latencies. Although
this is still much faster than the refresh mechanisms that have millisecond(ms)-scale latencies in
DRAMs, the tuning has to be performed every time a cell is accessed and hence it will severely
increase the latency and reduce achievable bandwidth of the OPCM memory. In our design

(described in the next section), we propose using electro-optic tuning [40], where the resonance of
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the MR is controlled using carrier injection through a PN junction at nanosecond(ns)-scale
latencies. Note that this imposes increased optical losses which must be accounted for in our design

considerations, which is discussed in the next section.

Figure 95. Data corruption in crossbar-based OPCM memory from [274] due to crosstalk; (left)
original image; (right) image after 4 writes to adjoining rows.

Once the cell design is finalized, multiple cells can be tiled to form subarray and bank
structures to realize a photonic main memory architecture. We discuss our material selection, cell

design, and architecture-level design for COMET in the next section.

11.2 COMET OPCM-BASED MAIN MEMORY DESIGN

In this section, we describe the components of our proposed COMET OPCM-based main
memory architecture. Our memory architecture ensures reliable data writes and reads while
achieving high data throughput. The memory cells have access control mechanisms that isolate the
cells from each other and ensure crosstalk elimination, to prevent data corruption. We also adopt
a combination of mode-division multiplexing (MDM) and wavelength-division multiplexing
(WDM) to enable parallel accesses for reads and writes. This access mechanism allows COMET

to be designed as a hierarchical multi-banked design, rather than a simple array of memory cells.
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Figure 96. Comparison of the refractive index (n) and extinction coefficient (k) between GSST,

GST, and SbSes in the optical C-band range.

11.2.1 PHASE CHANGE MATERIAL SELECTION

The refractive index contrast and extinction coefficient are two of the most critical design
parameters to consider when determining the most suitable material for OPCM-based main
memory applications, as discussed in Section 11.1.1. The refractive index contrast and extinction
coefficient of three well-known PCM candidates Ge>Sb>Tes (GST), Ge2SbaSesTe (GSST), and
SbaSes can be modeled using the Lorenz model [279]. We modeled and analyzed the two key
design parameters for the PCM candidates, with results shown in Figure 96. It can be observed
that for C-band (1530-1565 nm), GST exhibits the highest refractive index contrast (difference
between blue and yellow lines, and difference between red and purple lines) and high extinction
coefficient between amorphous and crystalline states. This makes GST the most suitable candidate
for OPCM-based memory cells. Thus, we consider GST for our cell design. Prior works have also
demonstrated that it is possible to store more than 34 unique states in GST-based OPCM memory

cells [276], thus enabling up to 5 bits/cell capacity in OPCM memories.
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Figure 97. Optical absorption contrast and optical transmission contrast of GST cell for different
cell geometry (width and thickness) in the COMET architecture. The stars represent the geometric
configuration selected with values for (width, thickness, absorption or transmission contrast ratio),
based on our analysis.

11.2.2 OPCM MEMORY CELL DESIGN

In our OPCM cell design, we consider GST deposited on a silicon-on-insulator (SOI) strip
waveguide. As it was shown in Figure 96, the extinction coefficient of the GST in the crystalline
state is much higher than its amorphous state. This leads to negligible optical transmission due to
high absorption of the electric field in the PCM. The optical absorption contrast and optical
transmission contrast between fully crystalline and fully amorphous state for OPCM memory cells
of different geometries and materials are shown in Figure 97. Note that the optical transmission
contrast is not only a function of optical absorption in the cells but also partially originates from
the optical-refractive-index mismatch between the PCM and SOI waveguide due to high
refractive-index contrast between silicon and GST. To avoid optical-refractive-index mismatch
when designing GST-based OPCM memory cells, it is important to select a design where both

optical transmission contrast and optical absorption contrast are maximized. Doing so ensures that
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Figure 98. (a) GST cell designed and simulated for chapter. (b) Our proposed memory cell with
MR-based access control. (¢c) OPCM memory array with intra-subarray semiconductor optical
amplifiers (SOAs). (d) Single bank with multiple subarrays, with inset showing GST based

read (right) operations in COMET architecture.

signal switch. (e) Overall multi-bank architecture of COMET. (f) Steps during write (left) and

the optical transmission contrast stems from the optical power absorption which can be controlled

by crystallization of the

GST.
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For a 2 ym long GST cell considered in our study (Figure 97), optical transmission and
absorption are at 95% when the thickness of the cell is 20 nm. Note that the impact of PCM
waveguide (WG) width on optical transmission and absorption is negligible. The SOI waveguide
has a width of 480 nm (to ensure the single mode transmission of the light) and a thickness of 220
nm, where the GST deposited on it has the same width, but a thickness of 20 nm (Figure 98(a)).
We have designed the GST cell with a small thickness, as a higher thickness makes heat transfer
over the volume of the cell slower, hence leading to higher write and reset latencies. We also opted
for a silicon (Si) waveguide instead of silicon nitride (SiN) waveguide, as Si offers higher
transmission contrast between crystalline and amorphous states of the cell. Si also offers higher
mode confinement over SiN waveguides, leading to lower propagation losses. Overall, us ing Si
platforms can lead to a more compact GST cell footprint, lower amorphization time, and higher

transmission contrast between amorphous and crystalline states [264].

To obtain the optical transmission characteristics of the GST cell we designed, we used FDTD
simulations from Ansys Lumerical FDTD [216]. Since we are interested in OPCM MLCs, we
obtain the refractive index profile of the intermediate states of phase transition using the Lorenz
model [279]. The modeled refractive index profile was imported to the FDTD simulator. From
these FDTD simulations, we were able to obtain the optical transmission levels of the intermediate

states.

To obtain the energy and latency of transitions for intermediate states, Ansys/Lumerical HEAT
[118] was used to solve transient unsteady-state heat transfer equations to capture the time-
dependent temperature distribution over the OPCM’s cell volume. In this simulation, a local
uniform heat source was defined in the Si waveguide to mimic the power of the optical mode

propagating in the waveguide. The regions of the GST cell which have a temperature between T;
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and T, have a crystalline structure, whereas the regions with temperatures above T; exist in an
amorphous state because of the melt and quench mechanism [276]. We have considered two case
studies, for two possible programming modes for an OPCM multi-level cell: (1) when the
deposited state is crystalline, hence the reset state will be crystalline, and (2) when the deposited
state is amorphous, hence the reset state is amorphous. Using the aforementioned methodology, a
4-bit OPCM GST cell with 16 distinctive and equally spaced transmission levels (with 6% spacing
between transmission levels) was simulated. From these simulations, latency of transition,
crystalline fraction in the transition level, and the optical transmission of the transition level were
obtained, as shown in Figure 99. For case study (1), the reset pulse required 880 pJ of energy and

for (2), the reset pulse required 280 pJ of energy.

As our architecture considers WDM-based data transfers, the performance of the GST cell,
when exposed to different wavelengths, needs to be analyzed. Results for the C-band (1530-1565
nm; plots not shown for brevity) showed a linear decrease of loss from 0.073 dB/mm to 0.067
dB/mm for the wavelength range between 1530 nm to 1565 nm. In addition, the maximum
wavelength-dependent transmission contrast between crystalline and amorphous states was
calculated to be 1.4%. These results indicate that our GST cells can perform with low loss and low

variation in transmission levels across the C-band.

After finalizing the GST cell design, we designed the OPCM memory cell which integrates the
GST cell and regulates signal access to the cell. This access control provides cell isolation between
adjacent GST cells and is necessary to avoid optical crosstalk and associated thermo-optic-effect-
based data corruption, as discussed in Section 11.1.2. To ensure GST cell isolation, our memory
cell has MR-based access control as shown in Figure 98(b). MRs are switched in and out of

resonance to enable and disable the signal access to the GST cell. We use MR designs from [280]
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with 6 pm radius, for low loss and efficient coupling during EO tuning to allow as much of the
read/write signal to reach the GST cell from the Si waveguides. The signal enters the cell through
the left waveguide and follows the path shown using red arrows in Figure 98(b) and exits through
the rightmost waveguide. As discussed in Section 11.1.2, we have opted for electro-optic tuning
for tuning the MRs in and out of resonance for the 2 ns access latencies this access mechanism

provides [280].
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Figure 99. Latency and optical transmission for 16 crystalline-fraction levels representing the
intermediate states in our designed GST cell.

11.2.3 COMET MEMORY BANK ARCHITECTURE DESIGN

The OPCM memory cell can be tiled to form an array, as shown in Figure 98(c). The array is
comprised of columns of the designed OPCM memory cell, with each column assigned a single
wavelength for accessing the GST cell. With this arrangement, the GST cells stay isolated from
each other. The row access of the array is provided through simultaneous electrical control of the
PN junctions of the MRs in the row, shifting them into resonance and, in doing so, allowing the

wavelengths access to the GST cell.
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The memory bank thus formed has N, x N. OPCM cells, with a total capacity of N, x N, x b,
where b is the bit capacity of the OPCM MLC. This bank has to be further divided into subarrays
to enable energy-efficient access. A bank will contain S subarrays, each containing M, x M, cells,
such that N, = S, x M,. and N, = S, x M.. When a subarray has to be accessed, M, wavelengths
need to be modulated, and 2 x M, MRs per bank have to be tuned to be in resonance. The memory
bank requires N, wavelengths to operate. We consider an off-chip laser to provide the N,
wavelengths in this chapter. Consequently, N. MRs are needed to allow access to the columns,

and another N, MRs are needed to allow readout from the columns.

To access such a subarray system, optical splitters and couplers are required, which essentially
multiply the laser power needed. In COMET, we utilize electrically controlled GST-based
waveguide switching [252] to allow efficient access to our subarrays. The GST cell is inserted at
the waveguide coupler and is switched from crystalline (no coupling) to amorphous state
(coupling) to allow access to the subarray (Figure 98(d)). This adds a loss of 0.2 dB (for amorphous
GST) when the wavelengths are coupled, and a GST switching time of 100 ns, but significantly
reduces overall laser power requirement. The wavelength modulation and the MR tuning signals
are generated at the electrical control unit, which interfaces the OPCM memory banks to the
memory controller and processor. As general-purpose computing is still only feasible using

electrical circuits, this electrical interface is necessary.

Note that in an M,- x M, subarray, to preserve the integrity of the data being read and to ensure
that the data signals reach the electrical interface, several design choices must be made. Depending
on b, the data being read from the cells can only suffer so much loss before the transmission level
becomes similar to the expected transmission level for other data. For example: For b = 2, the

transmitted signal can suffer up to 25% or 1.2 dB of losses before a readout of ‘10’ becomes the
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same as the readout for ‘01’. For b = 4, this tolerance becomes even lower, with the signal only

being able to suffer less than 6% losses or 0.26 dB before the readout becomes erroneous.

We integrate semiconductor optical amplifier (SOA) based gain tuning within and outside the
banks and subarrays to address data integrity issues (see Figure 98(c)). At the electrical interface
level, there needs to be row-wise loss-aware signal amplification so that the row-wise losses can
be accounted for to preserve data integrity. Since these losses and the expected tolerances will be
fixed once the design is finalized, for gain tuning at run-time, a look-up-table (LUT) based required
gain storage is utilized. Based on the row address, the LUT can provide the gain necessary to tune
the modulated wavelength, using SOAs. However, this gain may not be sufficient to survive the
losses within the M rows, with the losses from the EO-tuned active MRs. This necessitates SOAs
within the subarray at regular intervals to boost the readout signal. These intra-subarray SOAs
need only provide the same amount of power as the input laser signal to the bank (1 mW for
crystalline reset programming and 5 mW for the amorphous reset programming). These SOAs play
an important role in compensating for the EO-tuned MR through losses, for both read and write
signals. We consider the power and latency overheads of the SOA and LUTs in our analysis

presented in Section 11.3.

COMET is architected as a multi-bank OPCM memory (see Figure 98(e)), enabled through the
combination of mode-division multiplexing (MDM) and wavelength-division multiplexing
(WDM). We enable parallel access across banks, and the interleaved cache lines using MDM. This
requires designing silicon photonic links with an MDM degree of B to enable this access. There
are several considerations to be made in selecting the MDM degree. The fundamental mode is the
mode that gives the highest confinement of the electrical field in the waveguide and hence the

lowest loss. As the number of modes increases, the confinement of the higher modes decreases,
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since their effective index decreases. This causes the higher modes to suffer from higher losses.
As higher order modes are excited, the field will become leakier with higher losses. In addition, to
support higher order modes, the waveguide width of the links and devices also needs to increase.
Prior works have shown an MDM degree of 4 is achievable on chip, without notable losses or area
overhead [281]. So, for our architecture, we set the MDM degree (and hence B) to 4, to minimize

overhead.

11.2.4 READ AND WRITE OPERATIONS IN COMET

For the read operation, we perform the steps as depicted in Figure 98(f), right. The isolated
nature of our memory cells makes the read operation straightforward, with row access through EO
tuning and column access through sending the readout pulses to the subarray. The row ID is
obtained from the address and the EO tuning signals are sent to the MRs in that row. Depending
on the subarray ID mapped from the physical address, the corresponding wavelengths are gain-
tuned and sent to the OPCM banks. Once the data is received at the electrical interface it is
demodulated using an MR bank and the received data can be passed on to the processor for further

operation.

Similarly, for the write operation (see Figure 98(f), left), we follow a straightforward approach.
The row ID is obtained from the address and row access is provided through tuning the MRs of
the row into resonance. The column IDs are also obtained from the address and the corresponding
wavelengths are gain-tuned and modulated to reflect the data to be written and sent to the OPCM

subarray.
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11.2.5 COMET POWER CONSUMPTION

The COMET architecture can achieve a capacity of (B x N, x N, x b) bits. With the
architecture design, the power required to achieve this capacity can be calculated as follows. With
our SOA-based loss mitigation strategy, we assume M. = N., which implies, S, = 1. The
subarrays can be arranged in an array of \/S_r x \/S_r for layout and addressing. The M,. value would
depend on the b value to ensure the cache line readout across the B banks. We consider intra-
subarray SOAs which are able to provide a gain of 15.2 dB to their input signal [282]. Given that
the EO-tuned MRs have a through loss of 0.33 dB, there needs to be an SOA array at every 46

. . Bx Nyx N, e
rows. This necessitates a total SOA count of #. To minimize power overhead, we only

enable the SOAs within the subarrays that are being accessed. Assuming 1.4 mW power

consumption for 0 dBm i.e., I mW output [282], total SOA power consumption at any instance

during COMET operation will be (52 x 1.4) mW.

Apart from these power considerations, there is a need for considering power consumption of
the photonic links. Our WDM-MDM link requires N, wavelengths to operate and requires
2 x B x N, MRs to access the OPCM arrays. These MRs can be completely passive as they need
not perform any switching operations. The laser power consumption can be calculated based on
the various losses the signal will experience on its way to and from the OPCM arrays. These losses

and associated power overhead are discussed in Section 11.3.

Finally, we need to consider the power consumption by the EO tuning mechanism within the
OPCM arrays. Given that the MRs need to be tuned only within the row of the subarray being
accessed, the tuning mechanism will contribute to (B x 2 x M. x Pgy) W of power. Here, Pg, is

power consumption for EO tuning a single MR. This is further discussed in Section 11.3.
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11.2.6 ADDRESS MAPPING IN COMET

To access the data within the memory banks, we need to perform an address mapping to the
cells in our architecture. COMET can consider cache lines of various sizes (e.g., 32, 64, and 128
bytes), to reflect popular last level cache line sizes, interleaved across the B banks. The mapping

process should perform the following mapping:

{Channel,p,Row,p, Bank,,,Column;p} —
{Channel,p,Subarray,p,Subarraygow, Bankp,Subarrayco.} (74)

For our architecture, as described in Section 11.1.2, the channel and bank IDs can remain the
same. Row;, must be mapped to Subarray;p, and Subarraygoy and Column;, to Subarray;,

and Subarray o . The values for these parameters can be calculated as follows:

. (Row;p
ID, = mt( M ) (75)
~ (Columny,

ID, = int <M—c) (76)
Subarray;p = 1D, x \/S_r+ 1D, (77)
Subarraygow = (Row;p%M,.) (78)
Subarrayco, = (Column%M;) (79)

11.3 EXPERIMENTS AND EVALUATION

In this section, we describe our simulation setup, various design parameters considered in the
design of the COMET architecture, and our approach for comparison with other main memory

architectures.
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We use a modified version of NVMain 2.0 [283] a main memory simulator that we heavily
modified to accommodate 4-bit/cell MLC operation, our photonic memory configurations, and the
addressing scheme. Our experiments and evaluations are based on an 8 GB main memory chip
capacity. Performance metrics encompass application latency, bandwidth, and energy-per-bit
(EPB). We benchmark COMET against COSMOS [274], a prominent OPCM main memory
architecture, EPCM-MM [269], a proposed EPCM main memory architecture, and 2D and 3D
configurations of DDR3 and DDR4 DRAMs (labeled as 2D_DDR3, 3D_DDR3, 2D_DDR4, and
3D_DDR4). Memory traces from the SPEC benchmark suite [284] are utilized for architecture
evaluation. The various parameters we have considered for power modeling of the COMET

architecture are provided in Table 28.

Table 28 Optical loss and power parameters considered for comet power

modeling.
Loss parameters Values
Coupling loss 1 dB [285]
MR drop loss 0.5 dB [286]
MR through loss 0.02 dB [124]
EO tuned MR drop loss 1.6 dB [280]
EO tuned MR through loss 0.33 dB [280]

Propagation loss

0.1 dB/cm [287]

Bending loss

0.01 dB/90° [288]

SOA gain 20 dB
Laser wall plug efficiency 20%
Power parameters Values
EO tuning power (Pgy) 4 uW/nm [40]
Max. power at GST cell 1 mW
Intra-subarray SOA power 1.4 mW [282]

11.3.1 MODELING COMET ARCHITECTURE

As described in Section 11.2.3, COMET has a capacity of B x N, x N, x b bits, with the array
of N, x N, GST memory cells divided into subarrays of size M, x M, memory cells for enabling

parallel and energy-efficient access. For bit density b, there are works which show the GST cell
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should be able to achieve up to 5 bits/cell [276]. However, considering data distribution across
cells, it is practical to consider bit densities in the multiples of 2, which allows for an even
distribution of data across cells in a row and equal loss and crosstalk considerations to be made

across all columns.

But as discussed in Section 11.2.3, at an architecture level, to allow high bit density per cell,
several considerations must be made. To determine the optimal b value in COMET, we analyze
how power, latency, bandwidth, and EPB varies for b = {1,2,4}. For b = 1, our architecture for
8 GB would be (4 x 4096 x 512 x 1024 x 1), reflecting (B x S, x M, x M, x b). For b = 2,
this would be (4 x 4096 x 512 x 512 x 2). Finally, forb = 4, this configuration would
be (4 x 4096 x 512 x 256 x 4). We have opted to reduce M. (= N.) over N, (= S, x M,.) as b
increases, as reduced N, results in the reduction of both WDM-degree requirement and significant
intra-subarray SOA power reduction. Modifying N, also allows COMET to retain its cache line

capacity and deliver the same bandwidth across the designs.

There is also a variable LUT size requirement at the electrical-optical interface as b changes.
The LUT size depends on the row frequency at which the SOA gain tuning is required. For b = 1,
the loss tolerance is less than 50%, as there are only two levels stored per GST cell. The signal
exiting the GST cell can suffer up to 3.01 dB of losses before it becomes error-prone. With MR
through loss of 0.33 dB, the signal can pass 9 rows other than the source row, without error. For
M, of 512, the LUT requires 52 entries. Given the intra-subarray gain tuning at every 46 rows,
these entries can be repeating values. Hence making the entry requirement just 5 parameters, with

(rowID%46) t

h
the gain parameter selected as per the ceil entry of the LUT. For b = 2, the loss

tolerance is lower at 25% or 1.2 dB. Following the same process as for b = 1, the LUT requires
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h
entry of the LUT. For b =

0 t
12 entries, with the gain parameter selected as per the ceil (M)

4, the LUT requires 46 entries with the gain parameter selected as per the (rowID%46)" entry
of the LUT. Since the LUT is a part of the memory control interface, we do not consider this power
consumption as part of the OPCM memory operation, even though it is negligible. The overall

power requirements for the b = {1,2,4} configurations can be calculated as per the discussion in

Section 11.2.5.
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Figure 100. Power stack-plots for COMET with bit density (b) of 1 (COMET-1b), 2 (COMET-
2b), and 4 (COMET-4b).

Table 29 Architectural details of photonic memory systems.

COMET 4 banks, 1 rank/channel, 1 device/rank

bus width = 256 bits, burst length = 4

max. write time = 170 ns, erase time = 210 ns, read time = 10 ns,
data burst time = 1 ns, electrical interface delay= 105 ns

COSMOS 8 banks, 1 rank/channel, 1 device/rank

bus width = 128 bits, burst length = 8

write time = 1.6 us, erase time = 250 ns, read time = 25 ns,

data burst time = 1 ns, electrical interface delay= 105 ns
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The resulting stacked power plots are shown in Figure 100. Based on these analyses, we have
chosen b = 4 to keep the power overhead relatively low, and hence the memory configuration

of (4 x 4096 x 512 x 256 x 4) is considered in our subsequent comparative analysis.

11.3.2 MODELING COSMOS ARCHITECTURE

As COSMOS [274] is the only other photonic main memory architecture published in literature,
we model it and compare our work against it. As discussed in Section 11.1.2, there are several
challenges with obtaining the correct readout data and ensuring correct writes with a crossbar
OPCM architecture as presented in COSMOS. We model COSMOS and update its design
assumptions to ensure correct readouts, which is essential to realize a practical main memory

architecture.

But before we address the crosstalk and data corruption issues in COSMOS, we must address
the energy delivery assumptions. The GST cell design in COSMOS is taken from [276], which
requires 5 mW laser pulses over 50 ns to 150 ns to deliver 250 pJ to 750 pJ in energy for phase
transitions. COSMOS has retained the timing parameters from [276] but has reported the cells to
require only 0.5 mW laser pulses. To ensure that the energy required for phase transitions is
delivered to the memory cell, we have remodeled the timing constraints and assume 5 mW laser
pulse power to ensure that the correct energy is delivered to the GST cells. We have opted to
increase the timing parameters as increasing the power value would make the total power
consumption entirely too high for an 8 GB main memory. The modified parameters for COSMOS

(and also COMET) are provided in Table 29.

Data corruption in COSMOS is a result of the thermo-optic effect and the losses that the optical

signals experience as they traverse the crossbar. As discussed in Section 11.1.2, the extraneous
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energy is sufficient to trigger an 8% shift in crystalline fraction, due to how the cells are exposed
to each other. We decided to not re-architect COSMOS to enable cell isolation as this will depart
too far from the design in [276]. We instead opt to change the intermediate level count to allow
for higher tolerance to this 8% shift in crystalline fraction. This necessitates dropping COSMOS
bit density b from 4 to 2. This results in a memory architecture where (B x N, x N, x b)
is(16 x 16384 x 16384 x 2) andS, x M, = S, x M, = 512 x 32. For this version of
COSMOS, we make the generous assumption that the MDM losses are negligible as designing 16

degree MDM silicon photonic links without losses is extremely challenging.
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Figure 101. Power stack-plot for COSMOS and COMET architectures.

Additionally, we have to consider the losses that the read/write signals face as they traverse
the GST cell array. We select 4 asymmetric transmission levels (0.99, 0.90, 0.81, 0.72) separated
by 9% transmission to avoid the thermo-optic corruption, to represent the 4 levels necessary to
represent 2 bit data, to avoid the high losses at high crystalline fractions. Keeping the subarray size
of 32x 32 from COSMOS, the worst case loss of 1.4 dB (from transmission level 0.72) and the
15.2 dB gain for SOA [282], this also requires 6 SOA arrays (when considering both row and

column losses) per subarray. There also needs to be dedicated data signal in and out ports for these
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subarrays, to avoid further data corruption as the signal traverses the entirety of the 512x 32 GST
cells per row/column. We assume these are passive MR-based ports. To avoid excessive splitter
loss and hence laser power consumption, we also assume a PCM cell based subarray row access
control in COSMOS (which we proposed for COMET in this chapter), separating the subarray
rows. Overall, this adds 0.2 dB PCM switch loss to laser power calculations, some additional SOA
power consumption, and a 100 ns delay while accessing the subarray row to COSMOS, which is
similar to the overhead for such access control in COMET. Figure 101 shows the power stack
comparison between COSMOS and COMET. The next subsection provides more detailed

comparison results for latency, bandwidth, and EPB.

11.3.3 PERFORMANCE EVALUATION

We compare COMET in terms of bandwidth and EPB against 2D_DDR3, 3D_DDR3,
2D_DDR4, 3D_DDR4, the EPCM-MM, and COSMOS modified from [274], as discussed in the
previous subsection. The absence of refreshes along with higher bandwidth provided by the silicon
photonic interconnects allow both COSMOS and COMET to outperform their electronic
counterparts in terms of bandwidth, (Figure 102(a)). COMET achieves 100.3x, 47.2x, 58.7x,
42.1%, 40.6x, and 5.1x higher bandwidth on average than 2D_DDR3, 3D_DDR3, 2D_DDRA4,

3D_DDR4, EPCM-MM, and COSMOS, respectively.
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Figure 102. a) Average bandwidth (BW); (b) energy-per-bit (EPB); and (c) BW/EPB, of

applications across memory architectures.

In terms of EPB, it can be observed from Figure 102(b) that the 3D and PCM electronic
counterparts are able to outperform both fully photonic memory systems. This can be attributed to
the fact that the entire power consumption depicted in Figure 101 is utilized for orchestrating reads

and writes for photonic memory. This is different from the case in an electronic memory where
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only a very small portion of the overall power is required to orchestrate a read/write. In order to
achieve comparable EPB values, more intelligent read/write orchestrations with dynamic power
control are necessary for photonic memories. From Figure 101 it can be observed that laser power
is a significant contributor to the overall power consumption of photonic memories. Enabling
dynamic laser power management, such as that discussed in [191], could significantly improve
photonic memory energy consumption. We leave the exploration of such techniques as future
work. However, the high read/write bandwidth in comparison, enables COMET to outperform the
2D DRAM platforms. COMET is able to achieve 4.1x, 2.3x, 12.9x lower EPB than 2D_DDR3,

2D_DDR4, and COSMOS.
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Figure 103. EPB of DOTA accelerator with different main memories.

COMET is able to contribute towards better overall energy efficiency of systems it is part of,
owing to the combination of high bandwidth and comparable EPB performance to other main
memory platforms. We showcase this using a BW/EPB metric (see Figure 102(c)), where COMET
achieves 6.5x and 65.8x better BW/EPB over 3D_DDR4 (best electronic platform) and COSMOS,

respectively.
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11.3.4 PHOTONIC AI ACCELERATOR CASE STUDY

Photonic main memory architectures, such as our proposed COMET, are an excellent fit for
emerging optical computing platforms. Over the recent years there has been several photonic
computing platforms discussed [37]. However, to quantify the benefits of COMET, we consider
DOTA [289], a photonic tensor engine-based transformer accelerator [10]. We analyzed how
different electronic and photonic main memories impact the operation of. For this analysis, we
considered the two transformer models DeiT-T and DeiT-B, as used in [289]. Figure 103 shows
the EPB results for the various main memory architectures considered. Photonic memory
architectures not only provide higher bandwidth (as discussed earlier and shown in Figure 102)
than electronic memories, but also have the added benefit of being able to inject data directly into
the photonic tensor engine, without the need for a energy-hungry electro-photonic conversion
stages. COMET+DOTA achieves 1.3x and 2.06x lower EPB against 3D_DDR4+DOTA and 2.7x
and 1.45x better EPB against COSMOS+DOTA. These results highlight the promise of photonic

main memory for improving the performance of emerging optical computing platforms.

11.4 CONCLUSIONS

In this chapter, we presented COMET, a low-loss, low-latency, and high throughput OPCM-
based main memory architecture that makes use of GST integrated with silicon-on-insulator strip
waveguides. We described the cross-layer design and optimization of our COMET architecture
from the material and device level to the architecture level. Our GST cell was designed and
optimized by leveraging transient unsteady state heat transfer equations integrated with finite-
difference time domain simulations. By using silicon, unlike silicon nitride platforms, our GST
cell offered a high transmission contrast between crystalline and amorphous state of the cell

(=96%). In addition, the designed cell offers 16 distinctive transmission levels with 6% spacing
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which makes COMET tolerant to transmission drift. Crosstalk-free, reliable memory operation was
enabled with various loss-aware optimizations at the architecture level. Owing to these
optimizations, COMET consumes only 26% of the power when compared to the best-known prior
work on OPCM-based main memory architecture design. The low power consumption along with
high-speed GST cell operations enable COMET to offer 7.1x better bandwidth, 15.5x lower EPB,

and 3x lower latencies than the state-of-the-art OPCM-based main memory architecture.
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CHAPTER 12: PROCESSING IN MEMORY USING NON-COHERENT PERSISTENT MAIN

MEMORIES FOR MACHINE LEARNING INFERENCE ACCELERATION

For emerging machine learning (ML) models being used across application domains [290],
[291], [292], the exponential growth in their computational demands has significantly outpaced
the rate of advances in traditional computing architectures [17], [16]. The resulting “Von Neumann
bottleneck” that alludes to the memory wall problem [293], is a critical challenge to overcome, to
support modern ML workloads. In response to the limitations posed by the Von Neumann
architecture, various alternative paradigms are being explored by industry and academia. A
promising alternate computing paradigm involves in-memory computing or processing-in-
memory (PIM) [294]. PIM architectures propose a departure from traditional designs by
integrating processing capabilities within the memory subsystem. This integration aims to
minimize data movement, reducing latency, and minimizing energy consumption associated with

processing applications.

Given that dynamic random-access memory (DRAM) is the standard main memory technology
today, it is an obvious candidate for PIM. Several prior efforts have focused on architecting
DRAM-PIM [295], [296], [30]. However, conventional DRAM-based PIM systems have
encountered challenges in achieving high throughput and energy efficiency. These challenges arise
primarily due to internal data movement bottlenecks and the necessity for frequent memory
refreshes. To address the energy and latency concerns associated with refreshes, non-volatile
memory (NVM) technologies, such as ReRAM [297], [298], Spin-Transfer Torque RAM (STT-
RAM) [299], and Phase Change Material (PCM) memories [300], have been considered. However,

ReRAM and STT-RAM technologies face fabrication challenges and endurance issues [261],
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[301]. ReRAM additionally suffers from resistance drift over time, which impacts data readout

accuracy [261].

PCMs offer better energy efficiency, bit density, and bandwidth than other NVMs. They can
switch between two physical states: amorphous and crystalline. This switch results in a contrast in
electrical resistance, allowing these materials to encode information based on varying resistance
levels. In the context of electrically controlled PCM (EPCM) devices, these phase changes are
induced by applying current as part of microheaters. It is possible to precisely regulate the phase
shift from amorphous to crystalline, enabling the creation of multi-level cells (MLCs) to store more
data by adjusting the extent of the material’s crystallization. However, utilizing the resistance in
PCMs to encode data poses challenges as the resistance values that PCMs attain depend non-

linearly on the applied write voltage [37].

To address these challenges, optically programmed PCM (OPCM) cells can be considered
[51]. OPCM cells are fabricated with PCM deposited on top of a photonic waveguide and are
programmed through laser pulses. Here, in place of resistance, the refractive index of the PCM is
the physical property used to represent data. OPCMs can be programmed using laser pulses guided
to them through on-chip waveguides. This makes them ideally suited for integration onto silicon
photonic platforms. OPCMs are based on silicon photonics, which is an emerging field that
integrates photonic systems with electronics. This platform offers several advantages over
traditional electronic circuits, including high throughput and low energy consumption, for
specialized computation tasks [37], [49], [48], [44]. Merging this computational capability with an
OPCM main memory could allow for high-speed in-memory computation without the data

movement and refresh bottlenecks seen in DRAM-PIM.
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In this chapter, we explore how to architect a photonic main memory, to enable ML
acceleration through PIM. We utilize the OPCM-based main memory from [51] as the backbone
for our architecture and make several changes to it to support PIM. We have named our photonic
PIM architecture for ML acceleration as OPIMA. We use convolutional neural networks (CNNs)
to showcase the effectiveness of OPIMA for ML inference acceleration. The proposed PIM
architecture is characterized by multi-bit density per cell enabling multiply and accumulate (MAC)
operations to be performed directly within memory. This capability along with architecture-level
innovations allows OPIMA to outperform the state-of-the-art in terms of ML inference throughput

and energy efficiency. In summary, the novel contributions in this chapter include:

e Scattering and back reflection-aware OPCM cell design to maximize bit-density and

minimize read errors per cell;

e Full system design of an OPCM-based PIM architecture that can operate as a main

memory while performing PIM;

e Comprehensive comparison of operational efficiency of OPIMA with state-of-the-art

accelerators.

12.1 BACKGROUND AND RELATED WORK

Before we discuss our PIM architecture and associated techniques, we review some

fundamentals and background on PCMs, OPCM main memories, and photonic computing.

12.1.1 PHASE CHANGE MATERIALS (PCMS)

PCMs possess the ability to shift between amorphous and crystalline states, depending on the
level of thermal energy applied. This energy must be sufficient to alter the material’s temperature

to either its melting temperature (T;; for transitioning to the amorphous state) or its crystallization
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temperature (Ty; for shifting to the crystalline state). Transitioning to the amorphous state
consumes more energy because its required melting temperature exceeds the crystallization
temperature. It should be noted that it is possible to induce partial phase changes within PCMs,
creating intermediate states by converting only a fraction of the material to either state. These
transitions can be initiated through electrical or optical means. Electrical heating can be provided
through PN junctions whereas optically achieving phase changes requires a laser pulse, whose
power and duration must be tailored to the material’s specific transition energy needs. Common
materials used for PCM applications include Ge>Sb,Tes (GST), GexSbaSesTe (GSST), and SbaSes

[264].

The change in a PCM phase brings with it a change in the electrical and optical properties of
the material. PCM’s states have different electrical resistances and different optical refractive
indices. These differences in characteristics can be leveraged for data representation, including
multi-bit data representation, enabling dense PCM-based memories and, as discussed in this

chapter, PIM architectures.

For EPCM applications, the high-resistance amorphous state is used to represent a binary 0,
and the low-resistance crystalline state is used to represent a binary 1. This non-volatile change in
resistance allows the PCM cell to be paired with an access transistor to form a ITIR EPCM
memory cell and a corresponding memory array of these cells, as described in many prior works
(e.g., [269], [270], [271], [272]). However, EPCM memories face many challenges, such as
asymmetric and high write latencies [273], non-linear response to write voltages, and resistance

drift.

OPCM memories rely on shifts in the material’s refractive index to modulate optical

transmission, enabling data storage and retrieval [264]. A deep understanding of a PCM’s optical
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properties is crucial for the effective deployment of OPCM memories. A significant refractive
index contrast, ensuring a clear distinction in optical transmission between phases, is vital for
reducing optical signal losses and noise [278], which could otherwise lead to readout errors.
Similar to the importance of resistance contrast in EPCM memories, a high refractive index
contrast improves the signal-to-noise ratio (SNR) during data readout. This is extremely important
not just from a data fidelity standpoint but also from a photonic PIM standpoint, as we must ensure
error-free data readouts to ensure error-free calculations in the analog domain where photonic

computations occur.

wGe

PCM

(a) (b) (c)

Figure 104. OPCM memory cells proposed in (a) COSMOS [274]; (b) Photonic tensor core [265];
(c) COMET [51]. WG: Waveguide; DC: Directional Coupler; MR: Microring Resonator.

12.1.2 OPCM MEMORY

A main memory architecture should have the ability to store large amounts of addressable data,
which can be effectively retrieved and modified, whenever needed by the computing system.
DRAMs achieve this by having row- and column-addressable memory cells, arranged into mats of
cells, which in turn get organized into subarrays, and then banks. Collections of banks form
memory chips, which are arranged into dual in-line memory modules (DIMMs) or 3D high
bandwidth memory (HBM) architectures. Modern memory addressing schemes and memory

controllers expect this style of data storage and management to be interfaced with them. So, it is
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prudent to consider a similar style of data storage with OPCM memory as well. A few recent works
have tackled the challenge of building an addressable OPCM memory [51], [274], which can be

used for the DRAM-like memory organization described above.

The work in [274] introduced a straightforward design for a crossbar-based cell, illustrated in
Figure 104(a), in which the OPCM is strategically positioned atop waveguide intersections. This
cell design underpins the core of a main memory architecture called COSMOS. In this COSMOS
OPCM memory, the mechanism for accessing data is facilitated through the use of specific row
and column access signals that operate on distinct optical wavelengths. These signals are required
to be activated simultaneously to enable successful write operations within the memory structure.
COSMOS also adopts a subtractive read technique. This method involves initially performing a
read operation across an entire subarray. Subsequently, a reset signal is dispatched specifically to
the row selected for reading, which clears its contents. Following this reset, the subarray undergoes
another read operation. By executing this sequential reading and resetting process, it is possible to
extract the data from the intended row. The two obtained readouts are subsequently processed
through subtraction at the memory controller (MC). This intricate process, when combined with
the assumption that each cell can store up to 4 bits of information, significantly amplifies the bit
density achievable by this architecture, presenting a substantial advancement in memory design
aimed at enhancing data storage efficiency and capacity. However, this architecture is inherently
susceptible to optical crosstalk as the data storage mechanisms end up interfering with one another.
It is especially susceptible to thermal crosstalk from write operations from adjacent rows,

especially when multi-bit storage is assumed, as shown in [51].

The work in [265] showcased an OPCM cell, originally devised for photonic tensor core

operation, but deserves discussion as it has been used in [302] for their OPCM memory-based ML
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acceleration work. The architecture has a crossbar structure to allow signals from orthogonal
directions to interact with each other, enabling a wavelength-division multiplexing (WDM) based
broadcast and weight computation technique [38]. The OPCM cell itself, however, is placed away
from the waveguide crossing and can interact with a wavelength propagating along the horizontal
waveguide. This interaction is enabled by the coupler on which the OPCM cell is fabricated. The
coupler, as the name suggests, is a passive device designed to enable coupling between the WDM
signal on the horizontal waveguide and the OPCM and does not offer wavelength selection like
other photonic devices (e.g., a microring resonator (MR)). The work in [265] carefully designed
this cell array to perform matrix-vector multiplications (MVM), where the matrix will be stored
within the OPCM crossbar array, and individual elements of the vector are encoded per WDM
signal batch in the horizontal waveguide. Each coupler has a splitting ratio associated with it,
which is designed to ensure that the same fraction of signal from each wavelength reaches the GST
OPCM, which is wavelength agnostic in the C-band of frequencies. So, in effect, each cell

performs:

{44} {445} {4, 4n}
+ + ot

W.on x
cell n n n

= Ween x A (80)

where, W,,,;; is the weight stored in the OPCM, A is the activation value imprinted onto the
wavelength 4;, n is the WDM degree (i.e., the number of wavelengths in the WDM batch) that
corresponds to the number of cells per row. This operation makes it an excellent MVM engine,
with low latency and energy-efficient operation. Additionally, this cell (Figure 104(b)) is compact
and solves the interference and crosstalk issues that plague the COSMOS architecture [274]
discussed earlier and would appear to be a good candidate for an OPCM-based PIM. However, the

architecture is not column addressable, making it not a good choice for a memory architecture. To
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consider this cell for a memory architecture and then a PIM architecture, column addressability to

cells is essential.

To address these issues, the work in [51], COMET, designed a row and column addressable
OPCM memory cell (Figure 104(c)), which is also isolated from other cells to avoid data
corruption due to crosstalk. This memory cell makes use of GST for data storage, with two MRs
acting as the access control, electro-optically. The MRs are electrically tunable using a PN junction
and are hence active when they are in resonance (turned on). In this active state, they allow signals
propagating through the vertical waveguide on the left to access the OPCM cell. The data is
imprinted onto the signal and is passed to the readout waveguide on the right (Figure 104(c)).
While the proposed cell is not as compact as the one suggested in [265], it offers more reliable
data readouts, without crosstalk-induced errors. Further, the GST in the cell was designed to allow
for improved energy efficiency in write operations. The subarray architecture also had provisions
to ensure loss correction through intermittent semiconductor optical amplifier (SOA) arrays. There
are several desirable characteristics that make COMET a suitable backbone for a PIM architecture,

but there are also several challenges, as will be discussed in Section 12.2.

12.1.3 PHOTONIC COMPUTATION

The previous subsection discussed the characteristics required to realize an OPCM main
memory. In this subsection we discuss principles of photonic computation, which are a precursor

to realizing a PIM solution with OPCM memory.

Photonic computation can be performed through either coherent or noncoherent (aka
incoherent) analog computation methods [37]. Coherent photonic computation utilizes the phase

of light waves in a controlled manner, enabling the encoding and manipulation (e.g.,
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multiplication) of data via interference patterns. This approach takes advantage of the coherent
properties of light, such as phase coherence and superposition, to perform complex mathematical
operations rapidly and with high precision. Computing architectures that leverage coherent
computing often make use of Mach-Zehnder interferometers (MZIs) for data manipulation through

constructive or destructive interference with a single wavelength.

Noncoherent photonic computation, on the other hand, does not rely on the phase information
of light, conventionally [38]. Instead, it involves manipulation of the intensity or amplitude of light
waves to perform computations, making it less sensitive to phase fluctuations and coherence issues
that might affect coherent systems. Noncoherent approaches are simpler in terms of data encoding
and more robust as they do not have as many noise sources to deal with. This makes them suitable
for a wide range of applications that require optical signal processing, such as image processing
and sensor data analysis, and fundamental arithmetic operations. Additionally, they allow
performing arithmetic operations at a very large scale, through the usage of WDM, making
noncoherent photonics an attractive option for MVM and general matrix multiply (GEMM)
operations. To leverage WDM signals, the photonic device used in noncoherent computation
systems must be wavelength sensitive, which makes wavelength selective MRs popular candidates

for the fundamental devices in these architectures.

An MR is an on-chip optical resonator, which resonates when it encounters an optical
wavelength that matches its resonant wavelength (4,,z). Through tuning mechanisms, 4,,z can be
altered, increasing losses to the encountered wavelength, thus enabling amplitude modulation, and
hence forming the basis for noncoherent computation. There are two main tuning mechanisms
used: thermo-optic tuning and electro-optic tuning. Both these mechanisms can change the

effective refractive index (ns) of the bulk of the MR, thereby affecting (Ayg=2mn.srR; R=MR
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radius). Thermo-optic (TO) tuning achieves this by heating the MR through microheaters, and
electro-optic (EO) tuning achieves the same through free carrier injection via a PN junction

fabricated across the MR [37].

Several noncoherent computation architecture in prior work [49], [48], [44] rely on MR
operation for high throughput, reliable, low energy ML inference acceleration, through the
computation technique called broadcast and weight (B&W) [38]. Here, MRs are tuned to reflect a
stationary matrix, and vectors are introduced either as amplitude-modulated wavelengths or via a
subsequent array of tunable MRs downstream from the initial MR array’s output. The interaction
of light with the MRs modifies its amplitude to reflect a multiplication operation. Several of these
light signals can be summed using a photodetector, achieving n multiply and accumulate (MAC)
operations simultaneously. Here, n is the WDM degree of the signal and should correspond to the

size of the MR array.

From the discussions in Sections 12.1.2, the OPCM memory cell in Figure 104(c) is a potential
candidate to be part of noncoherent architectures that perform computation operations. The OPCM
cells can represent the stationary matrix/vector element, while the incoming light signal or one of
the access control MRs can represent the changing vector. At this point, performing a memory
read operation through the OPCM cell will achieve a multiplication operation. However, to achieve
effective large-scale noncoherent computation via PIM, several challenges must be addressed, as

discussed in the next Section.

12.2 RE-ARCHITECTING OPCM MAIN MEMORY FOR PIM

In this section, we take a brief look at the COMET OPCM main memory architecture and why

it cannot be used as is for effective noncoherent computation within a PIM solution.
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The basic architectural component of the COMET main memory architecture is the OPCM

memory cell depicted in Figure 104(c). This memory cell is tiled to form an array, where each cell

can be isolated from each other, while access is enabled through a wavelength assigned per column

of the memory cells in the array. Row access is provided by turning on the access control MRs

through EO tuning, thereby allowing the light signals access to the OPCM cell. N x N of these

cells can form a subarray and S x S of these subarrays form a memory bank. A collection of B

memory banks constitutes the main memory.

There are four major challenges that must be overcome to adapt the COMET OPCM memory

architecture for PIM:

Accessing all the cells in the same row across subarrays and banks requires B x S x N
wavelengths, which would be too energy- and power-expensive for a main memory of any
reasonable size. During data read/write operations, the light signals are given access only
to the subarray in which the corresponding row resides. This is achieved through the usage
of GST-based waveguide switching, rather than splitting the WDM signal into multiple
subarrays unnecessarily. It should be noted that using optical splitters and couplers would

essentially multiply the laser power needed, and this must be avoided.

COMET was architected with specific power consumption constraints, and hence many
architectural choices were made to enable a power consumption of under 10W for the main
memory operation, as discussed earlier. This power constraint allows it to operate in a
similar power point to electronic main memory architectures such as DDRS. However,
from a PIM perspective, these choices pose a problem. Having limited access to subarrays,

and hence OPCM cells, per read/ write operation severely limits the achievable
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parallelization of computation operations. So, it is necessary to find a solution that enables
multi-subarray access, without disrupting the optical main memory operation. Note that we
cannot rely on increasing WDM degree or splitting signals from the source across multiple
subarrays, as the power consumption this incurs will be many times higher than the 10 W

constraint, reflecting the previous challenge.

e Optical signals can interact with each other in the readout waveguides. Increasing the
WDM degree to avoid using splitters carries with it the risk of increased crosstalk and
errors, especially when using OPCM cells at higher bit densities. So, careful orchestration

of access and readout is necessary to achieve reliable and error-free computations.

e [t is also important to consider the impact of bit density per cell on PIM operations. In
COMET, a 4-bit per cell bit density was considered to ensure reliable memory operation.
This limits possible neural network parameter sizes to 4-bit if there is a need to perform
one-shot operations (e.g., multiplications) as discussed at the end of Section 12.1. Without
careful architectural considerations, it will be impossible to handle higher parameter sizes

for computation within COMET.

In summary, there are several challenges associated with enabling PIM within an OPCM main
memory. In our proposed OPIMA architecture, described in the next section, we address all of
these challenges via novel and significant alterations to an OPCM main memory architecture, to
enable PIM within the memory platform, while still allowing it to retain its core functionality as a

main memory solution.
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12.3 OPIMA ARCHITECTURE

This section discusses the proposed OPIMA architecture and how it achieves PIM-based ML

acceleration.

12.3.1 MAXIMIZING OPCM MEMORY CELL EFFICIENCY

The OPIMA architecture is a PIM architecture that significantly expands the capabilities of the
COMET main memory architecture. COMET explored how effective refractive index (n,rs) and
optical absorption (k) can be optimized for maximum energy efficiency in OPCM cells. Based on
this analysis, the authors had selected GST as the best-suited OPCM material for the C-band of

frequencies.
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Figure 105. Design-space exploration of GST-based OPCM memory cell, (a) Optical transmission
changes due to scattering and back-reflections of the light (4T) in the crystalline state, (b) AT, in
the amorphous state, (c) Optical transmission contrast between amorphous and crystalline states
(AT). Observe that for the chosen design point (highlighted with ‘X”), the AT for both crystalline
and amorphous states is less than 5% while the AT is at its maximum with 96%.

In this chapter, we consider more detailed factors influencing the behavior of OPCM-based
memory cells, particularly the unwanted changes in the optical transmission of the cells because
of the scattering and back-reflection of light when interacting with PCMs. The refractive index of
the PCMs in crystalline and amorphous states is significantly higher than the refractive index of
the waveguide material. Therefore, the propagating light can be scattered and reflected back and
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forth in the waveguide when interacting with the PCM on top of the waveguide. Such a scattering

effect leads to unwanted optical transmission changes at the output of the OPCM memory cell.

To tackle this limitation, we performed a design-space exploration using GST on top of silicon
waveguide to select the most optimal geometry that offers minimal transmission change due to
light scattering and maximum transmission contrast due to phase change. To capture the optimal

design with minimized scattering of the light, we use the following model:

ATS= 1_Tout_Pabsa (81)

where ATy is the optical transmission change due to light scattering and back-reflections, P,
is the total fraction of the power that is absorbed in the PCM cell, and T,,; is the output
transmission of the cell (all in dB). This model is applicable to both amorphous and crystalline
states of the cell. For ideal transmission control, T,,; should follow an inverse trend with respect

to Pyps, 1.€.:

Pabs = (1 _Tout) - ATS = 0. (82)

In addition, the desired OPCM memory cell should offer 1) high optical transmission which
originates from the low power absorption in the amorphous state, and 2) high absorption and hence
low optical transmission in the crystalline state. Consequently, the optimum design point should
offer minimized light scattering and back-reflections at both crystalline and amorphous states
while leveraging the high controlled optical transmission contrast. Therefore, the AT and the total
optical transmission contrast between amorphous and crystalline states (AT = T, — T,) can be
used as a figure-of-merit to find the optimal design for the GST-based OPCM memory cell. This
optimal design should offer a low AT in the amorphous and crystalline state and a high optical

transmission contrast (AT) between amorphous and crystalline states.
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The results for a 2-[Jm long GST cell that we designed are reported in Figure 105. Observe
that for the design point which offers the highest optical transmission contrast (AT) highlighted in
Figure 105(c), the transmission change due to light scattering and back-reflections is always less
than 5% in the crystalline state (Figure 105(a)) and the amorphous state (Figure 105(b)). In
addition, GST offers a high controlled optical transmission contrast (~96%) for the optimal design
point shown in Figure 105(c) which corresponds to a width of 0.48 pm and thickness of 20 nm.
This higher contrast in transmission also allows us to program 16 levels of transmission per cell,

allowing a bit density of 4 bits/cell.

The OPCM memory cell that we designed and optimized forms the building block of the
OPIMA architecture that is designed for efficient data storage and access, as well as for performing
in-situ multiplication operations. For the sake of maintaining row and column addressability, and
hence main memory operation, we combine this OPCM memory cell with double MRs for optical

access control.

12.3.2 OPCM MEMORY OPERATION

An overview of how OPIMA is designed to operate as a memory interfaced with an external
general-purpose electronic CPU is shown in Figure 106. A controller unit that handles the electro-
optical interfacing requirements must reside between the CPU and OPIMA, as depicted in the
figure. This controller unit interprets memory commands from the host CPU, enabling main
memory operation. It also supports data caching for read data to be sent to the CPU or data to be
written to the OPCM memory. In the latter case, the data is encoded via optical signals derived

from the laser source.
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The isolated OPCM cells within OPIMA make read/write operations quite straightforward. For
both operations, the row ID and subarray ID must be deciphered from the physical address. Once
this has been done, laser signals are sent to the corresponding OPCM bank. The read process
(Figure 107(b)) happens as the signal passes through the memory cell and is modulated by the
OPCM’s optical transmission. The read data is sent back to the E-O-E controller where it is
demodulated using an MR array. Then this data can be translated to the electronic domain and
passed on to the CPU. The write process (Figure 107(a)) requires much higher energy as it requires
inducing partial phase transition in the OPCM memory cells. This necessitates more laser power

to achieve the phase transition across multiple OPCM cells, based on the data to be written.
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Figure 106. Architectural overview of OPIMA

During the read and write operations, data integrity is a critical concern, especially considering
the loss tolerance in signal transmission. OPIMA incorporates semiconductor optical amplifiers

(SOAs) within and outside the banks and subarrays to maintain signal quality. We employ row-
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wise loss-aware signal amplification to counteract potential degradation. The banks and subarrays,

once designed, have constant losses, facilitating this correction approach.
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Figure 107. Memory (a) write and (b) read operation in OPIMA.

12.3.3 OPIMA PIM ARCHITECTURE

As discussed earlier, the optical transmission of an OPCM cell modulates the optical signal
passing through it. If the access control MR is tuned to represent the second parameter, the
successive modulations from the MR and the OPCM can achieve a multiplication operation.

However, since we need all the MRs in a row to behave identically to facilitate row access, it is
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better to tune the incoming laser signal to represent the second parameter. To achieve an
accumulate operation, we must let two signals of the same wavelength, modulated to reflect
products, interact with each other. To perform this step, we need to involve products from another
subarray sharing the same readout waveguide. Within the readout waveguide, these signals
interfering with each other generates the sums. This is desirable from a PIM perspective, but will
lead to erroneous readouts from a main memory perspective. Hence, for achieving this goal and
thus realizing the PIM operations for ML inference acceleration, we need several architectural

changes to the main memory architecture, as discussed next.
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Figure 108. OPIMA’s PIM-specific architecture; (a) OPCM bank organization; (b) Subarray
organization within the bank, showcasing grouping, aggregation unit, and computation specific
waveguides, coupling MRs, and mode converters (MC); (c) Subarray group internals; each
subarray is equipped with a microdisk laser (MDL) array for PIM operation independent of main
memory operation; (d) low loss waveguide (wg) crossings designed using inverse design; (¢) GST
cells used for subarray access control during OPCM main memory operation; (f) OPCM memory
cell with EO tuned MRs showcased; (g) OPCM memory array within subarrays, with R x C
OPCM cells within it.

To realize high throughput and error-free PIM operation in OPIMA, we need to address four
major challenges: (1) We need to leverage additional mechanisms to increase memory access and

computation parallelism beyond those offered by WDM; (2) reads should be supported from a
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selected subarray or a group of subarrays as needed, without interrupting the main memory
operation; (3) When simultaneously read out, the data from computation outputs and main memory
accesses must not interfere with each other in an undesirable manner; and (4) the architecture
should support PIM operations between parameters (e.g., CNN weights and activations) of any

size, irrespective of the specific bit density used in the OPCM cells.

12.3.3.1 IMPLEMENTING MDM FOR IMPROVED PARALLELISM

To address challenge (1), within OPIMA, we design the multi-bank OPCM memory
organization to go beyond WDM and additionally use mode-division multiplexing (MDM) to
enable parallel access across banks (Figure 108(a)). MDM involves exciting higher order modes
in a waveguide, where each of the modes of a wavelength can then be used for supporting parallel
data transfers and computations. Note that multiple wavelengths co-existing in the waveguide
(WDM) provide further parallelism for data transfers and computations. Increasing the number of
modes comes at a cost of increased width of the waveguide to allow the higher order modes to be
excited and propagated, as well as increased crosstalk. Thus, determining the optimal number of

modes (MDM degree) requires a careful trade-off analysis.

We inverse designed photonic mode convertors based on [303] to exploit the first four modes
of TE polarization. Compared to conventional mode convertors based on tapered structures or
thickness changes to induce the required index changed, the inverse designed mode convertors
offer a compact footprint and minimal loss. Note that exciting more than four modes in the
waveguide at the same time is physically challenging as it requires extremely wide waveguides
that significantly increase memory area. In addition, higher order modes suffer from intermodal
crosstalk due to the overlap of the modes [304], [305]. Based on our MDM propagation analyses,

we decided to keep the MDM degree to four, which limits the number of banks in the architecture
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to four. These MDM signals can be filtered by mode-sensitive MRs to their respective banks and
be routed to their respective subarrays through GST switches, enabling parallel read/write
operations across banks. However, there is a need to improve parallelism further to achieve higher
PIM throughput. Additionally, while it is technically possible to perform a MAC operation by
reading from two OPCM cells, this operation will be limited to 4-bit parameters under the

configuration discussed here.

12.3.3.2 REDESIGNING BANKS FOR CONCURRENT PIM AND MEMORY ACCESS

A memory bank within the OPIMA architecture is composed of RxC OPCM cells (Figure
108(g)), offering a total capacity determined by the product of the number of cells and the bit
density of each OPCM Multi-Level Cell (MLC). To enhance energy efficiency, banks are divided
into subarrays. The OPIMA architecture employs electrically controlled GST-based waveguide
switching to facilitate efficient subarray access (Figure 108(e)), markedly reducing the laser power
requirements. The GST switch introduces minimal losses and is pivotal for the energy-efficient
operation of the system. We need to make changes to this organizational structure and provide

additional access mechanisms to address challenge (2).

Data within OPCMs cannot be sensed in the same manner as charge-based storage in DRAM.
Accessing data in OPCM cells necessitates external laser signals, which must overcome several
losses in propagation, to be rerouted to the subarrays within which the OPCM cell resides. But this
will lead to high power consumption to overcome the losses and the signals being split into several
destinations. To circumvent this, we propose the addition of local laser sources to subarrays, which
can be triggered as needed for reads. Fortunately, unlike OPCM write operations, OPCM read

operations are not energy intensive [51] and hence we can employ low-power lasers.
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For OPIMA we opted for low-power microdisk laser (MDL) arrays (Figure 108(c)), which can
be integrated with every subarray. Each subarray uses C MDLs in its subarray, reflecting the
column number per subarray. The laser output from the MDL array can be coupled onto the signal
input waveguide of the corresponding subarray, using directional couplers. Using the MDL arrays,
we can access any row within a subarray, without the involvement of the external laser source
which drives the main memory operation. Additionally, since the MDL arrays are independent of
each other, multiple of them can be activated simultaneously to read from multiple subarrays

without having to reroute or incur additional losses.

Moreover, to ensure that we can read for PIM while main memory operations happen in
parallel, the subarrays are divided into several groups (Figure 108(b)). One row of subarrays per
group can be employed for PIM at a time, while the rest of the subarrays can be used for main
memory read/write operations. This ensures significant parallelism in MAC operations that can be

executed simultaneously per bank, offering simultaneous solutions to challenges (1) and (2).

12.3.3.3 REDUCING OUTPUT INTERFERENCE

Now that we have several MAC operations being supported simultaneously, we must ensure
that their results can be aggregated without interfering with each other or the main memory readout
operations, to address challenge (3). It should be noted that the subarrays make use of WDM

signals which can interfere with each other constructively or destructively.

To avoid computation signals interfering with memory read operations, we employ a series of
computation-specific waveguides. Computed data is rerouted to the computation waveguides
rather than the data-out waveguide using coupling MRs which can be activated alongside the MDL

array (Figure 108(c)). The computation waveguide is used to move the data to the aggregation unit
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in the bank. To prevent losses and the computed signal from interfering with orthogonally traveling
data signals, all the waveguide crossings in the computation waveguide have been carefully

designed to be as leakage-free as possible (Figure 108(d)).

To achieve the optimized waveguide crossing design, we used a photonic inverse design
technique to minimize the loss and crosstalk of the waveguide crossings. The Lumerical FDTD
solver [216] with the LumOpt [306] inverse design library was used to perform the geometry
optimization of the waveguide crossings. The optimized geometry of the waveguide crossing is
shown in Figure 109. Note that the transmission of the fundamental TE mode was used as a figure-
of-merit in our inverse design optimization of waveguide crossing. We can observe from the figure
that the inverse-designed waveguide crossing offers the maximum transmission at the C-band with
less than 0.001% of the input optical signal being lost due to optical insertion loss. Note that the

optimized waveguide crossing offers minimal -40 dB of the crosstalk in the C-band.
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Figure 109. Low-loss waveguide crossing designed with inverse design methodology (left) and
its loss profile for C-band (right).

As the data reaches the aggregation unit, they have to be merged. Here again, interference
between signals can be an issue. As discussed earlier in this subsection, we can make use of up to

four modes without significant crosstalk between the signals. We can reuse the orthogonality of
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modes here again. Each subarray group can be assigned a mode using a mode converter (MC),
before it merges with the waveguide carrying the signals to the aggregation unit’s demultiplexer

(demux). These changes to the architecture solve challenge (3).

12.3.3.4 ADDRESSING BIT SIZE MISMATCHES

OPCM cells within the photonic memory can be designed to have different bit densities, e.g.,
1 bit/cell, 2 bit/cell, 4 bit/cell, etc. However, the parameters in an ML model like a CNN can be 32
bits in size without quantization. They can also be quantized to lower bitwidths such as 16 bits, 8
bits, or 4 bits to reduce storage requirements and also to reduce computation latency and energy.
In scenarios where there is a mismatch between OPCM cell bit density and the CNN parameter
size (e.g., 4 bits/cell bit density with 8 bit CNN parameters), the one-shot multiplication operation

achieved by reading the OPCM cell, as discussed earlier, is not feasible.

To support different bitwidth scenarios and tackle challenge (4), we make use of a time division
multiplexing (TDM) based approach. For higher bit densities per cell than 4-bits (i.e., a nibble),
each nibble will have to interact with every nibble of the other parameter. This can be achieved
without significant loss in throughput because of solutions for challenges (1)-(3) which offer high
parallelism in MAC operations, while the signals can stay disentangled from each other. However,
we still have to perform shift-and-add operations to obtain the true results for these operations
[46]. These necessary operations are facilitated within the aggregation unit (Figure 108(b)). This
results in an overall drop in throughput, but facilitates flexibility in operation, unconstrained by

the OPCM MLC bit-density.

The aggregation unit is essential to address challenge (4), but it also provides some additional

benefits. The photodetector (PD) based conversion to the electrical domain acts as a noise filtering
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mechanism. The wavelength-specific PDs offer disentanglement from crosstalk between
wavelengths, improving SNR before the longer transmission to the E-O-E control unit.
Additionally, the parameters can be stored within the SRAM cache within the aggregation unit,
for additional accumulation operations if needed. We also consider 5-bit ADCs so that the data
can be translated to the electrical domain with any carries from the operations. Finally, the readout
signals for the MAC operations which were generated using low-power MDLs will be regenerated
through DACs and vertical cavity surface emission lasers (VCSELSs) for better fidelity before they
reach the E-O-E controller which handles further aggregation and applies non-linear activation

functions (see Figure 106) for ML inference operations.

12.3.4 CNN MAPPING AND INFERENCE IN OPIMA

The architectural design choices discussed in the previous subsection allow the OPIMA
architecture to realize high power consumption efficiency and high integrity large-scale parallel
MAC operations and main memory accesses in the optical domain. From a CNN inference
perspective, this offers two-fold benefits. Firstly, MAC operations are fundamental operations in
CNNs and OPIMA is capable of performing them with high degrees of parallelism. Secondly,
CNNs in general require significant storage and data movement between layers, but this can be
significantly reduced as the processing occurs within the memory where model parameters and

activation feature maps are stored.

To leverage the parallelism offered by the PIM substrate in OPIMA for CNN inference, we
need to efficiently map CNNs onto the OPCM arrays. For CNNs, this involves mapping the
parameters from both convolutional layers and fully connected layers. Operations for both of these
types of layers can be mapped into MVM operations. For convolutional layers, we adopt an input

stationary dataflow approach, where the input data can stay in its native storage location while we
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drive the smaller weight matrices (decomposed as vectors) through them. Because of the large row
sizes within the subarrays, we will be able to drive several kernels simultaneously. The feature
map must be divided across subarrays, so that we can access subsequent rows of the map from
neighboring subarrays. The kernels rows which must operate on the feature map can be encoded
into laser signals through MDL tuning and be introduced into the subarrays. Additionally, we can
achieve several parallel MAC operations through in-waveguide interference of WDM signals,

from multiple subarrays within the same subarray group.

Let us consider a simple example with a 2x2 kernel, a feature map (F) with a row size of 4
elements, and MDL array generating wavelengths {1;,4,,...,4;} (C=number of columns per
subarray). The kernel can be broken down into two vectors and mapped to MDL wavelengths:
ki = {koo ko1t = {A1,42} and k, = {kqg,kq1} = {A1,4,}. Similarly the rows in F can be broken
down into vectors and mapped to subarrays: {fy0,fo1,fo2,fo3} = Subarray, and
{fi0, fi1, fiz, fiz} = Subarray,. Both subarrays must be within the same subarray group to
facilitate the MAC operation. If we now enable access to the rows containing these vectors and
simultaneously send the k; and k, signals from the MDLs through the subarrays, we shall obtain

the following in the common readout waveguide {(kyo x fo0, K10 % fi0),A1}:{1(ko1 x fo1, K11 %

fi1), 42}

Because signals of the same A; interfere with each other, this in turn generates: (ko x foo +
kio x fio), (ko1 x fo1 + ki1 x fi1), which is one addition away from generating the first element
of an output feature map. This addition can be performed at the aggregation unit. The kernel can
be moved across the MDL array to reflect the stride operation and further outputs can be obtained.

Additionally, multiple kernels can be deployed simultaneously over F, across different
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wavelengths, reducing overall processing time requirement. This mapping process scales easily

with kernel sizes as well, as long as the kernel sizes do not exceed the subarray row size.

For fully connected layers we opt for a weight-stationary approach. In both cases, the stationary
matrix has to be distributed across subarrays to ensure parallelism in operations.
Once this mapping process is done, OPIMA’s PIM-specific architecture (Figure 108), as described

in this section can be utilized effectively to achieve inference operation.

12.4 EXPERIMENTS

In this section, we discuss the evaluation of the performance of OPIMA for PIM-based CNN
inference acceleration. OPIMA adopts a main memory configuration of 4 banks, 64x 64 subarrays
per bank, with 256x 512 OPCM elements and 256 MDLs per subarray. For evaluating OPIMA we
rely on a Python-based simulator, which makes use of the loss and energy parameters summarized

in Table 30.

We compare OPIMA against several electronic and optical acceleration platforms along with
the current state-of-the-art in photonic PIM. For our photonic accelerator systems, we consider the
work in [302], named PhPIM in our comparison studies, which proposed a PIM adjacent system,
and CrossLight [43], a photonic CNN accelerator. CrossLight and PhPIM are modeled using the
parameters in Table 30, and considering 8GB DDRS5 DRAM, with 4800 megatransfers per second

(MTYS) data transfer rate as its main memory.

We also consider Nvidia P100 GPU (referred to as NP100 in results), AMD EPYC 7742 CPU
(referred to as E7742 in results), and Nvidia Jetson ORIN (a low-power embedded GPU for edge

Al applications; referred to as ORIN in results), as our electronic platform comparison points.
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Table 30 Optical loss and power parameters considered for OPIMA

Loss parameters Values
Directional coupler loss 0.02 dB [307]
MR drop loss 0.5 dB [286]
MR through loss 0.02 dB [124]
Propagation loss 0.1 dB/cm [287]
Bending loss 0.01 dB/90° [151]
EO tuned MR drop loss 1.6 dB [280]
EO tuned MR through loss 0.33 dB [280]
SOA gain 20 dB
Energy parameters Values
OPCM read S pJ[51]
OPCM write 250 pJ [51]
EPCM write 860 nJ [308]
DRAM access 20 pJ/bit [309]
ADC 24.4 f]/step [310]
DAC 2.0 pJ/bit [311]

12.4.1 SUBARRAY GROUPING

The first experiment explores the OPIMA design space to determine the number of subarray
groups, which in turn will determine the number of operations that can be performed per cycle, in
OPIMA. This increase in parallelism trades off with the power consumption of the architecture.
As the number of groups increases, the complexity of the interface required at the aggregation unit
also increases, along with the laser power requirement to perform the operations. Simultaneously,
we would like the maximum number of subarray rows to be accessible for main memory

operations.
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Figure 110. Subarray group selection for OPIMA architecture.

The OPIMA memory organization has 64 rows of subarrays per bank as mentioned earlier,
which must be grouped as per the criteria discussed above. While considering the groups, we
would like to avoid the extremes i.e., the case with a single group or the case with each subarray
row belonging to an individual group, resulting in 64 groups. A single group severely limits
parallelism and 64 groups imply that all 64 rows will be engaged in PIM operations, essentially

preventing any main memory read/write operations.

Figure 110 shows the normalized power, MAC throughput, and rows available for main
memory operation, with changing number of subarray groups (x axis). It can be observed that a
configuration with 16 groups strikes a balance between achievable compute parallelism with
reasonable power consumption and sufficient memory access without starvation. Additionally, 16

subarray groups enables the maximum throughput efficiency (MAC/Watt) from OPIMA.
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Table 31 Various models considered for opima evaluation and their accuracy across
quantization levels for classifying the specified datasets.

Model Dataset Accuracy Accuracy Accuracy Parameter
(fp32) (int8) (int4) count

Resnet18 | CIFAR100 75.3% 74.2% 72.6% 11584865
(11.6 M)

InceptionV2 |  SVHN 81.5% 80.8% 75.9% 2661960
2.6 M)

MobileNet | CIFAR10 88.2% 87.5% 83.5% 4209088
4.2M

SqueezeNet | STL-10 92.5% 90.3% 86.5% 1159848
(1.1 M)

Our earlier analysis on mode conversion pointed to the fact that we can only have a maximum
of four modes in our waveguide at the aggregation unit. Since we have to rely on four modes only,
to meet the demand of 16 groups, the modes can be reused. For enabling mode reuse we use the
same mode converter designs along the computation waveguides (Figure 108(b)). Additionally, to
prevent the same modes from interacting with each other, each four modes is assigned a separate

multimode waveguide for transferring to the demux unit within the aggregation unit.
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Figure 111. Power breakdown for OPIMA architecture.
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12.4.2 OPIMA POWER BREAKDOWN

The power consumption breakdown of the resulting version OPIMA is shown in Figure 111.
From this plot we can observe that the maximum power consumption is contributed by the MDL
array and the electrical-optical interface, leading to a maximum power consumption of 55.9 W,

for both main memory and PIM operations running simultaneously.

12.4.3 CNN WORKLOAD ACCURACY AND LATENCY ANALYSES

For workloads we considered four CNN models: ResNetl8, InceptionV2, MobileNet, and
SqueezeNet. The inference is performed for image classification of datasets, details of which are
provided in Table 31. We have considered 4-bit integer quantization using TensorRT, as this is the
baseline MLC capacity. As the table shows this level of quantization results in at most 6% loss in
accuracy, in the considered models. But this accuracy drop is model architecture-dependent, as
can be seen in Table 31. To showcase OPIMA’s flexibility in handling parameter sizes, we have

also considered 8-bit variants of the same models (Table 31).

Before we go into further comparisons, we first analyze the performance of OPIMA using both
the 4-bit and 8-bit quantized variants of the CNN models. A breakdown of OPIMA’s latency in
ms, as it processes these models, is provided in Figure 112. Processing latency is the total time for
processing the necessary MAC operations and the aggregation unit operation, i.e. all in-memory
processing operations. The writeback latency refers to the latency incurred while applying the non-
linearities and writing back the final results, i.e. output feature maps, back into OPIMA’s main

memory architecture.
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Figure 112. Latency breakdown for OPIMA’s 4-bit (4b) and 8-bit (8b) variants across the models
from Table 31.

It can be observed that writeback is a significant contributor to latency in OPIMA. The PIM
operations can leverage data within the memory and the high processing parallelism, leading to
remarkably low processing times. However, the latency for the OPCM write operations needed to
make the output feature maps available within the memory for further processing far outweigh the
latency savings from the PIM operations. So, even though OPIMA can handle a variety of
parameter sizes, given the OPCM write latencies, it is prudent to rely on 4-bit quantized models,

while suffering some loss in accuracy, if throughput is significantly more important.

It can also be observed that OPIMA does not perform as one would expect for the far smaller
InceptionV2 and MobileNet models when compared to ResNetl8. Both of these models have
higher processing latencies, with MobileNet having significantly higher processing latency than
ResNet18. This is attributed to the 1x 1 kernels in these models, which pose problems for the
WDM-based MAC parallelization within OPIMA. Since the results from these operations do not
have any further accumulation to be performed on them, they prevent the totality of the subarray

row from being used. If more operations are performed, they will interfere with the results from
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the 1x 1 kernels, leading to erroneous results. So, when these are encountered, OPIMA loses a
significant portion of its parallel processing capabilities, especially when they are sequential in the
CNN execution graph, like in the case of InceptionV2. MobileNet, though a larger model, offers
higher parallelization opportunities, and hence performs at a similar latency, despite being ~4x

the size of InceptionV2.

Similarly, writeback is a significant contributor to overall latency as discussed earlier.
However, this is proportional to the sizes of the output feature maps generated by the model and
not the computational complexity of the model. This is the reason for MobileNet having lower
writeback latency than processing latency, in comparison, and why InceptionV2 has an overall

lower latency than ResNetl8.

To further characterize the latency benefits of OPIMA, we compare it against the latency for
the other photonic computing architectures we have considered, as shown in Figure 113. The
OPCM-based architectures (OPIMA, PhPIM) have better performance than CrossLight, because
of the higher parallelism achievable in these architectures. PhPIM leverages the photonic tensor
core operation from [265], along with an external DRAM acting as the actual main memory.
PhPIM has opted for the faster yet energy-intensive electrical PCM programming mechanism, but
the tensor core operation is still in the optical domain. The reprogramming, or writeback as we call
it for an OPCM PIM, is significantly faster for PhPIM. However, OPIMA leverages much higher
parallelism inherent to a main memory, and available to a PIM architecture, enabling faster
processing times. Additionally, OPIMA does not have to access an external DRAM to access data
needed for processing hence it does not have any external data movement latencies associated with

its operation.
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Figure 113. Latency breakdown of CNN model inference across photonic architectures OPIMA
(0), CrossLight (C), and PhPIM (P), for model-dataset pairs from Table 31.

12.4.4 COMPARISON STUDIES

In this section, we compare OPIMA against the various photonic and electronic acceleration

platforms in terms of energy per bit (EPB) and throughput efficiency (FPS/W; FPS=frames per

second).
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Figure 114. EPB comparison across architectures.

On average OPIMA achieves 71.2x, 151.2x, 3.5x, 3.7x, and 186x better performance in

terms of EPB over NP100, E7742, ORIN, CrossLight, and PhPIM respectively (Figure 114). It
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should be noted that P100 can outperform OPIMA in terms of raw throughput, especially in the
case of InceptionV2 and MobileNet, where the GPU threads are not constrained by the interference

limitations of our WDM-based parallelization of operations.
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Figure 115. FPS/W comparison across architectures.

But OPIMA consumes significantly lower power, which also leads to overall better throughput
efficiency. In terms of FPS/W, OPIMA achieves 14.7x, 38.2x, 27.2x, 2.1x, and 55.3x better

performance over NP100, E7742, ORIN, CrossLight, and PhPIM respectively (Figure 115).

It can also be noted that though OPIMA and PhPIM had comparable latencies (Figure 113),
OPIMA is able to outperform PhPIM in these metrics. This is because of the energy-intensive
EPCM write processes that accompany PhPIM operation (nJ), as opposed to OPIMA’s OPCM

reprogramming process (pJ).

12.5 CONCLUSIONS

In this chapter, we presented OPIMA, a high throughput, low latency, highly energy efficient
OPCM PIM architecture. OPIMA showcases how an OPCM main memory architecture can be
rearchitected to achieve photonic PIM. Through device-level design to enhance efficiency and

various architectural innovations, OPIMA compares remarkably against electronic and photonic
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ML acceleration platforms. On average OPIMA outperforms the considered architectures by 83.1x
in terms of EPB and 27.5x in terms of FPS/W. In particular, it outperforms the state-of-the-art
photonic PIM architecture PhPIM by 186x and 55.3x in these metrics, while achieving lower
average latency, across several CNN models. OPIMA also opens the door for possible system-
level integration of photonic PIM with dedicated photonic accelerators such as those described in
[43]- [50]. Such a system can benefit from both the higher bandwidth that OPIMA’s main memory

can provide along with computation support through PIM.
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CHAPTER 13: CONCLUSION AND FUTURE WORK SUGGESTIONS

13.1. RESEARCH CONCLUSIONS

We addressed several challenges faced by noncoherent photonic DNN accelerators through
cross-layer design approaches, in this thesis. Our proposed codesign framework employs layer-
specific solutions and cross-layer solutions that combine enhancements at the software-level,
architecture-level, circuit-level, and device-level. Our framework utilizes (i) hardware and device
aware quantization and compression strategies at the software level; (ii) neural network specific
hardware pipelines at the architecture level, along with NoC and memory enhancements to bring
us closer to a fully photonic system; (iii) device and circuit level enhancements to reduce crosstalk,
thermal noise and variations, and address fabrication process variation. The works that employed
this framework validate this cross-layer design approach, through their experimental results,
showcasing the framework’s potential as a strategy to ensure high throughput, energy efficient,

and reliable noncoherent photonic DNN accelerator designs.

Our first contribution was ARXON, a loss-aware approximation framework for data
communicated over PNoC architectures, which improved on its predecessor LORAX. ARXON
explored multi-level signaling, MR tuning, and crosstalk mitigation strategies as avenues to save
energy along with the loss-aware laser tuning startegy. Our results indicated ARXON can reduce
laser-power consumption by up to 57.2% over a baseline PNoC architecture like Clos and
SwiftNoC. Our framework also shows up to 56.4% lower laser power and up to 23.8% better
energy-efficiency compared to the best-known prior work on approximating communication in

PNoCs, at the time.
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Our next contribution is the photonic CNN accelerator architecture CrossLight, which features
CNN specific VDU design, combined with architecture, circuit, and device level optimizations to
combat laser power, reliability, and tuning challenges. CrossLight experimentally demonstrated
9.5x lower energy-per-bit and 15.9x higher performance-per-watt compared to state-of-the-art
photonic DNN accelerators. CrossLight also shows improvements in these metrics over several

CPU, GPU, and custom electronic accelerator platforms considered in our analyses.

By driving accelerator design from the software level, we arrived at high throughput and
energy efficiency exhibited by our ROBIN architecture. ROBIN is an optical-domain BNN
accelerator which utilizes device-level, circuit-level and architecture-level optimizations to save
on energy and area while improving overall throughput. Through our optimization efforts, we
identified two variants of ROBIN: ROBIN-EQ, which is optimized for energy and area efficiency,
and ROBIN-PO, which exhibits higher throughput performance, at the expense of comparatively
higher power consumption. ROBIN-EO exhibits EPB values ~4x lower than electronic BNN
accelerators and ~933x lower than the photonic BNN accelerator considered, while ROBIN-PO

shows ~3x and ~25x better FPS than the electronic and photonic BNN accelerators respectively.

Similarly, tackling unstructured sparsity in CNNs using our crosslayer design framework
yielded SONIC architecture. SONIC integrated several architecture and software level
optimizations and exhibits up to 5.8x better power efficiency, and 8.4x lower EPB than state-of-
the-art sparse electronic neural network accelerators; and up to 13.8x better power efficiency and

27.6x lower EPB than state-of-the-art dense photonic neural network accelerators.

To efficiently accelerate heterogeneously quantized CNNs, we proposed HONNA, which used
WDM and TDM simultaneously to achieve this goal. By pinpointing the ideal quantization profiles
for CNNs and making tailored optimizations for the hardware, HQNNA managed to secure
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enhanced performance metrics, specifically in the realms of energy and throughput efficiency. It
achieved improvements reaching up to 73.8x better EPB and 159.5x better throughput-energy

efficiency compared to traditional photonic CNN accelerators.

RecLight which was designed for being capable of accelerating several RNN variants,
exhibited EPB improvements that range from 37x to 1730x when compared with six state-of-the-
art electronic RNN accelerators. RecLight also demonstrated up to 2631.6x better throughput than

these electronic RNN accelerators.

The GNN accelerator designed through our framework, GHOST, exhibited throughput
improvements of at least 10.2x and energy-efficiency improvements of at least 3.8x, when

compared against to nine computing platforms and state-of-the-art GNN accelerators.

The transformer accelerator TRON, exhibited throughput improvements of at least 14x and
energy-efficiency improvements of at least 8x when compared to eight different processing
platforms and state-of-the-art transformer accelerators. TRON’s flexible and energy efficienct
architecture was also found to be ideal for deployment in different scenarios, including edge

computing environments.

We also explored 2.5D chiplet platform-based photonic DNN accelerators, where both
communication on the interposer and computation on the chiplets were performed using photonic
devices. The 2.5D platform outperformed its monolithic counterpart with ~7x better throughput

and ~6x better EPB values, owing to the high-bandwidth photonic communication across chiplets.

Seeing how we were able to tackle computation and communication challenges in DNN
acceleration using our framework, we applied it on photonic main memory to yield the COMET

main memory architecture. COMET followed the crosslayer design principle of our framework,
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by designing a cohesive main memory system from PCM storage cell design to access controlled
PCM memory cell and architecture enhancements for laser power management, loss and crosstalk
management, and high bandwidth data transfer from memory. Thanks to these enhancements,
COMET operates at a mere 26% of the power usage relative to the most efficient previously
documented OPCM-based main memory architecture designs. This reduction in power
consumption, coupled with the rapid operation of GST cells, allows COMET to deliver a
bandwidth that is 7.1x superior, an EPB that is 15.5x lower, and latencies that are 3x shorter than

the most advanced OPCM-based main memory architectures currently known.

Using COMET as a backbone we proposed the photonic PIM architecture OPIMA. OPIMA
employs several PIM-specific architectural enhancements, including: (i) local microdisk arrays to
facilitate low-energy PIM operations without stressing the main memory laser source; (ii)
computation-specific waveguides separating PIM outputs from main memory read outputs for
reliability in PIM and memory operations; (iii) memory operation aware grouping of subarrays to
ensure high throughput PIM operation along with main memory operation. On average, OPIMA
surpasses the architectures we compared it against with an 83.1x improvement in EPB and a 27.5x
enhancement in frames per second per watt (FPS/W). Specifically, it outperformed the best prior
known photonic Processing-in-Memory (PIM) architecture, which we named PhPIM, by 186x in

EPB and 55.3x in FPS/W, all the while maintaining lower average latency.

With these contributions, we have the main components for a photonic ML acceleration system
(accelerator, communication network, and main memory) which only requires minimal control
interface from the electronic domain. These contributions and the the cross layer design framework

we proposed may help enable such systems in the future.
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13.2. SUGGESTION FOR FUTURE WORK

As the DNN architecture landscape continues to grow in scale and complexity, there are several

directions our future works may take. Some of the key directions are as follows:

Hyperdimensional Computing using noncoherent photonics: Hyperdimensional
computing (HDC) is an emerging computational paradigm inspired by the brain's
ability to process information through high-dimensional, dynamic representations.
Unlike traditional computing models that rely on binary logic and linear data
processing, HDC operates in spaces of thousands of dimensions, using vectors to
represent data and perform computations. This approach enables HDC to handle
complex patterns, recognize similarities, and efficiently manage large-scale, noisy
datasets. Its applications span areas such as natural language processing,
bioinformatics, and robotics, offering a robust and energy-efficient alternative to
conventional computing methods. HDC's capacity for parallel processing and noise
tolerance makes it particularly appealing for developing advanced artificial intelligence
systems, and makes it an ideal candidate to tackle using our framework.

Data representation techniques in noncoherent photonics: The works discussed in this
thesis relied on integer quantization for running DNNs on noncoherent photonic
systems. Though high accuracy can be obtained from integer quantization, converting
data and weights associated with a model to integer from fp32, and then obtaining
similar accuracy to the original model is possible, but is a difficult task. Having the
ability to use floating point or fixed point data directly in the photonic domain will
make the architectures yielded from the domain attractive to a wider audience.

However, this datatype representation capability is limited by the broadcast and weight
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approach which relies solely on amplitude modulation. More research on how to
represent and operate on other datatypes effectively in photonic analog domain is a
necessity.

Cohesive photonic acceleration systems: As mentioned at the end of Section 13.1, we
have the components to enable a photonic system which will only require minimal
control interaction with the electronic domain. However, enabling such a system
requires careful architecture design to ensure reliability, energy and power efficiency,
and high throughput. The accelerators discussed in this thesis still rely on an electronic-
photonic interface for data movement and aggregating results. A cohesive photonic
system can do away with the interface circuitry and rely on photonic memory, data
movement, and computation, bringing its throughput capabilities closer to the
theoretical maximum of photodetection rate.

System and software integration of photonic systems to digital systems: As mentioned,
even though photonics can be used effectively for application-specific processing, it
still needs a general purpose processor to interact with surrounding systems and the
user. The analog computation technique lacks the flexibility to be used for general
purpose computing, currently, hence the photonic system will have to inevitably
interact with the rest of the systems in, for example, a data center through a digital
CPU. Considering the photonic system as a subsystem like this opens up avenues for
several research directions: (i) developing methods to seamlessly integrate photonics
with digital electronics, ensuring they operate synchronously and efficiently; (ii)
interface hardware and protocol design to enable analog-digital communication and

data transfer with minimal loss of fidelity and latency; (iii) System architecture
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optimization considering both photonic and digital components; (iv) investigating
driver and middleware development for interfacing with real-world programs like the
OS of the host and higher-level applications (E.g. PyTorch).

Photonic accelerator hardware security: Security in ML accelerators is crucial
primarily to prevent malicious exploits such as model theft, adversarial attacks, and
data leakage, which can have dire consequences, including financial loss, privacy
violations, and safety hazards. ML accelerators are often deployed in environments
where they process highly sensitive information, making them attractive targets for
cyber-attacks. All of this is true for photonic accelerators as well, making this a crucial
aspect of architectural design to be considered in future works.

Photonic neuromorphic computing through PIM: Neuromorphic computing is a
computing paradigm that mimics human brain operation. By definition, neuromorphic
computing systems implement synapse and neuron analogs, and mimic the spike-based
activation and operation of neurons, for computation. There is active research on both
hardware (E.g. IBM TrueNorth, Brainchip Akida) and software realization (spiking
neural networks or SNNs) of this technology. As discussed in chapter 12, photonic PIM
is a viable strategy for ML acceleration. Given how the photonic main memories from
chapters 11 and 12 already have the inherent ability to mimic synapses through their
PCM memory cells, an investigation into how to realize neuromorphic systems using

these memory platforms could yield SNN-compatible, low-energy systems.
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