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Abstract

Photonic Integrated Circuit for Machine Acceleration: Photonic
Tensor Core Processor

The field of machine learning and artificial intelligence (Al) has experi-
enced significant growth and has become increasingly prevalent in modern
society. However, the progress of adopting intelligent automation systems is
hindered by hardware limitations, including constraints related to through-
put, power consumption, and latency. While electronic systems have reached
the end of their scaling laws, there is a need for alternative accelerators.
Optical co-processors present a potential solution to these hardware lim-
itations by offering a high degree of algorithmic homomorphism. This is
achieved by implementing general matrix-matrix multiplication operations
through on-the-fly multiplication by electro-optic components, and accumu-
lation operations by photodetectors. Despite this potential, recent emerging
photonic Al engines have been found to be cumbersome to program, follow
scaling laws that incur overhead, or rely on discretely-packaged photonic
components, resulting in decreased performance.

In this dissertation, we present two methods for achieving a multiply-
accumulate engine on photonic circuits. These methods focus on addressing
the different bottlenecks of current photonic Al engines. Specifically, we
propose hybrid electronic-photonic tensor processors that offer a versatile,
low-overhead, and compact solution for extreme edge Al applications, as well
as for machine learning training tasks in the cloud. These novel approaches
have the potential to significantly improve the performance and efficiency
of Al systems, and thus have broad implications for the field of machine

learning and Al.
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Chapter 1:  Photonic Tensor Processing Unit with a Matrix Multiply

Compiler

1.1 Introduction

The total amount of data consumed globally has increased signi cantly in
the recent years, reaching 79 Zettabytes (=  10°! bytes) of data generated and
consumed in 2021] 12], which has pushed computer performance require-
ments to novel peaks[ 5]. Moreover, the raise of Arti cial Intelligence ( Al)
and Machine Learning ( ML) algorithms[ 13, 4], particularly Deep Neural
Network ( DNN) [34], have put pressure on the current computers and data-
centers (g. 1.1a), with demanding tasks whereby they are not designed for,
like Matrix-Vector Multiplication ( MVM) [48]. As in a typical DNN algorithm,
for example, where each neuron weights signals coming from the previous
neurons layer, and return an output through an activation function[ 10, 7],
this process is generalized into an ~ MVM for all neurons of a layer, making
this single operation crucial for the performance of the Al algorithm[33].
The ML algorithms heavily relied on multiplications and summing set-
ting a challenge for electronic-based processors, while Moore's Law limits
are approaching, capping the density of transistors per area. Solutions
such as Graphical Processing Unit ( GPU) improved performance over tradi-

tional Central Processing Unit ( CPU) architecture for the MVM, whilst the



Figure 1.1: Introduction of Photonic Tensor Core (PTC).

Application-Speci ¢ Integrated Circuit ( ASIC) emerged to o er throughput
and e ciency improvements [ 44, 14, 24, 40]. However, these approaches
are still relying on electrons, so charging and discharging wires, which show
high energy consumption per throughput[20, 6].

In the More-than-Moore approach, photonics has been raised as one of
the major candidates to further improve the performance of Al algorithms
while reducing or capping energy consumption| 22]. Solutions using light
instead of electrons to perform computation have been proposed in recent
years, as some even reached the market already[ 29], mainly using bulk
optics components[ 43]. Integrated and more compact solutions have fol-
lowed a similar path, as speci ¢ Photonic Integrated Circuit ( PIC) have been
proposed to perform the Neural Network ( NN) task, generally known as
Photonic Tensor Core ( PTC) [21, 35, 38, 26, 8, 11]. Implementations with
di erent approaches and components have taken the stage and shown
better results than the corresponding electrical counterparts, in terms of

speed and energy e ciency|[6, 48].



Figure 1.2: Architecture of the Photonic Tensor Core.

The main advantages that photonics systems exploit are inherited from the
intrinsic behavior of electromagnetic waves| 21], where Multiplication and
Accumulation ( MAC) operations such as those used in ML inference tasks
can be performed in analog fashion at near zero energy cost, for all the high
bandwidth available. In this paradigm, multiplication can be performed by
using amplitude or phase modulators and the accumulation by a photode-
tector (incoherently) or by a Y-junction waveguide (coherently). Interestingly
the operations are performed in analog fashion that allows for accumulation
at full bit precision. This combination of low energy, high signal baud rate,
and wide spectral bandwidth allows photonics solutions to achieve a high
throughput-over-energy gure of merit[22, 27] (g. 1.1a).

However, actual PTC solutions still lack several factors, and one platform
that can adapt to both energy-e cient classi cation and machine learning
has yet to be presented (g. 1.1b). Some architectures su er from com-
ponent scaling challenges scaling faster than the weight matrix size [ 35].
Others su er from addressing a speci ¢ problem, lacking a high-speed

recon guration solution for the same architecture, either due to design



and materials choice[ 8], or due to the xed size of the  NNJ[3]. The optimal
solution should have the exibility to integrate both low-energy consump-

tion memories, such as electronically-controlled Photonic Random Access
Memory ( P-RAM) using Phase Change Material ( PCM) [19, 8, 9], as well as
high-speed modulators and photodiodes, to ful Il the progress of PTC as
the next Al accelerator[18].

Here, we will introduce an architecture to implement a PTC that allows
adapting to both the said specializations, featuring an integrated multiply-
accumulate engine, signal parallelism via wavelength division multiplexing,

and tunable 5-bit electronic programmable weights (g. 1.2a-b). The archi-
tecture allows for the exploitation of several kernel-weighting components to
include high-speed modulators or low-speed PCM memories. We show and
demonstrate in a prototype the key main advantages that can be reached

by exploiting a high level of integration achieved by photonic integration.

By exploiting a custom-build General Matrix Multiply ( GeMM) compiler ( g.
1.4) to subdivide and process reduced-size matrices that are compatible

with our fabricated PTC prototype, we will show the versatility of this PTC
engine demonstrating a number of applications that include data and image
Itering, argumentative reality with images, and machine learning classi -

cation tasks in a Convolution Neural Network all at a high accuracy and

low error rate. Such versatility of a photonic tensor core processor (PTC) is
paired with high raw performance o ering high MAC-e ciency-throughput

product.



Figure 1.3: Scheme of the Photonic Tensor Core.

1.2 Photonic tensor core architecture

We select a parallelizable and scalable  PIC architecture for our PTC accel-
erator bringing together several advancements into one platform; a) the rst
MAC -operation entirely performed on a PIC, b) a robust amplitude weight-
ing (multiplication) scheme, c¢) Wavelength Division Multiplexing ( WDM)
based multiplexing via passive add-drop microrings, and d) an overall linear-
scaling and modular design to fan-out MVMs (g. 1.3). To elaborate on each
further, the architecture is modular, as one PTC module performs a row of a
vector matrix dot-product multiplication, whereas a line of PTCs processes
the entire matrix-matrix multiplication, thus parallelizing the architecture.
An array of lasers is modulated with the input vector values, combined by a

WDM Multiplexer ( MUX), and fed into the silicon photonic chip. The input is



then distributed to every PTC module (e.g., 3  (B). In each module, the rst
series of microring resonator act as WDM Demultiplexer ( DEMUX ), each
arm followed by an optical attenuator performing the multiply (i.e., weight-
ing). A bene t of this approach is that this weighting component could be
implemented in a variety of ways to match the need of the application, hence

o ering a high degree of customization; to example, for a network edge Al
system only requiring seldom weight updates, an electrically programmed
nonvolatile memristive phase change material (PCM)-based P-RAM perform-
ing linear weighting can be used [ 19]. In contrast, to accelerate the training
of machine learning tasks in data centers, rapid updating of the weights is
required, thus a Mach-Zehnder Modulator ( MZM ), such as the ones provided
by Silicon Photonic ( SiPh) foundries, can be selected, This solution can have
the highest bandwidth and Extinction Ratio. However, it su ers from the
known footprint. For a more compact high-speed solution, Microring Modu-
lator (MRM) can be used, yet trading in spectral bandwidth and wavelength
stability over time. The recombination is performed by the second series of
microrings, as a WDM MUX and a photodiode nishes the MAC operation

by performing an accumulation. Noteworthy for the accumulation using

a detector, it allows for an accumulation at full bit-precision and o ers

to temporally 'pool' accumulating data by running the Analog-to-Digital
Converter ( ADC) at a lower data rate as compared to the incoming data ( g.
1.3). The modularity of the structure allows for the size of the circuit based

on the need, for example reducing the component and complexity for edge

6



Figure 1.4: Scheme of general matrix multiply(GeMM) compiler.

applications, and obtaining a PTC bank (g. 1.3).

For most of the tasks that a PTC will execute, it will require matrix sizes
that exceed the physical number of available matrix weights of the PTC
itself. This is, incidentally, the case also for electronic counterparts, such as
GPU or Tensor Processing Unit (  TPU). For example, considering the image
processing of a typical 4K HD image, the size of the image itself reaches
3840 (2160 pixels. To overcome the limitation, we deploy a mathematical
approach, a GeMM compiler, to reduce the size of the matrices by subdivid-
ing them. For example, for the Hadamard product, we can see the splitting
of the main matrix and vectors into smaller ones ( g. 1.4), therefore even
a smaller physical kernel (e.g., 3 O8) PTC can process larger matrices [ 39].
In this following chapter, three di erent versions of PTC are shown below:
Phase change meterial based PTC, MZM based highly integrated PTC, and

MRM weight bank based full integrated PTC.



1.3 Summary

This chapter has provided foundational knowledge essential to the en-
suing developmental exploration. The concepts presented herein are in-
strumental in facilitating a comprehensive understanding of the operative
principles, as well as in ensuring an e ective comprehension of the con-
tent discussed in the remaining chapters. In addition, the architectural
structure of our proposed photonic tensor core has been presented. The
insights provided here will foster a better understanding of the underlying
operational principles, thereby facilitating a coherent comprehension of the
subsequent chapters. As we transition into the next chapter, we will pivot
towards the application of this knowledge base, speci cally in the design
and testing of di erent type of photonic tensor core and photonics Residue

Arithmetic System (RNS).



Chapter 2:  Photonic tensor core based on phase change material

2.1 Phase Change Material

Phase Change Materials ( PCMs) have garnered signi cant attention in
the eld of photonics[ 32, 30, 31, 15, 42], owing to their unique capabilities
that allow rapid and reversible switching between amorphous and crys-
talline states ( g.2.1). This inherent characteristic of PCMs gives rise to a
stark contrast in optical and electronic properties between the two states,
thereby making them viable candidates for a variety of applications, notably
in data storage[ 16, 41, 47, 45, 2]. The principle mechanism underlying this
phenomenon involves the use of a laser beam with high intensity to heat
the PCM above its melting temperature. Subsequent rapid cooling leads to
the formation of an amorphous phase with distinct optical properties as
compared to its crystalline counterpart. These transformative capabilities
were rst commercially exploited in rewritable optical data storage systems,
with PCM's ability to switch states proving instrumental in data inscription
and erasure.

The intriguing property portfolio of PCMs has led to their extensive explo-
ration for applications in non-volatile photonic memories. In this context,
the metastability of the amorphous and crystalline states is harnessed

to store data, with a short voltage pulse being applied to micro-heater to



Figure 2.1: Phase transiction in phase change material(PCM).

facilitate the transition between the two states. The property that the stark
di erences in optical properties between the amorphous and crystalline
states with long term stability allows us to achieve memory in computing in
our PTC architecture.

One of the commonly used PCM materials for photonic memory is GST
(Ge-Sb-Te) due to its notable contrast in both refractive index ( Dn) and opti-
cal absorption ( Dk) when transitioning between amorphous and crystalline
states. Despite its prevalent use, it is important to note that GST exhibits a
signi cant absorption coe cient, even in its amorphous state. This char-
acteristic becomes a critical limitation when considering larger photonic
networks, such as those used in the implementation of neural networks
(NNs). These networks often necessitate a multi-layer design wherein the
photonic memory, containing the kernel memory, must exhibit extremely
low loss to ensure e cient operation. Unfortunately, GST-based photonic
memory struggles to meet this low-loss criterion due to its inherently high

absorption coe cient [  45]. This attribute of GST leads to an elevated static

10



Figure 2.2: Optical absorption coe cient of GeShSe,.

power consumption, which can signi cantly impair the performance and
e ciency of the network operations. Therefore, while GST o0 ers unique
advantages, its high absorption coe cient presents a signi cant challenge
in the pursuit of highly e cient, low-loss photonic memory systems.

To solve this pain point, here, we use an an ultra-low loss phase-change
material GeSkhSe;, (GSSe) as photonic memory material. As shown in g.2.2,
this particular material is characterized by its remarkably low optical loss
(k), a property that is of critical importance for bit-scalability and the devel-

opment of e cient photonic circuits.

11



Figure 2.3: Simulation result of 4-bits P-RAM in all crystalline state, half
crystalline and half amorphous, and all amorphous.

2.2 Fabrication step of P-RAM based photonic tensor core

Our photonic memories ( P-RAM) developed in this study consist of pro-
grammable Phase Change Material (PCM) wires, each 30-nm-thin and
250-nm-wide, arranged in a grating con guration with a 50% duty cycle.
Each individual wire represents a quantized state. As such, if we de ne the
highest state as the condition in which all wires are in their amorphous
phase, a mere 15 reprogrammable wires are su cient for implementing a

4-bit memory for each element of the kernel ( g.2.3).

12



Figure 2.4: Layout of P-RAM based photonic tensor core (PTC).

The Photonic Tensor Core with P-RAM, like the proposed architecture, has
two rows of microring resonator as WDM ( g.2.4). The weight is change
to P-RAM. The P-RAM comprise an array of phase change material (GSSe)
whose states are individually controlled by on-chip tungsten heaters. The
number of GSSe stripes represent the number of bit-1 used for representing
the kernel elements. After multiplications, light is detected by a high-speed
photodetector, which performs the summation across wavelengths in the
linear domain.

Figure 2.5 illustrates the fabrication process implemented for our Photonic

Figure 2.5: Fabrication step for P-RAM.
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Figure 2.6: Scanning electron microscope image of micro-ring.

Random-Access Memory (P-RAM) with a tungsten micro-heater. The design
incorporates a layered structure comprising ve di erent materials: silicon
dioxide, silicon, Ge2Sb2Se5 (GSSe), Al»,O3, and tungsten. The passive sil-
icon waveguide was provided by Applied Nanotools Inc. Figure2.6 shows
the Scanning Electron Microscope ( SEM) image of passive micro-ring with
waveguide.

The process began with patterning GSSe by using Electron-beam Lithog-
raphy ( EBL). After that, we do the deposition of a 20 nm thin Im layer of
GSSe using single-source thermal evaporation. To protect the GSSe from
oxidation, a 20 nm layer of  Al,O3 was subsequently deposited using Atomic
Layer Deposition (ALD).

The next phase involved the fabrication of the tungsten-titanium micro-
heater ( g.2.7), carried out at the Nanofabrication and Imaging Center at

George Washington University. Here, a 200 nm-thick layer of tungsten-

14
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