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ABSTRACT

Artificial deep neural networks (DNNs) have revolutionized tasks such as automated
classification and natural language processing. To boost accuracy and handle more com-
plex workloads, DNN model sizes have grown exponentially over the last decade, outpacing
improvements in digital electronic microprocessor efficiency. This mismatch limits DNN per-
formance and contributes to soaring data center energy costs. Optical hardware for deep
learning (optical neural networks, or ONNs) can theoretically increase DNN processing effi-
ciency; however, the feasibility of large-scale, fully programmable and reconfigurable ONNs
has not yet been comprehensively shown in experiments.

This thesis reports our demonstrations of ONNs that classify  1000-element input vectors
using standard DNN layers in inference without hardware modeling or retraining. In a first
project, we used digital optical links to replace copper wires for transmitting and copying data
to electronic multipliers. Our experimental implementation showed an MNIST classification
accuracy within <0.6% of the digital electronic ground truth. We estimated that this ‘digital
ONN’ could reduce energy consumption for long data transfer lengths, but not in tightly
packed electronic multiplier arrays. Therefore, in a second project, we expanded upon this
work by performing reconfigurable optical multicast and analog optoelectronic weighting to
compute DNN layer outputs in a single shot. Our proof-of-concept system yielded an MNIST
classification accuracy of 96.7% (boosted to 97.3% with weight fine-tuning) with respect to
the ground-truth accuracy of 97.9%. We calculated that a near-term optimized version of this
system could lower energy consumption and latency by 1-2 orders of magnitude compared
to a state-of-the-art digital electronic systolic array. These findings suggest a paradigm shift
towards optoelectronic DNN accelerators with lower resource utilization that could enable

the next generation of deep learning.

Thesis supervisor: Dirk R. Englund

Title: Associate Professor of Electrical Engineering and Computer Science






Acknowledgments

I am very grateful to the many wonderful people in my life for their guidance and support
throughout my PhD journey.

I would first like to thank my PhD advisor, Professor Dirk Englund. Dirk’s enthusiasm
and excitement about physics and engineering are truly infectious. He introduced me to
the field of optical hardware for deep learning, and I have appreciated all the new ideas
he has shared with me that push the boundaries of computing. He encouraged me when I
had doubts and, through his guidance, helped me move forward in various projects. I am
thankful for the opportunity he gave me to be in his group. I would also like to express
gratitude to my other committee members, Professors Joel Emer and Jelena Notaros. I was
both a student and a teaching assistant in Joel’s class on hardware for machine learning
(co-taught with Professor Vivienne Sze), and Joel taught me a tremendous amount about
electronic deep neural network accelerators. I thank him for his mentorship, characterized
by kindness and a genuine desire to see me succeed. I had the pleasure of attending the
inaugural semester of Jelena’s first-of-its-kind silicon photonics class, in which I learned a
great deal about the subject in both theory and experiment. Jelena also provided me with
invaluable feedback when she served on my RQE committee, and I thank her for being a
reliable and considerate presence on my thesis committee.

Thanks also to my collaborators Alex Sludds, Ryan Hamerly, Professor Vivienne Sze,
Sivan Trajtenberg-Mills and Chris Panuski. I am particularly grateful to Alex for our friend-
ship and for our long days in the lab working on the DONN, and to Chris for spending
numerous hours discussing SLMs with me. I also appreciate my colleagues Saumil Bandy-
opadhyay, Sri Krishna Vadlamani, Mihika Prabhu, Eric Bersin, Hugo Larocque, Camille
Papon, Ian Christen, Stefan Krastanov, Isaac Harris, Cole Brabec, Jacques Carolan, Jordan
Goldstein, Dalia Ornelas-Huerta, Carlos Errando-Herranz, Michael Walsh, Sophia Duan and
Valeria Saggio, not just for their brilliance, but also for their friendship and camaraderie.
Saumil and Sri, thanks for all our technical and non-technical discussions en route to the
coffee shop and for our conference shenanigans. Hugo, thanks for bearing with my mono-
logues during our long drives up to Canada. Mihika and FEric, thanks for all your advice

over the years and our good times together. I am also grateful to my graduate counselor,



Professor Roger Mark, as well as EECS Graduate Officer Professor Leslie Kolodziejski for
their encouragement and our insightful discussions. Thanks also to our administrative staff
Janice Balzer, David Barnett, Janet Fischer and Kathy McCoy who helped me navigate
various logistical hurdles and enabled many research projects and collaborations. Lastly,
thanks to facilities staff Bill Gibbs and Matt McGlashing for help setting up the labs.

The work in this thesis would not have been possible without my incredible friends. Even
in my lowest moments, you never stopped believing in me. You inspire me every day through
your generosity, thoughtfulness and joie-de-vivre. Alina LaPotin, Angelina Nou, Jen Yarin,
Una Nattermann, Jacob Baron, Matthew Tien, Yan Teng, Dima Kochkov, Ann Young, Alex
Young, Misha Badov, Dan Lin, Bilkit Githinji, Jake Teitelbaum, Andee Wallace, Koe Inlow,
Emma Lee, Ariana Wermer-Colan, Tess Carter, Jonah Weil, Avilash Cramer, Félix Beaudry,
Mélissa Lacasse, Joanna Garcia, Zoe Guan, Caitlin Peotto, Lamia Ateshian and Maddie
Sutula: you all have such big hearts, and I feel extremely lucky to have you in my life. We
have been on so many wonderful adventures together, and I look forward to many more.
Special thanks to Alina for having been an amazing roommate, climbing partner and overall
person — whether you are down the hall or in a remote cabin in the Colorado mountains, I
know I can always count on you!

To my Order of the White Rose family, especially Edith Ducharme, Nathalie Provost and
Michele Thibodeau-DeGuire, I am so lucky to know you — your kindness and your strength
are incredibly inspiring to me.

Lastly, a special thanks to my siblings, cousins, aunts, uncles, nieces, and most of all,
my parents. Marie Béland, Mark Bernstein and Louise Parker, you have been my biggest
cheerleaders not just during my PhD, but throughout the rest of my life as well. I cannot

thank you enough for your ever-enduring love and support.



Contents

Title page

Abstract

Acknowledgments

List of Figures

List of Tables

1

Introduction

1.1 The limits of digital electronics for deep learning . . . . . . . ... .. .. ..

1.2 A shift from electronics to optics? . . . . . . . ..o

1.3  Thesis overview

Artificial Deep Neural Networks

2.1 Introduction to deep neural networks . . . . . . ... ... ... ...

2.2 Hardware for deep neural networks . . . . .. .. .. ... ... .. ... ..

221
2.2.2
2.2.3
224
2.2.5

Dataflows . . . .

Criteria for evaluation of DNN accelerators . . . . . . . . . . . .. ..

Datasets to test accuracy of DNN hardware . . . ... .. ... ...

State-of-the-art electronic DNN accelerators . . . . . . . . .. . ...

Optical DNN accelerators . . . . . .. . .. .. ... ... ......

Elements of 3D Optical Computation

3.1 Displays

3.2 Data transmission and copying (fan-out) . . . . ... ... ... ...

3.2.1
3.2.2
3.2.3
3.24

Fourier transform by alens . . . . . ... ... ... ... ......

Imaging . . . ..

Spot array generation . . . . . . . . .. .. ...

Image replication

11

19

21
21
23
23

24
24
27
27
30
31
32
33



3.3 Detectors . . . . . 44

Digital Optical Neural Network 45
4.1 Concept . . . . . e 46
4.2 Experimental setup . . . . . . ..o L 49
4.2.1 TImage processing . . . . . . . . ..o 50
4.2.2  Crosstalk correction . . . . . . . ... oL 51
4.3 Measured accuracy . . . . . .. ..o 52
4.3.1 Biterrorrate . . . . ... 52
4.3.2 DNNinference . . . . . . . . ... 53
4.4  Energy analysis of an optimized system . . . . . .. ... ... 53
4.4.1 Digital electronic data transmission . . . . . . . ... ... 54
4.4.2 Digital optical data transmission . . . . .. .. ... ... L. 55
4.4.3 Comparison . . . . . . . . .. 55
4.5 Discussion . . . . ..o o7
4.6 Conclusion . . . . . . .. L 60
Single-Shot Optical Neural Network 61
5.1 Concept . . . . . . e 62
5.2 Experimental setup . . . . . ... 65
5.3 System calibration . . . . . .. ... 69
531 SLM . . . 69
5.3.2 Image processing . . . . . . . ... 70
5.4 Deep neural networks . . . . . ..o L 72
5.4.1 Datasets and DNN layer shapes . . . . . ... .. .. ... .. .... 72
5.4.2 DNN training . . . . . . . ... Lo 72
5.4.3 Weight fine-tuning . . . . . .. ... ... oL 73
5.5 System characterization . . . . . . . . ... ... L 73
5.6 DNN accuracy . . . . . . . . . . 76
5.6.1 Simulation . . . . . . .. 7
5.6.2 Experiment . . . . . . . ... 78
5.7 Optical limit to throughput . . . . ... ... ... ... ... ... .. ... 81
5.7.1 FError model: accuracy vs. optical bandwidth . . . . . . ... ... .. 82
5.7.2  Experiment to determine maximum optical bandwidth . . . . . . .. 83
5.8 Performance of a near-term optimized system . . . .. .. .. .. ... ... 85
5.8.1 Maximum DNN layer size . . . .. .. ... .. .. ... .. ..... 86
5.8.2 Latency and throughput . . . . .. ... ... .. ... ... ... 86
5.8.3 Emnergy consumption . . . . .. ..o 87



584 Chiparea . ... .. ... . .. ...
5.9 DISCUSSION . . . . . . . e e
59.1 Improving accuracy . . . . . . . . ot i
5.9.2 Further performance improvements . . . . ... .. ..
5.9.3 Negativeweights . . . . .. ... ... ... ... ...,
5.9.4 Potential extension to convolutional layers . . . . . ..

5.9.5 Investigation into di erent 3D ONN architectures

5.10 Conclusion . . . . . . . .. e

6 Summary and Outlook

6.1 Overview of contributions . . . . . . . . .. . ... ... ....
6.2 Future Research Directions . . . . . . . . . . . . . ... ....
6.3 Conclusion . . . . . . . ..

A Towards Large-Scale Demonstration of HD-ONN

References

110



10



List of Figures

11

2.1

2.2

2.3

Number of parameters, i.e., weights, in recent landmark DNNs [1] [£5]}3.
Larger models tend to require more compute power, notably in fully connected
layers. (The number of multiplications in each DNN is more representative of

its computational burden, but is not always reported.) The two outlying nodes
(pink) are now considered over-parameterized subsequently, e orts have
been made to reduce DNN sizes. Despite these e orts, model sizes continue
to grow exponentially? . . . . . ... 22

Fully connected neural network (FC-NN)a, An FC-NN classi es input images

x@, x@ and x® using L layers. b, The output activation vector yy ; of

the rst layer is the product of the weight matrix Wy k with the input

vector xx 1 (input image reshaped from 2D to 1D). Nonlinearity not shown

for ease of visualization.c, Images processed in a batch: one layer becomes a
matrix-matrix product of weight matrix W x with activation matrix Xx g. 25
Flow of data in weight-stationary MVM accelerator. Shown here: systolic
array. a, Inputs x are streamed in to the array of processing elements (PES).
Each PE contains a register that stores a weighty, Example processing steps
through time, where inputs and partial sums are passed from one PE to the
next at each time step (yellow boxes). . . . . .. .. ... ... ... ... .. 28
Example output-stationary data ow for MVM. a, Weights and inputs ow

into the PEs to be multiplied and accumulated. The PEs store the partial
sums (denoted by the subscript "p‘).b, Example processing steps, where an
element of the activation vectorx, ows into the PEs with one column of the
weight matrix at each time step, with in-place accumulation. . . . . . . . .. 29

11



3.1

3.2

3.3

3.4

4.1

4.2

Fourier transform by a lens of input eldA (rs) in the object plane toF fA(rs)g=
A (rg) in the Fourier plane. The optical axis (light propagation direction) is
perpendicular to the 2D object and Fourier planes. These planes are at dis-
tances f andf from the lens along the optical axis, respectively, whefeis the
lens's focal length.r is the position within the object plane,;rg =2 rg=( )

Is the same in the Fourier plane. . . . . . . .. .. ... ... ... ..... 39
Imaging by a 4 lens system of input eld A(rs) to A( (f1=f,)rs) in the
image plane. The image is ipped and magnied byf,=f;. . ... ... ... 40

Spot array generation in the Fourier plane by a uniformly illuminated phase
mask in the object plane. Phase mask calculated by xed-phase weighted
Gerchberg-Saxton algorithm. . . . . . . . ... ... ... .. .. .. ..., 41
With a spot array generation pattern in the Fourier plane of a # system,

an input is replicated in the image plane (2D multicast thanks to 3D optical
propagation). . . . . . . .. e e e e e e e e 43

Digital electronic and optical implementations of MVM.a, Matrix representa-
tion of one layer of an FC-NN withB -sized batching (nonlinearity not shown).
b, Example bit-serial multiplier array, with output-stationary accumulation
acrossk. Fan-out of X acrossn 2 f 1:::Ng; fan-out of W acrossb2 f 1:::Bg.
The size of the multiplier array (PES) is equal to the size of the output matrix
(Y). All-electronic version with fan-out by copper wires (for clarity, fan-out
of W not illustrated). c, Digital optical neural network version, whereX
and W are fanned out with optics and transmitted to an array of photode-
tectors. Each pixel contains two photodetectors, where the input activations
and weights can be separated by, e.g., polarization or wavelength Iters. Each
photodetector pair is directly connected to a multiplier in close proximity. . . 47
Digital optical neural network. a, Digital inputs and weights are transmitted
electronically to an array of light sources (red and blue, respectively, illus-
trating di erent paths). Single-mode light from a source is collimated by a
spherical lens, then focused to a 1D spot array by a di ractive optical element
(DOE). Single source illuminated for illustrative purposes, but light from all
sources transmitted in parallel. A 50:50 beamsplitter brings light from the
inputs and weights into close proximity on a custom CMOS receivelb, Ex-
ample circuit (by A. Sludds) with 2 photodetectors (biased by voltag&/hias)
per PE: 1 for input activations; 1 for weights. Received bits\{,;) proceed to
multiplier, then memory or next layer. . . . . ... .. ... ... ...... 48

12



4.3

4.4

4.5

4.6

4.7

Our experimental implementation of the digital optical neural network. Dig-

ital micromirror devices (DMDs) illuminated by LEDs act as stand-ins for
high-speed sources; cylindrical lenses are fan-out elements in the input acti-
vation and weightarms. . . . . . . . . ... ... 49
Background-subtracted and normalized camera output from our proof-of-concept
free-space digital optical neural network experiment. Random vectors of "1's
and "0's displayed on DMDs for characterizationa, Full received 2D image.

b, One randomly chosen column of the image: pixels received as "1' in red
and "0' in black. Bits are correctly received if they are on the appropriate side

of the threshold (though ideally, "0' bits would have 0 intensity, and "1' bits
would be saturated at 1). . . . . . . .. .. ... 50
Randomly chosen lines from the received image shown in Fig. 4.4. One column
from the red channel befored) and after (b) crosstalk correction.c-d, Same,

but for the blue channel. . . . . . .. ... ... ... L 52
Fan-out of one bit from memory (Mem) to multiple processing elements (PES).

a, Fan-out by electrical wire to a row of PEs in a monolithic chip.b, DONN
equivalent of monolithic chip, where green wire is replaced by optical paths,
Fan-out by electrical wire to blocks of PEs divided into chiplets, or separated

by memory and logic. d, DONN equivalent of fan-out to PEs in multiple
blocks (energetically equivalent tdd). . . . . . .. ... .. ... ... ... 54
DONN analysis: energy required to transmit 16 bits (communication en-
ergy per 8-bit MAC, i.e., Ecomm). Electronic data transfer energy Eeiec)
increases with wire length, whereas optical data transfer energ¥donn )
remains constant. Optical data transfer evaluated for two detector capaci-
tances: Cqet = 1 pF for large, commercially-available photodiodes [115]; and
Cget = 0:1 fF for emerging receiverless, (1m)3-sized cubic detectors in mod-

ern CMOS processes [54]. Belo@ye: = 0:1 fF, the capacitance of the overall
receiver becomes limited by the capacitance of the CMOS inverter. Energy

of one digital 8-bit multiply-accumulate operation Euyac = 25 fJ/MAC) also

shown for reference. . . . . . . . . ... 58

13



5.1 Analog, single-shot computation of a fully connected neural network layer.
a, One layer of an FC-NN: weight matrixW \ ¢ multiplies input activation
vector xx 1 followed by a nonlinearity (e.g., ReLU) to produceyy ;. b, Ar-
chitectural depiction of the single-shot ONN: each PE stores a weight value,
the number of PEs is equal to the weight matrix size, and every input ac-
tivation is simultaneously multicast to N PEs. c, Alternative visualization
showing that x is block-encoded and fanned out over the rows &% . With
block-wise summationW x is computed in one time step.d, Optical imple-
mentation: K -element source array encodes into analog optical intensities
and is replicated and imaged ontdN receiver blocks, with electronics for sum-
mation and the nonlinearity. Additional sources broadcast outputs to the
next layer, e.g., a duplicate of the same hardware, Free-space optics enable
high-density, 3D information transfer, with K 10° inputs incident on up to

10° weighting elements per block above electrically connected photodetectors.

5.2 Single-shot optical neural network. Source array (wavelength object plane)
encodes inputsx(rg) into analog optical intensities at transverse spatial posi-
tionsrs. A diractive optical element (DOE, Fourier plane) performs element-
wise multiplication of the spatial Fourier transform ofx(rs) with fan-out phase
pattern P(rg), whererg = 2 rg=( f;). Optoelectronic weighting ele-
ments (image plane) perform element-wise products between the weight ma-
trix and replicated (multicast) input activations: W (rq) (x(rq) ~ P(rq)),
wherery = (f1=f,) rs and P(rq) = F fP (rg)g is the spot array. Elec-
tronics sum K photodetector outputs per block by Kirchho 's current law.

63

Experimental fan-out and weighting data shown. . . . . . .. .. ... .. .. 64

5.3 Proof-of-concept implementation of single-shot optical neural network. Col-
limated laser light is incident on a spatial light modulator (SLM #1, object
plane) with 45 polarization after half-wave plate (/2). SLM #1 with po-
larizing beamsplitter (PBS) encodesx by pixel-wise intensity modulation.
SLM #2 (Fourier plane) imparts fan-out phase pattern. Achromatic lenses
of focal lengthsf; = 250 mm and f, = 145 mm imagex from SLM #1 to
SLM #3 for weighting (W) and from SLM #3 to camera. Digital computer
controls the hardware, sums each block and implements nonlinearity.

14

66



5.4 SLM #1 calibration. SLM #1 displays values of 0 to 255 with SLMs #2
and #3 set to maximum transmission. These plots show averaged camera
outputs a, before calibration with tted region indicated by green dashed
lines containing the minimum and maximum outputs and, after calibration.
The SLM values can only be programmed to integers from 0 to 255, but there
are 2048 voltage values available through the custom lookup table during
calibration. . . . . . . . e 69
5.5 After initial calibration of lookup table, outputs averaged per subimage versus
displayed value on SLM #3, with 7 7 fan-out. Ideal behavior would be a

linear relationship in each subimage. . . .. ... ... ... ......... 70
5.6 Same as Fig. 5.5, but where inputs to each subimage were adjusted with

re ned 8th-order polynomial t from values acquired in Fig. 5.5. . . . .. .. 71
5.7 All curves from @) Fig. 5.5, and (b) Fig. 5.6 collapsed onto the same set of

axes, normalized per subimage. . . . .. .. ... . ... .. .. 0. 71

5.8 With 49 fan-out, histograms of received intensitie$ (normalized) versus
ground-truth values over all pixels for activationsx, weightsW and element-
wise productsW x from 100 random MNIST test images with an FC-NN
with 784! 49! 10 activations. Each column normalized by the sum of the
column (with sums shown in 1D histograms). Full weight matrix displayed and
held constant on SLM #3. Fan-out phase pattern on SLM #2 also constant
for the duration of the experiment. . . . . .. .. ... .. ... .. ..... 75
5.9 a, Without fan-out (one data point displayed at a time), histograms of received
intensities | (normalized) versus ground-truth values for activationx in 100
random MNIST test images, weightdV from the rst layer of an FC-NN with
784! 491 10 activations and corresponding element-wise producy/ x
for a random MNIST test image. Data inl (W x) renormalized twice during
long acquisition to account for potential long-term laser intensity uctuations.
Each column normalized by the sum of the column (with sums shown in 1D
histograms). This single-pixel con guration was used only for characteriza-
tion. b, For comparison,l (W x) of same MNIST image with49 fan-out
(one-shot weighting). . . . . . . . . . . . 76

15



5.10 Simulated classi cation accuracies of 10,000 previously unseen MNIST test
iImages with added noise in networks of shape 784! N ! 10 and b,
784! N I N ! 10 whereN is the number of activations per hidden
layer (on the horizontal axis). Gaussian noise replicating our characterization
data with full fan-out (38,416-pixel noise) and without fan-out (1 pixel noise)
was included in each element-wise product in inference on a digital electronic
COMPULET. . . . . o e e e e e e e e e e e e 77
5.11 Experimentally obtained classi cation accuracies of 10,000 previously unseen
MNIST test images with networks of shapea, 784! N ! 10 and b,
784! N ! N ! 10 whereN is the number of activations per hidden
layer (horizontal axis). Inference on optical setup using unaltered pre-trained
weights (basic), ne-tuned weights based on hardware outputs ( ne-tuned),
and all-electronic inference (ground-truth). . . . . .. ... ... ....... 78
5.12 Example confusion matrices for classi cation of 10,000 previously unseen MNIST
test images with an FC-NN with 784! 49! 49! 10 activations using: a,
our optical system (96.7% accuracy)b, our optical system with ne-tuned
weights (97.3% accuracy) and, a standard digital electronic computer (97.9%
ACCUIACY). + v v v v e e e e e e e e e e 79
5.13 Repeatability experiment showing classi cation accuracies of the rst 1,000
previously unseen MNIST test images (initially shu ed). Di erent trials use
the same inputs and weights. Two networks were tested84! 49! 49! 10
and 784! 36! 10 . . ... 81
5.14 Experiment to determine maximum optical throughput of single-shot ONN:
MNIST classi cation with 784! 25! 25! 10 FC-NN using Itered su-
percontinuum laser as source in setup shown in Fig. 5.3, Laser spectra.
b-d, Example blurred images from source spectral widths of 37 nm, 21 nm
and 5.4 nm. Left images acquired on camera; right images simulated from cor-
rected supercontinuum spectra. Element [4,3] overlaps with zero order from
SLM #2 and is cut from the images and replaced with element [6,4] in DNN
experiments. e, Classi cation error of 1,000 previously unseen MNIST test
images versus source spectral width (2RMS width, i.e., 2 ) measured ex-
perimentally ( exp) and simulated from supercontinuum (sin) and Gaussian
( causs) Spectra; ground truth error without blurring for reference (igea). Ar-
rows indicate results from spectra shown in purple (2 = 37 nm, 21 nm and
5.4NnM). ... e 84

16



5.15 Path of one input activation through the single-shot ONN in an optimized
setup. VCSEL or LED converts signal from electronic to optical domain (EO
conversion). Optical copy is a recon gurable di ractive optical element. Each
photodetector (PD) includes a weighting element and is electrically connected
to K other PDs for analog electronic summation. Transimpedance ampli er
(TIA) reads out the analog output signal from each block, which the DAC then
converts to the digital domain. Nonlinearity is a simple comparator. Each of
the K input activations goes through these processing steps simultaneously
such that after one pass, the matrix-vector product is complete. . . . . . .. 85

A.1 Time-multiplexed homodyne optical neural network (HD-ONN).a, Homodyne
detection of incident optical elds of amplitudes x and W, yields the cross
term Wy, X; when output intensity | is subtracted from I.. b, The same
output can be obtained with a single detector in two time steps, with the
phase of x ipped in the second time step. ¢, Matrix-vector multiplication:
di erent spatial channels transmit each weight row, and the elements of the
input vector are fanned out and broadcast to overlap with the weights on
the PD array for passive accumulation oveK time steps. The weights can
also be fanned out to be reused for matrix-matrix multiplication (in a 3D
architecture like the DONN). . . . . . . . .. ... .. . .. .. .. ..... 99
A.2 Implementation of HD-ONN with activation fan-out, but no weight fan-out.
Analog inputs and weights encoded into eld amplitudes of coherent light.
Single-mode light from an input activation source is collimated by a spherical
lens to illuminate the full array of PDs. An array of weight sources is imaged to
the PDs (light from all sources transmitted in parallel). A 50:50 beamsplitter
(BS) allows the k-th fanned out input activation to interfere with the k-th
transmitted weight column in one time step. . . . . . . . ... ... .. ... 100
A.3 Proof-of-concept implementation of HD-ONN. As in the single-shot ONN, col-
limated laser light with 45 polarization after half-wave plate ( /2) is incident
on an LCoS SLM. The SLM encodes one column of the weight matrix per
time step, W . Relay lenses image the SLM to the camera with £ 200 mm
and f, = 75 mm for 1:1 pixel matching. The modulator (e.g., amplitude EOM
or variable retarder) encodes one activation, at a time. Input activations
and weights interfere when projected onto the same polarization with the
45 polarizer. The lock box (PID loop) performs active path length stabiliza-
tion with a piezo mirror. Digital computer controls hardware and implements
nonlinearity. . . . . . . . . .. 102

17



A4

A5

A.6

A7

A.8

Interference fringes observed on camera with SLM pixels and modulator set

to maximum transmission. Deformable mirror calibrates the wavefront in the
activation arm to match the weight arm. a, mirror unactuated and b, actuated.104
Active path length stabilization in activation-weight interferometer using piezo
mirror connected to lock box. Intensity is the sum of pixel values in a central
region on the camera. Weight SLM and input activation modulator set to
constant, uniformvalues. . . . . . . ... .. L L 105
Active path length stabilization similar to Fig. A.5, but here, stabilization
occurred during data collection (interspersed). Speci cally, weight and input
activation data are displayed on the SLM and modulator, respectively, then

9 calibration frames are acquired for the lock box to set the piezo mirror
position. Intensity shown here is the averaged intensity of the center of the

9th calibration frame, i.e., the last frame before data acquisition. . . . . . . . 106
Accumulation of partial products (denoted by subscript 'p') in HD-ONN.

a, Matrix processing steps in full experimentb, Simpli ed experiment where

inputs and weights are displayed on the same SLM. Data from the greyed-out
pixels are discarded. When the SLM is imaged to the camera, partial clo-
sure of the iris in the Fourier plane causes blurring, meaning that each weight
overlaps (interferes) with the input in a middle pixel. . . . .. ... .. ... 108
Received element-wise products versus ground truth with simpli ed HD-ONN
experiment with activations and weights displayed on the same LCoS SLM.

a, 1 random weight and 1 random input activation displayed per time step for

500 time steps.b, 12 random weights and 1 random input activation displayed

per time step for 20 time steps. . . . . . . . ... L 109

18



List of Tables

2.1

4.1

4.2

5.1
5.2

5.3
5.4

Experimentally demonstrated classi cation accuracies of prior proof-of-concept
3D optical DNN accelerators . . . . . . . . . . . . .. ... 34

MNIST classi cation accuracy of DONN (no crosstalk correction applied) ver-

sus all-electronic ground truth with FC-NNs of di erent depths. . . . . . .. 53
Parameters in interconnect energy estimates . . . . . .. ... .. ... ... 56
Selected single-shot optical neural network accuracies versus ground truth . . 80

Latency and throughput scaling of di erent architectures for computation of

one DNN layer . . . . . . . . . . e 87
Parameters in energy calculation . . .. .. .. ... ... ... ... ..., 89
Projected chiparea . . . . . . . . . . . . . .. . .. e 90

19



20



Chapter 1

Introduction

1.1 The limits of digital electronics for deep learning

Improved processing power in digital electronic computers has occurred so consistently over
the past 50 years that it is practically taken for granted. Empirical formulas were devised
to describe these advances, with Moore's Law in 1965 stating that the number of transistors
per chip doubles every year, with a lower cost per component [20] (revised to every two years
in 1975 [21]) and Dennard scaling in 1974 stating that power dissipation remains constant
despite an increase in the number of components per area [22]. These projections held
remarkably true for decades. Now, though transistors continue to be scaled down, we are
reaching the physical limits of transistor size within a small number of atoms per transistor,
and at increased fabrication cost. Moreover, limits on power delivery and heat dissipation are
causing single-thread performance and clock frequency to plateau, breaking with Dennard
scaling [23]. In other words, further miniaturization of general-purpose electronic chips can
no longer be counted on for additional gains in computational capacity and e ciency.

These challenges are of particular concern in resource-intensive tasks like processing deep
neural networks (DNNs). DNNs are a category of arti cial intelligence that has revolution-
ized elds like translation [8], automated image classi cation [1] and medical prediction and
diagnosis [24]. They have recently come to the forefront of public consciousness, as they
represent the foundation of generative models like ChatGPT [19], [25], which can output

conversational text or even artwork of a given style in response to a user's prompt. Huge
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datasets and DNN models have enabled these breakthroughs, with larger DNN model sizes
tending to yield better accuracies [26], [27]. In fact, the number of parameters in DNN
models has increased exponentially over the last decade, as shown in Fig. 1.1. The re-
sulting mismatch between DNN processing requirements and hardware capabilities limits
DNN performance, and causes rising energy consumption and greenhouse gas emissions [28].
To bridge this gap between atlining general-purpose digital electronic processors and the

ever-increasing computational demands of modern DNNs, we need a paradigm shift.

Figure 1.1: Number of parameters, i.e., weights, in recent landmark DNNs [1] [15]3.
Larger models tend to require more compute power, notably in fully connected layers. (The
number of multiplications in each DNN is more representative of its computational bur-
den, but is not always reported.) The two outlying nodes (pink) are now considered over-
parameterized subsequently, e orts have been made to reduce DNN sizes. Despite these
e orts, model sizes continue to grow exponentiallf).

1References dated by rst release, e.g., on arXiv.

2The number of parameters in GPT-4 are estimated in Ref. [29].

3Switch Transformers are designed to be sparse, so not all parameters are used in each inference.
4l have updated this gure from our 2021 paper [30] to include more recent networks.
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1.2 A shift from electronics to optics?

One option to improve electronic hardware performance is to tailor it to the speci c task of
processing DNNs. While such circuits can yield signi cant increases in e ciency, they will
ultimately be bounded by the same physical limits as general-purpose digital electronic chips.
Instead, we can change the way we do computing entirely: by using optics in concert with
electronics for DNNs. Thanks especially to the inherent parallelism and low loss in optical
data transfer and copying, optics is very well-suited to DNN hardware acceleration (so-called
“optical neural networks' or ONNSs). | will show in this thesis that optics can realize fully
programmable and recon gurable hardware for deep learning, implementing standard DNN

models at scale.

1.3 Thesis overview

This thesis describes my work toward demonstrating large-scale ONNs, where | focus on 3D
architectures that have high connectivity between tightly packed spatial modes. The thesis

is divided as follows:

Chapter 2 is an introduction to DNNs and specialized hardware for DNNs, including

summaries of the state of the art in both electronics and optics.
Chapter 3 is a description of the elements of 3D optical computing.

Chapter 4 reports our 3D digital optical scheme for data transfer and copying from

transmitters to digital electronic multipliers.

Additional performance gains are achievable if computation is performed in optics
alongside optical data routing. Chapter 5 demonstrates an analog single-shot-per-
layer ONN that can reduce DNN latency and energy consumption for applications

that require ultra-fast computation, at the cost of slightly reduced accuracy.

Lastly, in Chapter 6, | conclude by summarizing the results of this thesis as well as

suggesting future research directions.
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Chapter 2

Arti cial Deep Neural Networks

This chapter serves as a high-level overview of DNNs as well as state-of-the-art DNN accel-

erator architectures.

2.1 Introduction to deep neural networks

An arti cial deep neural network (DNN) is a computer program that learns patterns in
datasets to make predictions (orinferenceg about new data. Because DNN calculations
are so resource-intensive, they are mostly performed “in the cloud', i.e., in data centers that
contain digital electronic supercomputers. In these data centers, 80-90% of machine learning
tasks are in inference rather than training (the step in which the DNN model parameters
are learned) [31]. This statistic can be understood with the intuition that while training a
model requires much more compute time and energy than a single inference, a model only
has to be trained once (excluding minor model updates or ne-tuning) before it is deployed
to perform many inferences. Inference acceleration will thus be the focus of this thesis.

A DNN is composed of a sequence of layers, where the outputs of each layer are weighted
sums of the inputs followed by a nonlinear function. A weighted summation is equivalent to
a linear transformation, which can be represented as either a convolution of an input matrix
with a learned kernel or a multiplication of an input vector by a learned matrix matrix-
vector multiplication (MVM). During the training step, the elements inside the kernel or

matrix (the weightg are iteratively updated by comparing the DNN outputs to the known
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Figure 2.1: Fully connected neural network (FC-NN)a, An FC-NN classi es input images
x@, x@ and x® using L layers. b, The output activation vector yy , of the rst layer is
the product of the weight matrix W ¢ with the input vector xx ; (input image reshaped
from 2D to 1D). Nonlinearity not shown for ease of visualizationc, Images processed in a
batch: one layer becomes a matrix-matrix product of weight matrix/ y ¢ with activation
matrix X g.
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correct values in the training set.

Figure 2.1 shows a DNN composed of three MVMs (i.e., two "hidden layers', de ned as
the number of output vectors in the network, excluding the nal outputs). MVM layers are
called “fully connected' (FC) because each output element is the weighted sum of all of the
inputs. Within an FC layer (Fig. 2.1b), a matrix Wy k of weights multiplies a vectorxyx 1
of input values (Cinput activations', of length K, where often,K 1,000 in modern DNN
workloads [27]). This vector is either originally a 1D input or a attened multidimensional
matrix (e.g., a 2D input image). The MVM yields a vector of output activations {n 1),
which is then fed through a nonlinear function. A common nonlinear function is the recti ed
linear unit (ReLU), where ReLU(y,) = max(0, y,). ReLU is easily implemented in digital
electronics, for example, by a comparator. The vectors can also be processed isized
batches, where the inputs are represented by a matrixx g (Fig. 2.1c). The FC layer then
becomes a matrix-matrix multiplication Wy « Xk s). While batching tends to enable
higher throughput, it can increase latency as there may be a delay in collecting inputs if
they are streamed in.

MVM is the core operation in multilayer perceptrons, recommendation models, recurrent
neural networks and large language models such as Transformers. Together, these tasks rep-
resent a large fraction of modern data center inference workloadg.g., 82% in Google data
centers [32]). While DNN models may also include convolutions (CONV), as discussed above,
convolutions can be recast into matrix-matrix products, e.g., with a Toeplitz matrix [33] or
using a patching technique [34] where the CONV feature map matrices are unrolled into a
larger 2D matrix product. For these reasons, this thesis will focus on DNNs composed of
MVMs. | will, however, note that mapping convolution to matrix multiplication can come
at the cost of reduced e ciency because of redundant data in the unrolled matrices. | will
come back to this point later (Section 5.9.4) when | discuss potential extensions of our work
on optical MVM to the direct implementation of convolutions through the spatial Fourier

transform properties of lenses.

1A workload is a computational task such as an MVM of a given size within a DNN.
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2.2 Hardware for deep neural networks

General-purpose hardware like a CPU is optimized to be able to quickly switch between a
wide variety of tasks, like writing a document or browsing the web. CPUs tend to perform
operations serially with repeated calls to memory. While they can be used to run DNNSs,
they are not very e cient, since the energy required for a single memory access can be two
orders of magnitude higher than one multiplication [33], [35]. By contrast, DNN hardware
accelerators leverage the regular structure of DNN layers to reduce memory accesses and
increase parallelism.

Before | discuss current state-of-the-art hardware, | will describe data ows and hardware
evaluation criteria. A data ow de nes the way data are routed and processed through
the hardware. It characterizes the order of operations, such as how the data are fed into
the hardware and which data are stored in local memories near multipliers. Two common
data ows are weight-stationary and output-stationary, to which | have provided a simpli ed

introduction below. See Refs. [35] and [33] for a more thorough explanation.

2.2.1 Dataows

Weight stationary

Figure 2.2 shows the ow of data through a simple weight-stationary MVM accelerator. The
activation vector x is streamed through an array of processing elements (PEs) that perform
the basic operation of MVM, one multiply-accumulate (MAC). Each PE stores an element
of the weight matrix Wyx. The weights can be kept xed (i.e., stationary) in a small memory
(register) of the PE, as long as the weight matrix ts onto the hardware otherwise, the
weights need to be tiled and updated over time, as | will explain below. Then, each row is

summed while the outputs are streamed out.

Output stationary

Figure 2.3 shows an output-stationary con guration. Each weight column ows into the PE

array at the same time as its corresponding input activation. The PEs multiply the weight
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Figure 2.2: Flow of data in weight-stationary MVM accelerator. Shown here: systolic array.
a, Inputs x are streamed in to the array of processing elements (PEs). Each PE contains a
register that stores a weight.b, Example processing steps through time, where inputs and
partial sums are passed from one PE to the next at each time step (yellow boxes).

values with the activations, then the next weight column and activation value are streamed
in. The PEs perform the next multiplications and accumulate in-place. In other words, the
partial products are kept local to the PEs until all the columns of the weight matrix have
been processed, and the output vectgr can then be read out. If there are not enough PEs
to store all outputs, we need to resort to tiling here as well.

As seen in Fig. 2.3, this data ow can process an equally-sized matrix with fewer PBS:
PEs for anN K -sized weight matrix, as opposed ttN K PEs in the weight-stationary

case. However, there can be tradeo s in latency, as will be discussed later.

Other data ows

Other data ow such as input stationary or row stationary also exist. In an input-stationary
data ow, the inputs are kept local to the PEs. In the row-stationary case, a small memory
within the PE keeps CONV Iter rows and input feature map rows stationary for optimal
convolutional reuse. Others have exible data ows, where the data ow is selected to be best-

suited to a workload. Each option has trade-o s depending on the hardware architecture
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Figure 2.3: Example output-stationary data ow for MVM. a, Weights and inputs ow into
the PEs to be multiplied and accumulated. The PEs store the partial sums (denoted by the
subscript p'). b, Example processing steps, where an element of the activation veciqr
ows into the PEs with one column of the weight matrix at each time step, with in-place
accumulation.

29



and task, e.g., whether the hardware is optimized for CONV versus MVM, or whether to

prioritize low latency over high throughput.
Tiling
When the DNN layer is too large to "t' in the PE memories in a speci ed data ow, it
needs to be tiled, i.e., split into blocks that are computed one at a time, saved to memory,
then recombined later. For example, if there areéN K weights andK activations to be
processed in a weight-stationary data ow on hardware that hal K PEs with registers
that can hold one weight each, then the outputs can be computed in two tiles.

When the layer dimensions are much larger than the number of PEs or when the data
shapes cannot easily be factored to t well onto the hardware (as is often the case), tiling

can become quite complex. Tools such as Timeloop [36] can nd the optimal mapping of

data onto the hardware in these cases.

2.2.2 Criteria for evaluation of DNN accelerators

The key criteria used in evaluating hardware for DNNs are latency, throughput, energy
consumption, area and accuracy. Performance values are often normalized per MAC to be

able to compare di erently sized hardware.

Latency: the time to process one input vector through a full network or layer, from

start to nish.

Throughput: the number of input vectors or MACs per second that are output by
the system. Because operations can be stacked and executed in parallel for data at
di erent stages through the processing pipeline, throughput is greater than 1/latency

(unless there is no pipelining).

Energy or power consumption: can be measured in energy or power expended per
inference or per MAC. This value should include all peripheral logic, and is ideally

measured at the wall plug.

Chip area: used as a measure of cost of the hardware.
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" Accuracy: low-precision or analog hardware solutions can yield lower accuracy than
their full-precision digital electronic counterparts because of noise that can arise from
random uctuations. Therefore, accuracy should be reported alongside the intrinsic
accuracy of a model, which is the accuracy of performing a task (e.g., classi cation)
with error-free arithmetic. The next section presents datasets commonly used to report

classi cation accuracy.

The workload will in uence these metrics, since it a ects the hardware utilization. In-
tuitively, if a DNN layer size does not align well with the PE arrangement, there will be
unused portions of the hardware during DNN computation. The unused PEs can burn
power without providing useful computation or require data to travel additional distances
over unactivated parts of the hardware. Recent benchmarking methods such as MLPerf [37]
have been developed to standardize reporting metrics on representative workloads to try to

ensure fair comparisons between hardware.

2.2.3 Datasets to test accuracy of DNN hardware

Standardized datasets are used to compare the accuracy of di erent DNN hardware. A com-
mon benchmark is the Modi ed National Institute of Standards and Technology (MNIST)
handwritten digit dataset [38]. It is comprised of 10,000 test images and 60,000 training
images of28 28-pixel greyscale hand-drawn numbers in ten classes (the numbers 0O to 9).
The goal is to determine which number was drawn in each image. While classifying this
dataset is generally considered a fairly easy task, it is a typical initial proof of principle for
emerging DNN hardware. Fashion-MNIST [39] is a dataset containing greyscale images of
fashion items (e.g., a dress, a sneaker, etc.) that was designed as a more challenging drop-in
for MNIST. Each image is also of siz88 28 pixels, with 60,000 training images and 10,000
test images. Still harder tasks are language processing (e.g., SQUAD [40]) or the classi ca-
tion of complex images divided into more classes, like QuickDraw [41], CIFAR-100 [42] or

ImageNet [43].
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2.2.4 State-of-the-art electronic DNN accelerators

State-of-the-art commercial DNN accelerators are specialized digital electronic circuits that
optimize parallel processing of highly structured data. Examples include graphics process-
ing units (GPUs) [44], eld-programmable gate arrays (FPGAS) [45] or tensor processing
units (TPUs, which are weight-stationary systolic arrays). The TPU v1 [46] started out as
an inference-only accelerator, but later models [32] also support training. These hardware
solutions aim to reduce data movement and increase parallelism through a large number of
multipliers with minimal idle time. They also often support low-precision or mixed-precision
computing, which is less resource-consuming with fewer bits per operation [33]. When models
are trained accordingly (e.g., with "quantization-aware training’), the resulting loss of accu-
racy can be small compared with the full-precision ground truth [47]. Additionally, these
accelerators can exploit the sparsity of DNNs, i.e., the fact that many values in DNNs are
zeros: the ReLU nonlinearity sets any negative activations to zero, and weights with small
values can be set to zero with little impact on accuracy in a process called “pruning'. Intu-
itively, because any number multiplied by zero equals zero, the multiplication process can
be bypassed entirely for many elements in sparse matrices hardware optimized to process
sparse matrices uses this concept to reduce resource consumption.

While these architectural improvements in digital electronic DNN hardware have yielded
large e ciency gains for DNNs, we are reaching the limits of digital electronics in terms
of performance gains at the device level, as mentioned in Chapter 1. Furthermore, wiring
constraints prevent full connectivity in a large PE array, resulting in message passing be-
tween PEs, which increases latency. For these reasons, analog electronic circuits such as
memristor crossbar arrays [48] have been proposed, as they can sum partial products along
a wire with low latency by Kirchho 's current law. However, they are bounded in speed,
energy consumption and accuracy by parasitic capacitance, resistance, and current leakage.
There also remain challenges in demonstrating endurance (maximum number of cycles before

performance degradation) and repeatable fabrication of large arrays [49].
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2.2.5 Optical DNN accelerators

Another option to boost DNN processor performance is to use optics for fast and potentially
massively parallel linear algebra.

Integrated optical schemes can compute with ultra-low latency [50] [53] (all weight-
stationary), but they are con ned to 2D planar space as they perform data routing and
fan-out with integrated on-chip waveguides. With the resultingO(K )-depth circuits, lim-
its on control, multiplexing, component area and on-chip losses constrain scalability to a
vector length K of hundreds of elements (with onlyK 10 demonstrated experimentally,
e.g., in Ref. [53]). Thus, they seem most appropriate for edge computation with small mod-
els, assuming the best-case scenario where their peripheral hardware requirements can be
miniaturized using integrated optical sources and co-packaged electronics.

A free-space optical architecture can reach greater connectivity than integrated schemes
thanks to its out-of-plane data routing and copying that ultimately allow for tighter packing
of weighting elements and detectors. Given the prevalence of megapixel-scale optoelectronic
components (e.g., cameras and displays) [54], [55], '3D' data transfer can occur between
potentially millions of spatial modes, resulting in high scalability. One downside of note,
however, is that free-space optical components can be bulkier in volume than their 2D
counterparts, so they are best-suited for data-center-type applications.

3D optical MVM accelerators were among the rst to be investigated by pioneers in the
eld [56] [59], but they did not achieve widespread adoption for two reasons. First, com-
petition from digital electronic computers limited their application space [60]. Second, they
su ered from a lack of exibility, as experimental demonstrations employed xed weighting
masks or large modulators and were small in scale (input vectors wikh 10 here as well).

Recently, theoretical analyses showing the potential of ultra-low-energy computing (e.g.,
our theory paper [34] led by Dr. Ryan Hamerly), have driven a resurgent interest in 3D
optical processors for DNNs. However, experimental proof-of-concept realizations of 3D
ONNSs have been limited to a single vector-vector dot product per time step [61] or have
relied on device-speci c training to o set systematic errors (e.g., [62], withK = 100 and

matrix size uptoK N =100 25). Others (e.qg. [63], [64]) have required all-electronic neural
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network layers in post-processing that can perform a signi cant amount of computation [65]
at the cost of increased energy and latency. Diractive and convolutional systems [66]
[68] have yielded promising results in the classi cation of datasets witK 1,000-10,000,
but they include complex physical models of the hardware in their digital electronic model
training. Furthermore, due to sensitivity to hardware imperfections, these models also have
to be retrained with measured outputs to achieve high accuracy. For example, without
retraining, the classi cation accuracy of the di ractive neural network by Zhou et al. falls

to 63.9% on the MNIST dataset [66]. These systems thus require an entirely new deep
learning framework since they do not process standard DNN models, as well as additional
infrastructure for retraining, impeding large-scale use in data centers. A summary of these

points alongside demonstrated classi cation accuracies is reported in Table 2.1.

Table 2.1: Experimentally demonstrated classi cation accuracies of prior proof-
of-concept 3D optical DNN accelerators

0,
Standard | # weights in digital Accuracy (%)
Ref. Dataset S — -
training? back-end layer(s¥ . Retraining with
Basic® 4
hardware outputs
0 N/A 88.0
[62] MNIST No 250 N/A 92.7
[63] MNIST Yes 5040, 350 N/A 93.1
[64] QuickDraw® Yes 40 N/A 79.0
0 63.9 96.0
[66] MNIST No 6M6 N/A 96.6
Fashion-MNIST 6M6 N/A 84.6
[67] MNIST No 256 92 98
MNIST 0 81’ -
[68] | Fashion-mnisT | NO 0 73 i

! Standard training includes FC and CONV layers and common augmentation techniques
that add noise or distort the inputs to avoid over tting and help the model generalize.

2 All-digital-electronic FC layers after the optical system. 0: there are none; multiple
values: multiple layers. Note that an FC-NN where the inputs are cropped to 23 23
pixels and connected directly to the outputs (i.e., one layer of 5290 weights) can achieve
92.6% classi cation accuracy on the MNIST test set.

3 Run inference without adjusting the weights based on outputs from experimental setup.
N/A means this accuracy was not reported.

4 Includes adaptive training or ne-tuning based on outputs from the experimental setup.

5 The authors hand-picked 10 classes and removed “inappropriate’ images.

6 Architecture unclear, but Suppl. Table S2 in Ref. [66] seems to indicate >6 million digital
electronic operations.

” The authors report correct classi cation of 88% of images picked from within the 92%
correctly classi ed images by the digital model, so the accuracy could higher than 81% if
the originally misclassi ed images by the electronic hardware were correctly classi ed by
the optical setup. There were 50 test images for each dataset.
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In conclusion, while these optical systems hold promising theoretical performance im-
provements over digital electronics in terms of energy consumption and latency, the potential

for “plug-and-play' replacement of prior accelerators remains to be demonstrated.
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Chapter 3

Elements of 3D Optical Computation

Before delving into our optical DNN accelerators, in this chapter, | describe the key elements
of 3D optical computation, from displays, to optical propagation and data routing, to detec-
tors. Displays can project inputs or impart weights or fan-out patterns onto signals, making
them critical components in our ONNs. Data transmission and copying occur through op-
tical propagation in free space. Detectors convert the signal from optics back to electronics
in order to perform the summation, nonlinearity, and any electronic processing that might

be required after the DNN layer.

3.1 Displays

Digital micromirror devices (DMDs)

A 2D array of micromirrors (digital micromirror device or DMD) is conceptually the simplest
display. Each pixel is a m-scale mirror that pivots between "on' and "o ' states on a hinge.
Electrodes control the motion of each mirror via the electrostatic force. DMDs thus provide
pixel-wise binary amplitude modulation of an incident light eld with up to 10 million
pixels at relatively high switching speeds (up to 10s of kHz) [69]. They can achieve greyscale
modulation if the detector integrates over many on-o cycles. DMDs are used in a wide

variety applications such as projectors [69], optical traps [70] and holography [71].
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Liquid-crystal-on-silicon spatial light modulators (LCoS SLMs)

Liquid crystals (LCs) are made up of elongated molecules that align to an applied electric
eld. When the molecules are ordered, the resulting material is birefringent, which means
that the refractive index experienced by incident light depends on its polarization. The

LC has two axes, called “ordinary' and “extraordinary'. The refractive index along the ex-
traordinary axis, ne, is voltage-dependent, while the refractive index along the perpendicular
ordinary axis is constant with voltage. When light passes through a liquid crystal, the phase
shift experienced by its polarization component that is parallel to the extraordinary axis

is:

(V)= 2-(ne(V) no)a (3.1)

whereV is voltage, is wavelength,n. is induced extraordinary refractive index (modulated

by V), n, is ordinary refractive index anda is liquid crystal thickness [72]. In theory, the
polarization component along the ordinary axis does not experience a phase shift (though in
practice, we found the phases to be somewhat coupled in interferometric measurements; see
Appendix).

A liquid-crystal-on-silicon spatial light modulator (LCoS SLM) is composed of up to
millions of m-scale LC cells that are individually electrically addressable and updatable
at 10s to 100s of Hz. LCoS SLMs can therefore perform independent pixel-wise phase
modulation of one polarization component of an incident optical eld. They can be used
in what | will call ‘phase’ or "amplitude' modes. In phase mode, the polarization of the
incident light is parallel to the extraordinary axis of the device. In amplitude mode, the
incident light is instead polarized to 45, e.g., by adding a half-wave plate before the SLM.
The SLM pixels can then be thought of as individual variable wave plates, or polarization
rotators. If a polarizer is then added after the SLM to reject one polarization component,
the phase SLM can e ectively be used as an array of high-precision §-bit) amplitude
modulators. SLMs also exist in re ective or transmissive modes. Transmissive SLMs have
lower Il factors since they need electronic circuitry between pixels and therefore, have lower

di raction e ciency. We therefore used re ective SLMs in our setups.
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Single-spatial-mode source arrays

An array of high-speed sources can also be used as a display. For exampiescale vertical-
cavity surface-emitting lasers (VCSELS) [73] or micro-light-emitting diodes (LEDs) [74],

[75] can be packed into a dense array of single-spatial-mode emitters. While VCSEL arrays
has been restricted to tens or hundreds of elements [76], [77], increasing array sizes and laser
wall-plug e ciencies are active areas of research. Large-scal€ED arrays, on the other
hand, are becoming commercially available [78], and high-speed arrays of photonic crystal
cavities are also being investigated [79]. VCSEL arrays can exhibit temporal coherence,
meaning that they have the potential to maintain a consistent phase relationship over time,
whereas LED are temporally incoherent. While certain optical MVM con gurations require
temporal coherence [34], [80], others may bene t from sources with lower temporal coherence

to reduce fringes in interference e ects from stray light.

3.2 Data transmission and copying ( fan-out )

In this section, | will describe how with free-space optics, we can: 1) transmit inputs and
2) copy data in a recon gurable multicast to the detector plane. | will rst review optical
propagation through lenses and di ractive elements. Lenses can passively transfer a signal
from one 2D plane to another. In our hardware con gurations, this mapping of light from
the input to output plane happens through a series of optical Fourier transforms, as will be
explained below. | will also show how we can achieve 2D multicagaf-out) by generating

a 2D spot array with a diractive element, then optically convolving this spot array with
our image in the output plane (again, using the Fourier transform property of lenses). To
clarify, these Fourier transforms and convolutions are not performing any MAC operations
here, but are the means to the end of the 2D multicast. The multicast can be tailored to
match a DNN layer's shape, and is independent of the activations and weights it only has
to be updated if the DNN model shape changes. As fast, low-energy data transmission and
copying are important bottlenecks in electronics, these concepts are key to our optical deep

learning accelerators.
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3.2.1 Fourier transform by a lens

Figure 3.1. Fourier transform by a lens of input eld A(rg) in the object plane to
F fA(rs)g = A(rg) in the Fourier plane. The optical axis (light propagation direction)
is perpendicular to the 2D object and Fourier planes. These planes are at distancesand
f from the lens along the optical axis, respectively, where is the lens's focal length.rg is
the position within the object plane,rg =2 rs= f) is the same in the Fourier plane.

As Fig. 3.1 illustrates, a lens performs a spatial Fourier transfornk fg of the 2D
optical eld distribution A (rs) from the object plane to the Fourier plane to yieldA (rg) =
F fA(rs)g [81]. The locations of these planes along the optical axig)(as well as the
feature sizes are de ned by the lens's key property: its focal length. Mathematically,
re=2 rs( f),where isthe wavelength of the light.

If, for example, the input eld in the object plane is a point source (modeled as a Dirac
delta function), then the Fourier plane is fully illuminated. In reality, of course, the point
source is not in nitesimally small, but rather follows a distribution such as a Gaussian of
1/e? diameter 2vy. Then, the ideal distribution in the Fourier plane is also a Gaussian, but
of 1/e? diameter2f= ( w () (not accounting for aberrations introduced by imperfect lenses),
which can be much larger than the initial Gaussian. A lens can therefore act as one type
of fan-out element in itself, since it takes one small data point and broadcasts it to a much

greater area.
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3.2.2 Imaging

Figure 3.2: Imaging by a 4 lens system of input eldA(rg) to A( (f1=f,)rs) in the image
plane. The image is ipped and magni ed byf ,=f;.

We can add another lens with focal lengtlh, after the initial lens of focal lengthf 1, which
gives us the Fourier transform of the Fourier transform of the input eld (see Fig. 3.2). In
other words, we have routed the input array in the object plane to the output image plane,
unmodi ed except for a magni cation factor of  ,=f,. (We can use this magni cation factor
to tune the size of the output array to match our desired detector or weight array pixel
widths.) This arrangement of lenses is called & 4system because there is a distance of four

focal lengths along the optical axis from the object plane to the image plane.

3.2.3 Spot array generation

Another concept that will be used in our fan-out scheme is spot array generation by a phase
mask (a diractive optical element or DOE, see Fig. 3.3). Spot arrays appear in a wide
variety of elds, such as the control of positions of atoms in quantum computing [82] and
nanopatterning [83].

With a uniformly illuminated phase object in the object plane, the optical eld in the
Fourier plane will be the Fourier transform of the phase distribution imparted by the object.

In the case of a di raction grating, for example, interference maxima appear in the Fourier
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Figure 3.3: Spot array generation in the Fourier plane by a uniformly illuminated phase
mask in the object plane. Phase mask calculated by xed-phase weighted Gerchberg-Saxton
algorithm.

plane, yielding spots at locations determined by the grating equation. However, these spots
do not have uniform intensities. An array of microlenses can also generate an array of
spots, which has in fact been used in a recent ONN demonstration [64]. While these optical
elements have the advantage of being passive, neither a grating nor a microlens array can be
recon gured or create spots at arbitrary locations.

Instead, we can use a programmable LCoS SLM to display a recon gurable phase mask,
as described above. The phase o sets within this mask can be calculated via the Gerchberg-
Saxton algorithm [84] to generate large-scale, high-uniformity spot arrays. From the starting
point of an array of random values, this algorithm computationally iterates through Fourier
transforms and inverse Fourier transforms until it reaches the target distribution in the
Fourier plane (more on this below). In a modied form, called the xed-phase weighted
Gerchberg-Saxton (WGS) algorithm and reported in Ref. [85], a normalizing correction is
applied at each iteration to improve spot intensity uniformity. The phase is also xed in
Fourier space after some number of iteration§ for faster convergence. Ref. [85] achieved
intensity uniformities of >98% in arrays of >1,000 spots at arbitrary locations (measured in
experiment) after also including camera feedback into the correction term. The pseudocode

below illustrates the xed-phase WGS algorithm, followed by an explanation.
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| s = ones(num_SLM_pixels) # input laser field (ones means flat)
phi_s = rand(num_SLM_ pixels) * 2*pi
target = grid(intensities) # spots at desired locations & intensities

past_corr = grid(ones) # spots at desired locations, intensities = 1

for t in range(T_total):
F = fft2( sqrt(l_s) * exp(li*phi_s) )
|_F = abs(F)"2
corr = sqgrt(mean(l_F)/I_F[target>0]) * past_corr[target>0]
past_corr = corr
if t < T:
phi_F = angle(F)
S = ifft2(corr * sqrt(target) * exp(li * phi_F) )
phi_s = angle(S)

phi_s = mod(phi_s, 2*pi) * 255/(2*pi) # display on 8-bit SLM

The phase pattern g is initialized to a random 2D matrix, which is multiplied by the
input light eld incident on the SLM (square root of the intensity |, assuming a uniform
incident phase), then Fast Fourier Transformed (FFT'ed) to simulate the optical eld dis-
tribution in the Fourier plane (F). The amplitude of F is replaced by the target amplitude
(i.e., the spot array), where the target spot locations need to be transformed by the grid()
function to real space, accounting for lens focal length, wavelength and SLM pixel size. This
new distribution is multiplied by the normalizing correction, which is the mean of the ampli-
tude of F divided by the amplitudes ofF at the desired spot locations. This step is followed
by an inverse FFT to yield S, whose phase s is kept as the new SLM pattern, replacing the
random initialization. The amplitude is once again swapped out, but this time, for input
eld "

number of iterations Ty Or While an error criterion has not been met. If the number of

I's, which concludes the rst iteration. This process is repeated in a loop for some

iterations reachest > T before convergence, wher€ is a xed hyperparameter (typically

between 10 and 20), then g, the phase ofF, is held constant. Once the phase map to
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display on the SLM has been determined by this method, it should be summed with the
atness correction map at the source wavelength provided by the manufacturer. The map
can be further re ned with experimental data by including feedback from the camera into
the correction term.

If we want to use a passive component instead, the LCoS SLM can be replaced by a xed
metasurface fabricated to impart the appropriate phase shifts onto input light. While this
option can lower energy consumption, it is generally not recon gurable. An exception may
be a surface made of phase-change materials that can have local phase o sets set by laser
pulses, though transmission e ciency, bit precision (number of levels), and repeatability

remain open questions [86].

3.2.4 Image replication

Figure 3.4: With a spot array generation pattern in the Fourier plane of af4 system, an
input is replicated in the image plane (2D multicast thanks to 3D optical propagation).

By combining imaging with spot array generation, we can replicate inputs from the object
plane to the image plane (see Fig. 3.4). An input eld in the object plane is spatially Fourier
transformed by a lens to the Fourier plane. The mask(rs) displayed by an LCoS SLM
in the Fourier plane then imparts the phases of the spot array generation pattern onto the

Fourier transformed input eld (pixel-wise multiplication by phase pattern). In the image
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plane, by Fourier convolution theory, this product becomes a convolution we obtain the
convolution of the Fourier transforms of the individual distributions in the Fourier plane.
Therefore, in the image plane, we have convolved the image of the input eld with the spot
array, i.e., produced image replicas.

Conceptually, we can think of the spots as individual Dirac delta functions. We know that
the convolution of an arbitrary function with a Dirac delta returns the same function o set
to the Dirac delta's location in the 2D plane. This means that with this optical convolution,
our output image is copied to the location of each spot, yielding our 2D multicast. The
spot array generation pattern de nes the number of image replicas and their locations in the
image (detector) plane, and it is independent of the input data. When we use this concept
in our ONN, we will see that it is also independent of the weights. Therefore, the spot array

generation pattern only needs to be updated if the DNN modahapechanges.

3.3 Detectors

Photodetectors convert the optical signal back to the electronic domain for further process-
ing or readout. Small, m-scale photodetectors (PDs) [54], [87] [90] can be highly e cient,
reaching responsivities of 0.2 A/W [90] and GHz speeds. While these detectors have lower
sensitivities than a conventional camera, they are optimized to reduce overall energy con-
sumption and increase speed. They can be used in conjunction with a small transimpedance

ampli er (TIA) [91] or without ampli cation, in a “receiverless' con guration [54].
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Chapter 4

Digital Optical Neural Network

This chapter is adapted from workreported in Ref. [30].

In this rst project, we introduced an ONN that encodes digital inputs and weights into re-
con gurable on-o0 optical pulses for high-e ciency data transmission, but not computation.
In other words, incoherent optical paths replace electrical on-chip interconnects, but not
multipliers. Prior research into digital optical interconnects focused on integrated point-to-
point connections [92], [93], free-space point-to-point transmission [94], [95], and small-scale
free-space multicast [96]. These ideas would be di cult to scale in DNNs since they incur
signi cant overhead in number of components and introduce compounded component losses.
Here, by contrast, in our “digital optical neural network' (DONN), three-dimensional free-
space optical elements passively transmit and copy data (fan-out) from memory to large-scale
electronic multiplier arrays for the speci ¢ application of matrix multiplication. The length-
independence of this optical data routing enables scalable systems, where single transmitters
are fanned out to many receivers with fast and energy-e cient links.

We rst illustrate the DONN architecture and discuss a possible implementation. Then,
in a proof-of-concept experiment, we demonstrate that digital optical transmission and fan-
out with cylindrical lenses has little e ect on the classi cation accuracy of the MNIST

handwritten digit dataset (<0.6%). The primary cause of this drop in accuracy is crosstalk,

1This project was done in close collaboration with Dr. Alexander Sludds, who wrote most of the data
acquisition and training code and co-developed the concept and energy analysis.
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which is the unwanted contamination of one signal by another, in this case through blurring of
the optical outputs. Because crosstalk is deterministic, it can be compensated: with a simple
correction scheme, we reduce our bit error rates by two orders of magnitude. Alternatively,
crosstalk can be greatly reduced through optimized optical design.

We also compare the energy consumption of digital optical interconnects (including light
source energy) against that of electronic interconnects over distances representative of logic,
multi-chiplet interconnects and multi-chip interconnects in a 7 nm CMOS node. Multiple
chips [97] or partitioned chips [98], [99] are regularly employed to process large networks
since they can ease electronic constraints and improve performance over a monolithic equiv-
alent through greater mapping exibility [100], at the cost of increased communication en-
ergy. Our calculations show an advantage in data transmission costs for distance® m
(roughly the size of the basic computational element: an 8-bit MAC unit). The DONN
thus scales favorably with respect to very large DNN accelerators: the DONN's optical com-
munication cost for an 8-bit MAC, i.e., the energy to transmit two 8-bit values, remains
constant at 3 fJ/MAC, whereas multi-chiplet systems have much higher electrical inter-
connect costs ( 1,000 fJ/MAC), and multi-chip systems have a higher energy consumption
still (30,000 fJ/MAC). Thus, the e cient optical data distribution provided by the DONN
architecture can enable continued growth of DNN performance through increased model sizes

and greater connectivity.

4.1 Concept

Figure 4.1 shows our DONN scheme, which is output stationary. In the matrix-matrix
multiplication W X, optical elements transfer and fan out input activation and weight bits
to electronic multipliers, where each elemenX;, is fanned outN times, and W,y is fanned
out B times. At the rst time step, the input activation matrix transmitters fan out the rst

bit of each of the elements in the rst row of the input activation matrix X ,,;8b2 f 1:::Bgto
the PEs. Simultaneously, a row of weight matrix transmitters broadcast the weight bitgVv,,,

to each PE. The photons from these input activation and weight bits generate photoelectrons

in the detectors, producing the voltages required at the inputs of electronic multipliers (either
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Figure 4.1: Digital electronic and optical implementations of MVMa, Matrix representation

of one layer of an FC-NN withB -sized batching (nonlinearity not shown).b, Example bit-
serial multiplier array, with output-stationary accumulation acrossk. Fan-out of X across

n 2f 1.::Ng; fan-out of W acrossb2 f 1.::Bg. The size of the multiplier array (PESs) is equal
to the size of the output matrix (Y ). All-electronic version with fan-out by copper wires
(for clarity, fan-out of W not illustrated). c, Digital optical neural network version, where
X and W are fanned out with optics and transmitted to an array of photodetectors. Each
pixel contains two photodetectors, where the input activations and weights can be separated
by, e.g., polarization or wavelength Iters. Each photodetector pair is directly connected to
a multiplier in close proximity.
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0V fora 0 or 0.8V fora 1). The input and weight bits can be discriminated by being
encoded into di erent wavelengths or polarization states. After 8 time steps, a multiplier has
received2 8 bits (8 bits for the input activation and 8 bits for the weight), and the electronic
multiplication occurs as it would in an all-electronic system. The activation-weight product
is completed, and is added to the locally stored partial sum. The entire matrix-matrix
product is therefore computed irB K time steps. Instead of this bit-serial implementation,
bits can also be encoded spatially, using a bus of parallel transmitters and receivers. The
trade-o between added energy and latency in bit-serial multiplication versus increased area
from photodetectors for a parallel multiplier can be analyzed for speci ¢ applications and
CMOS nodes.

Figure 4.2: Digital optical neural network. a, Digital inputs and weights are transmitted
electronically to an array of light sources (red and blue, respectively, illustrating di erent
paths). Single-mode light from a source is collimated by a spherical lens, then focused to a 1D
spot array by a di ractive optical element (DOE). Single source illuminated for illustrative
purposes, but light from all sources transmitted in parallel. A 50:50 beamsplitter brings light
from the inputs and weights into close proximity on a custom CMOS receiveh, Example
circuit (by A. Sludds) with 2 photodetectors (biased by voltagevyiss) per PE: 1 for input
activations; 1 for weights. Received bits\{,,;) proceed to multiplier, then memory or next
layer.

We illustrate an example DONN implementation in Fig. 4.2. The optical sources in the

linear arrays can be selected from among those described in Chapter 3, e.g., VCSELs or
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LEDs. Each source emits a cone of light into free space, which is collimated by a spherical
lens. A DOE (can be a cylindrical lens, metasurface, or LCoS SLM paired with another
lens) focuses the light from each input to a 1D spot array on a 2D receiver. The input
activations and weights are brought into close proximity using a beamsplitter. "Receiverless'
photodetectors [54] convert the individual optical bits to the electrical domain. An elec-
tronic multiplier then multiplies each 8-bit input activation with its corresponding weight.
The output is either saved to memory, or routed directly to another DONN that implements
the next layer of computation. Note that the data distribution pattern need not be con ned
to regular rows and columns, as DOEs can be recon gurable (see Chapter 3). Furthermore,
since free-space optical elements and free-space propagation are highly e cient, most length-
or receiver-number-dependent losses can be attributed to imperfect focusing, e.g., from op-
tical aberrations far from the optical axis. These e ects can be mitigated through judicious
optical design. We assume for the remainder of our analysis in this chapter that energy is

length-independent.

4.2 Experimental setup

Figure 4.3: Our experimental implementation of the digital optical neural network. Digital
micromirror devices (DMDs) illuminated by LEDs act as stand-ins for high-speed sources;
cylindrical lenses are fan-out elements in the input activation and weight arms.
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We used the DONN implementation shown in Fig. 4.3 to test digital optical data trans-
mission and fan-out for DNNs. Digital micromirror devices (DMDs, Texas Instruments
DLP3000, DLP4500) illuminated by spatially- ltered and collimated LEDs (Thorlabs M625L3,
M455L.3) act as stand-ins for the two linear source arrays. For the input activations/weights,
each 10.8 m-long mirror in one DMD column/row re ects red/blue light toward the de-
tector ("1') or a beam dump ('0"). Then,f = 100 mm spherical lenses and = 100 mm
cylindrical achromatic lenses image each DMD pixel to an entire row/column of superpixels
of a color camera (Thorlabs DCC3240C). Each camera superpixel is made up of four pix-
els of size (5.3 m)2: two green, one red and one blue. The Thorlabs camera acquisition
program applies a "de-Bayering' interpolation to automatically extract color information for

each sub-pixel; this interpolation causes blurring, and therefore it increases crosstalk.

4.2.1 Image processing

Figure 4.4: Background-subtracted and normalized camera output from our proof-of-concept
free-space digital optical neural network experiment. Random vectors of "1's and "0's dis-
played on DMDs for characterization.a, Full received 2D image.b, One randomly chosen
column of the image: pixels received as "1'in red and "0' in black. Bits are correctly received
if they are on the appropriate side of the threshold (though ideally, "0' bits would have 0
intensity, and "1' bits would be saturated at 1).

To process each image received by the camera, we subtracted the background, normalized,
then thresholded the outputs by a xed value for each channel. We acquired normalization

and background curves with all DMD pixels in the "on' and "0 ' states, respectively. This
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background subtraction and normalization could be implemented on the receiver chip by
biasing each pixel by some xed voltage. If the detected intensity was above the thresh-
old value, it was labeled a "1'; below threshold, a "0'. Figure 4.4 shows an example of a
background-subtracted and normalized image, captured on the camera when the digital mi-
cromirror devices (DMDs) displayed random vectors of "1's and "0's. The error that causes

the "0’ values to receive >0 optical intensity is primarily crosstalk, as will be discussed later.

4.2.2 Crosstalk correction

Since crosstalk is deterministic, it can be compensated by post-processing. To illustrate this
principle, we evaluated the performance of a simple crosstalk correction scheme, in which we
multiplied each line of an image detected on the camera by a tridiagonal crosstalk reduction

matrix;

2 3 2 32 3
l1n 1 0 l1n

2n 1 I2n
=60 1 - : (4.1)

where is a constant value per channel andl., is the corrected line of the camera image,
which is subsequently renormalized. was measured to be 0.19 and 0.18 for the red
and blue arms, respectively, from a calibration image of alternating "1's and "0's transmitted
by the DMDs. The results of the crosstalk correction are shown in Fig. 4.5. We quantify
the quality of the correction by calculating the bit error rate in the next section. In the
Discussion (Sec. 4.5), we propose extensions and alternatives to this scheme that do not

require post-processing.
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Figure 4.5: Randomly chosen lines from the received image shown in Fig. 4.4. One column
from the red channel befored) and after (b) crosstalk correction. c-d, Same, but for the
blue channel.

4.3 Measured accuracy

4.3.1 Bit error rate

In our rst experiment, we determined the bit error rate of our system. We compared the
parsed values from the camera with the known values transmitted by the DMDs, and de ned
the bit error rate as the number of incorrectly received bits divided by the total number of
received bits. The camera's de-Bayering algorithm, optical aberrations and misalignment
caused some crosstalk between pixels, as can be seen in Figs. 4.4 and 4.5. Using a region
of 357 477 superpixels on the camera, we calculated bit error rates (in a single image) of
1:2 102 and 2.6 10 * for the blue and red channels, respectively. When we con ned
the region of interest to151 191 superpixels (centered and less aberrated), the bit error
rate (averaged over 100 di erent trials, i.e., 100 pairs of input vectors) waé4 10 3 and
4:6 10 ° for the blue and red arms.

We also measured the bit error rate after crosstalk correction. The bit error rates for the
blue and red channels then respectively dropped ®9 10 2 and O for the357 477-pixel

single image and:6 10 ° and O for the151 191-pixel, 100-image average. In other words,
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after crosstalk correction, there were no errors in the red channel, and the errors in the blue

channel dropped by two orders of magnitude in the centered region of interest.

4.3.2 DNN inference

Next, we experimentally tested the DONN's e ect on the accuracy of classi cation of 500
MNIST images using FC-NNs with one and two hidden layers of 100 activations each. The
MNIST images were downsampled frorB8 28to 7 7, which were then attened to 1D 49-
element vectors. The weights were trained on the MNIST training set with categorical cross-
entropy as the loss function and dropout between layers to prevent over tting. The DMDs
displayed the activations and pre-trained weights, which propagated through the optical
system to the camera. Then, as described before, the images were background subtracted and
normalized, and the CPU multiplied each input activation with each weight, accumulated
the partial products, and applied the nonlinear function (ReLU). The CPU then fed the
outputs back to the input activation DMD, and the weights were updated for the next layer
of computation.

As reported in Table 4.1, we measured a 0.6% drop in classi cation accuracy for the
DONN versus the ground truth values (or 3 additional incorrectly classi ed images) with a
three-layer FC-NN. In the case of the DNN with a single hidden layer ("2-layer' case), we
achieved similar results: a 0.4% drop in accuracy, or 2 misclassi ed images. No crosstalk

error correction was applied to these results to illustrate the worst-case impact on accuracy.

Table 4.1: MNIST classi cation accuracy of DONN (no crosstalk correction applied) versus
all-electronic ground truth with FC-NNs of di erent depths

2 layers 3 layers
Electronic (ground truth) 95.8%  96.4%
DONN 95.4%  95.8%

4.4 Energy analysis of an optimized system

In this section, we compare the theoretical interconnect energy consumption of an optimized

implementation of the DONN with its all-electronic equivalent, where interconnects are il-
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Figure 4.6: Fan-out of one bit from memory (Mem) to multiple processing elements (PES).
a, Fan-out by electrical wire to a row of PEs in a monolithic chip. b, DONN equivalent
of monolithic chip, where green wire is replaced by optical paths, Fan-out by electrical
wire to blocks of PEs divided into chiplets, or separated by memory and logic, DONN
equivalent of fan-out to PEs in multiple blocks (energetically equivalent td).

lustrated in green in Fig. 4.6. We assume a 7 nm CMOS process for both cases (close to
the state of the art in 2020, when we performed this analysis). The interconnect energy to
transmit one bit, which must include any optical source ine ciencies, is the energy required

to charge all parasitic capacitances of the system. To determine the interconnect energy per

MAC (Ecomm, in fJ/IMAC), we simply multiply the energy per bit by 16.

4.4.1 Digital electronic data transmission

In the electronic case E¢ec), a long wire transports data to a row of multipliers using low-

cost repeaters, which we assume consume negligible energy (see Supplementary Note 6 of our
paper [30]). The interconnect energy is thus the energy to charge the wire and an inverter,
which is representative of the input to a multiplier:

Eelec:bit = %1 G I-wire + CT VDZD (4-2)

m

where Vpp is the supply voltage,C,ie = m is the wire capacitance per micrometet, i IS

the wire length between two multipliers andCy is the inverter capacitance. The wire has a
large parasitic capacitance, but also produces an e ective electrical fan-out. Interconnects
consume energy predominantly when a load capacitance, such as a wire, is charged from a

low (0 V) to a high ( 1 V) voltage, i.e., in a0! 1 transition. If we assume a low leakage
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current, maintaining a value of "1' or "0' (i.e.,1 ! 1) consumes little additional energy.
To switch a wire from a "1' to a "0, the wire is simply discharged to ground. Assuming a
random distribution of "0" and "1' bits, we therefore include a factor of 1/4 in equation (4.2)

to account for this dependence on switching activity.

4.4.2 Digital optical data transmission

In the DONN, a light source replaces the wire for fan-out and detectors are at the inputs
to the multipliers. The low-capacitance receiverless detectors in the DONN do not require
ampli ers [54]. The energetic requirements of these detectors contrast with those of conven-
tional optical receivers, which aim to maximize sensitivity to the optical input eld, rather
than minimize the energetic cost of the system as a whole. The DONN's minimum energy
consumption corresponds to the optical energy required to generate a voltage swing of 0.8 V
on the load capacitance (i.e., the photodetectoiCqe;, and an inverter, Cy), all divided by

the source's power conversion e ciency (wall-plug e ciency, ):

Eponn =hit = % h—s Np (43)

whereh is the photon energy which must be greater than or equal to the bandgdf, of

the detector material, and the number of photons per bitn,, is determined by:

- (Coet + Cr) Vop

n
P e

(4.4)

As in the all-electronic case, we assume low leakage on the receiverless photodetector and a
random distribution of bits. Here, however, photons are generated for every "1' and therefore,

the switching activity factor is 1/2 instead of 1/4.

4.4.3 Comparison

The parameters used to calculate the energy consumption in the electronic and optical cases
are summarized in Table 4.2. We chose silicon as an example material, and set the photon

energy equal to the bandgamh =e = E,. Cgye is a theoretical approximation of the capaci-
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Table 4.2: Parameters in interconnect energy estimates

Cuire= M 0.2 fF= m [54], [101], [102]
Cr 0.1 fF [54], [103]
Ceet 0.1 fF [54]
h =e 112 eV
s 0.5 [104], [105]

Adet 1 m 1 mi[54]

L wire intra-chiplet 5-8 mY

L wire inter-chiplet 2.5 mm [98]

L wire inter-chip 5 cm [106]
Vbp 0.8 V [107]

Emac * 25 fI/IMAC [107], [108]

YWe assume a square multiplier and scale reported 8-bit multiplier areas in a 45 nm
node [109][111] to a 7 nm node with scaling factors from Ref. [107]. A MAC unit com-
prises both an 8-bit multiplier and a 32-bit adder, so we are placing a lower bound on the
minimum length of L. Recent work [112] optimizes MAC units for DNNs, and reports
a 337 m? area in a 28 nm node, where the MAC unit comprises an 8-bit multiplier and a
32-bit adder. Extrapolated to a 7 nm node with a fourth-order polynomial t of the scaling
factors from Ref. [107], the MAC unit is of size{ m)?, which falls within the 5-8 m range.
*Ewmac , the energy required for one digital multiply-accumulate, shown for reference.

tance of a receiverless cubic photodetector with surface ardg,; = (1 1) m? [54]. Several
past examples of small CMOS integrated detectors in older CMOS nodes [88], [113] showcase
the feasibility of receiverless detectors. The optical source power conversion e ciency)(

is a measured value for VCSELs [104], [105€+ is an approximation for the capacitance

of an inverter [54], [103]. Luie is the distance between MAC units in various scenarios:
with abutted MAC units (intra-chiplet), between chiplets (inter-chiplet) and between chips
(inter-chip).

Putting these values into equations 4.2 and 4.3, we nd interconnect energies shown in
Fig. 4.7. The optical communication energy in the DONN i€ omm 3 fJ/IMAC, inde-
pendent of length (limited by the photodetector and inverter capacitances). On the other
hand, the electrical interconnect energy scales froByomm = 3 4 fJ/MAC for inter-multiplier
communication for abutted MAC units, to 1,000 fJ/MAC for inter-chiplet interconnects,
to 30,000 fJ/MAC for inter-chip interconnects. The crossover point where the optical in-
terconnect energy drops below the electrical energy occurs whHeg,. 5 m. In Fig. 4.7,

we have also included the optical communication energy per MAC with a large, commercial
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photodiode, which illustrates the need for receiverless photodetectors in advanced CMOS
processes. In the future, plasmonic photodetectors may lower the capacitance further than
0.1 fF [114].

4.5 Discussion

With minimal impact on accuracy, the DONN can yield an energy advantage over all-
electronic accelerators with long wire lengths for digital data transfer. In our proof-of-concept
experiment, we performed inference on 500 MNIST images with 2- and 3-layer FC-NNs and
found a <0.6% drop in accuracy with respect to the ground truth implementation on CPU.

We attribute these errors to crosstalk from imperfect alignment and the camera’s Bayer
Iter. A simple crosstalk correction scheme lowered measured bit error rates by two orders
of magnitude, allowing us to transmit bits with 100% measured delity in the input activa-
tion arm (better-aligned than the weight arm). Crosstalk can thus be mitigated and possibly
eliminated through post-processing. However, to maximize energy e ciency, post-processing
should be avoided, for example, by employing charge-sharing among the detector pixels to
implement equation (4.1). Alternatively, we could simply reduce crosstalk through improved
system design better lenses and the absence of the de-Bayering algorithm will help signif-
icantly. We could also choose to space the PEs further apart or shrink the active region of
the detectors to improve the ratio of signal at a given pixel to noise from neighboring pixels.

In the hypothetical regime where error due to crosstalk is negligible, the remaining noise
sources are shot and thermal KT=C") noise. Intuitively, shot and thermal noise are also
present in an all-electronic system, and the number of photoelectrons at the input to an
inverter in the DONN (1000 photons/bit) is equal to the number of electrons at the input to
an inverter in electronics. Therefore, if these noise sources do not signi cantly a ect accuracy
in the all-electronic case, they will not a ect the DONN either [54]. For mathematical
validation, see our paper [30].

In our energy estimates for a near-term optimized DONN, we contrasted the data delivery
costs in optics versus a comparable electronic system. We found that in the worst case, when

multipliers are abutted in a multiplier array, optical transmitters have a similar interconnect
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Figure 4.7: DONN analysis: energy required to transmit 16 bits (communication energy
per 8-bit MAC, i.e., Ecomm). Electronic data transfer energy Ecec) increases with wire
length, whereas optical data transfer energyHponn ) remains constant. Optical data trans-
fer evaluated for two detector capacitancesCqye; = 1 pF for large, commercially-available
photodiodes [115]; andCq4e; = 0:1 fF for emerging receiverless, (1 m)3-sized cubic detec-
tors in modern CMOS processes [54]. Belo@y = 0:1 fF, the capacitance of the overall
receiver becomes limited by the capacitance of the CMOS inverter. Energy of one digital
8-bit multiply-accumulate operation (Eyac =25 fJ/MAC) also shown for reference.
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energy cost compared to copper wires in a 7 nm node. The regime where the DONN shows
important gains over copper interconnects is in architectures with increased spacing between
computation units. As problems scale beyond the capabilities of existing single electronic
chips, multiple chiplets or chips perform DNN tasks in concert. In the multi-chiplet and
multi-chip cases, the costs to transmit two 8-bit values in electronics (1,000 fJ/MAC and

30,000 fI/MAC, respectively) are therefore signi cantly larger than that of an 8-bit MAC
(25 fI/IMAC) [107], [108]. On the other hand, in optics, the interconnect cost (3 fJ/MAC,
including source energy) remains an order of magnitude smaller than the MAC cost. Since
multi-chiplet and multi-chip systems o er a promising approach to increasing throughput
on large DNN models, optical connectivity can further these scaling e orts by reducing
inter-chiplet and inter-chip communication energy by orders of magnitude. In practice, the
DONN's scaling will be limited by the amount of optical power that a source can produce
for su cient photons at the receiver array, though this restriction can be circumvented by
tiling sources and receiver arrays.

In terms of the DONN's area, we assume the added chip area at the receiver is negligible,
since the area of a photodetectoAq; =1 m?is 50 smaller than a MAC unit of size
(L wire intra-chiplet )2 Overall packaged volume, while likely larger than an all-electronic system,
is not as important in many practical applications (e.g., workstations, servers, data centers)
because chip area sets fabrication cost. Furthermore, in data centers, space is required
between chips for heat sinks and air ow, and the addition of lenses need not increase this
volume signi cantly.

Lastly, optimized optical devices do not restrict the clock speed of the system since their
bandwidths can be >10 GHz. In fact, the clock speed of a digital electronic system is
generally limited to 1 GHz due to thermal dissipation requirements; it could be improved
in the DONN, since greater component spacing for thermal management would not increase
energy consumption.

Because length-independent data distribution is a tool currently unavailable to digital
system designers, relaxing electronic constraints on locality can open new avenues for DNN
accelerator architectures. For example, memory can be devised such that numerous pieces of

memory are located far away from the point of computation and reused many times spatially,
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with a small xed cost for doing so. Designers can then lay out smaller memory blocks with
higher bandwidth, lower energy consumption, and higher yield. If memory and computation
are spatially distinct, we have the added benet of allowing for more compact memories
that consume less energy and area, e.g., DRAM, which is fabricated with a di erent process
than typical CMOS to achieve higher density than on-chip memories. Furthermore, due
to its massive fan-out potential, the DONN can reduce overhead by minimizing a system's
reliance on a memory hierarchy and also amortize the cost of weight delivery to multiple
clients running the same neural network inference on di erent inputs. Additionally, some
newer neural network models require irregular connectivity (e.g., graph neural networks,
which show state-of-the-art performance on recommender systems, but are restricted in size
due to insu cient compute power [116], [117]). These systems have arbitrary connections
with potentially long wire lengths between MAC units, representing di erent edges in the
graph. The DONN can implement these links without incurring additional costs in energy
from a complex network-on-chip in electronics. Yet another instance of greater distance
between multipliers is in higher-bit-precision applications, as in training, which require larger
MAC units.

4.6 Conclusion

In summary, the DONN implements transmission and fan-out of data with an energy cost per
MAC that is independent of length and number of receivers. This property is key to scaling
deep neural network accelerators, where increasing the number of processing elements for
greater throughput in all-electronic hardware typically implies higher data communication
costs due to longer electronic path length. The DONN does not require digital-to-analog
conversion and is therefore less prone to error propagation. It is also recon gurable, in that
the weights and input activations can be easily updated, and the fan-out locations could be
updated to suit a given DNN with an adjustable DOE. We nd that optical data transfer
begins to save energy when the spacing of MAC units*5 m. More broadly, further gains

can be expected through the relaxation of electronic system architecture constraints.
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Chapter 5

Single-Shot Optical Neural Network

This chapter is adapted from work reported in Ref. [118].

The output-stationary architecture of the DONN described in the previous chapter works well
for inference performed on large batches of inputs; however, the input vectors are streamed
in sequentially over time, resulting in a latency that scales with the input vector length. The
DONN is therefore not optimized for inference tasks that have very stringent requirements on
latency, e.g., translation and autonomous driving, or newer applications in astrophysics [119]
and the control of fusion reactors [120]. A weight-stationary architecture, on the other hand,
can produce an output vector in one shot but only if it can simultaneously multicast
the input vector to all required multiplier units, if there is su cient PE connectivity for
single-step accumulation and readout, and if there are enough PEs to store the entire weight
matrix. Additionally, while the DONN can achieve performance gains in the transmission
of data over large distances, it does not exploit the ability of optics to take on some of the
computational burden of DNNs. With these considerations in mind, we designed the “single-
shot optical neural network’, where optoelectronic components perform recon gurable data
fan-out and element-wise analog weighting.

As discussed in Chapter 2, weight-stationary accelerators have previously been developed,
but with various limitations. On the electronics side, in systems like the TPU [46], constraints
on wiring require that multipliers pass partial products from one multiplier to the next

at each clock cycle, which prohibits single-shot MVM (though pipelining allows for high
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throughput). In optics, 2D integrated schemes are restricted in scale, and while 3D systems
can theoretically achieve higher scaling in terms of number of PEs, high-accuracy proof-of-
principle demonstrations are lacking. Past works have, for example, required fully digital
electronic back-end layers and completely new training paradigms.

Our work demonstrates a fully programmable 3D ONN capable of single-shot-per-layer
inference at large scale. A source array encodes an input vector into analog optical intensities.
Free-space optical components (LCoS SLM and lenses) copy and distribute the input light
to optoelectronic weighting elements. Using standard DNN models and without retraining,
we show low loss of classi cation accuracy on the MNIST, Fashion-MNIST and QuickDraw
datasets in a proof-of-concept demonstration with input vector lengtik = 784. With up
to 49 optical fan-out, our system performs up to 38,416 multiplications per time step.
Dynamic recon gurability of the inputs, fan-out and weighting elements in our experiment
allow for potential model updates. We also experimentally determine the physical upper
bound to throughput of our system ( 0.9 exaMAC/s) by measuring classi cation accuracy
versus input source spectral width. Lastly, we estimate that a near-term optimized single-
shot ONN can outperform digital electronic accelerators in latency and energy consumption
by processing a complete million-element DNN layer in 10 ns with 10 fJ/MAC, while

maintaining petaMAC/s throughput.

5.1 Concept

Figure 5.1 illustrates the single-shot ONN's architecture at a high level. As explained in
Chapter 2, an FC-NN layer's output vector /) is the product of a matrix of pre-learned
weights (W) with the input vector ( x), then cascaded into a nonlinear activation function.
In Fig. 5.1b-c, the input vector x and the rows of the weight matrixW are both recast into
blocks, and thenx is projected onto each row ofV . (In the case of a 2D input imagex is
already in block form.) With the inputs then local to their corresponding weights, all required
element-wise multiplications are completed simultaneously. After block-wise summation and
the nonlinearity, the computation of y is complete.

Free-space optics can passively realize this data routing, replication and weighting (Fig. 5.1d).

62



Figure 5.1: Analog, single-shot computation of a fully connected neural network layex, One
layer of an FC-NN: weight matrix W ¢ multiplies input activation vector xx ; followed
by a nonlinearity (e.g., ReLU) to produceyy 1. b, Architectural depiction of the single-shot
ONN: each PE stores a weight value, the number of PEs is equal to the weight matrix size,
and every input activation is simultaneously multicast toN PEs. c, Alternative visualization
showing that x is block-encoded and fanned out over the rows & . With block-wise sum-
mation, W x is computed in one time step.d, Optical implementation: K -element source
array encode into analog optical intensities and is replicated and imaged ontd receiver
blocks, with electronics for summation and the nonlinearity. Additional sources broadcast
outputs to the next layer, e.g., a duplicate of the same hardware, Free-space optics enable
high-density, 3D information transfer, withK  10° inputs incident on up to  10° weighting
elements per block above electrically connected photodetectors.

63



Figure 5.2: Single-shot optical neural network. Source array (wavelength object plane)
encodes inputsx(rg) into analog optical intensities at transverse spatial positionss. A

di ractive optical element (DOE, Fourier plane) performs element-wise multiplication of the
spatial Fourier transform ofx (rs) with fan-out phase patternP (rg), whererg =2 r=( ).
Optoelectronic weighting elements (image plane) perform element-wise products between the
weight matrix and replicated (multicast) input activations: W (rq) (x(rq) ~ P(rq)), where

rq = (fi=f2)rsandP(rq) = F fP (rg)gisthe spotarray. Electronics sunK photodetector
outputs per block by Kirchho 's current law. Experimental fan-out and weighting data
shown.
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Figure 5.2 illustrates our approach in more detail, showing how we can combine the concepts
described in Chapter 3 to achieve single-shot MVM. A source array encodes the input acti-
vations into the single-spatial-mode analog amplitudes of light pulsegrs), wherers is the
transverse spatial position in the 2D object plane. In the Fourier plane, a di ractive optical
element (DOE) such as an LCoS SLM displays a spot array generation phase pattern for
recon gurable fan-out. Following Fourier convolution theory, the spot array in the image
plane generated by the DOE is optically convolved with the image of the input pattern,
which yields N copies of the input pattern (i.e., 2D multicast see Chapter 3). Recon-
gurable weighting elements, e.g., LCoS SLM pixels plus a polarizer, then attenuate the
intensity of each replicated input pixel proportionally to each weight value i"W. m-scale
PDs [87], [90] directly below the weighting elements can convert the signal to analog elec-
tronics for block-wise summation by Kirchho 's current law. Another option for summation

is “optical fan-in' [61], where a single large PD can replace the block of small, electrically
connected PDs. An ampli er per block reads out the accumulated charge and an electronic
post-processing unit performs the nonlinearity to yielg. An output source array (e.g., same
components as the input sources) with one source per block can then be the input to the

next layer, e.g., a replica of the hardware used for the previous layer.

5.2 Experimental setup

We veri ed the impact of single-shot analog optical data encoding, fan-out and weighting on
DNN classi cation accuracy. Figure 5.3 shows our experimental implementation of Fig. 5.2.
llluminated by a continuous-wave (CW) laser, three LCoS SLMs display a complete activa-
tion image (SLM #1), fan-out pattern (SLM #2) and full weight matrix (SLM #3) for up to
28 28 49 = 38;416multiplications per frame. (The pattern on SLM #2 can be updated
to match a layer's shape.) Additional polarizers and the iris reduce stray light.

The rst SLM (Meadowlark, AVR Optics P1920-400-800-HDMI-T, pixel width 9.2 m)
displays an input imagex. The incident light is polarized to 45 after rotation by the half-
wave plates. A polarizing beamsplitter (PBS) rejects the unrotated polarization from the

SLM, i.e., we are using it in "amplitude mode'. We use every second pixel for the activation
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Figure 5.3: Proof-of-concept implementation of single-shot optical neural network. Col-
limated laser light is incident on a spatial light modulator (SLM #1, object plane) with
45 polarization after half-wave plate (/2). SLM #1 with polarizing beamsplitter (PBS)
encodex by pixel-wise intensity modulation. SLM #2 (Fourier plane) imparts fan-out phase
pattern. Achromatic lenses of focal length$; = 250 mm and f, = 145 mm imagex from
SLM #1 to SLM #3 for weighting ( W) and from SLM #3 to camera. Digital computer
controls the hardware, sums each block and implements nonlinearity.

66



display, turning every other pixel "0 ' such that the input pattern is e ectively multiplied

by a grating. We then block the zero order in the Fourier plane to reduce background, such
as re ection from the backplane. In subsequent layers with fewer input activations (shorter
X vector), we use every eighth pixel of the SLM to further reduce crosstalk.

The incident light on the second SLM (Hamamatsu X10468-04, pixel width 20m) is
horizontally polarized (along the extraordinary axis); this SLM is in the Fourier plane and
adds a variable phase delay to each pixel to impart a fan-out phase pattern onto the signal.
We used WGS (without camera feedback) to determine the phase patterns [85], as described
in Section 3.2.3. Each pattern only needed to be calculated once per network size, as it does
not depend on the weight or input activation values. The third SLM (also Meadowlark, AVR
Optics P1920-400-800-HDMI-T), in the image plane, is used in "amplitude mode’, similarly
to the rst SLM for element-wise multiplication of the replicated inputs by the weights.
Telescopes of achromatic lenses transmit the replicated input activations to the image planes
for 1:1 mapping from SLM #1 to SLM #3 to the camera (Thorlabs DCC3240M, pixel width
5.3 m). The lens positions along the optical axis are ne-tuned with linear stages.

As a stand-in for an analog electronic circuit, a digital electronic computer performs the
per-block summation and ReLU. The electronic computer also takes the output pixel values
that should be negatively weighted and multiplies them by 1, as the SLM can only apply
the absolute values of the weights. In practice, this negative weighting can be implemented
with an analog switch or two PDs per receiver pixel (see section 5.9.3). The layer outputs,
which are always positive because of the ReLU nonlinearity, are then fed back to SLM #1
as inputs to the next layer, and the weights are updated for the next layer of computation.
All neural network layers are thus implemented on our ONN, with the fan-out pattern on
SLM #2 held constant for a full classi cation experiment, the weights on SLM #3 updated
between layers, and the inputs on SLM #1 refreshed at every time step with each new input

image. Instrument control and image processing were performed in MATLAB.

Lens selection

SLM #1 must be perfectly pixel matched to SLM #3 as well as the camera to minimize

data transmission error and to reduce the number of calibration steps. (The di erent pixel
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size of SLM #2 is taken into account in the calculation of the phase pattern by WGS.) We
needed to select lenses and position them appropriately. Because SLMs #1 and #3 have the
same pixel dimensions, lenses land L, should have the same focal length; (see Fig. 5.3).
With a camera pixel width of 5.3 m and SLM #3 pixel width of 9.2 m, the ratio of focal
lengthsf,=f; of lenses |, and Lz should equal 5.3/9.2.

In absolute values, the focal lengths should be long enough to accommodate all the
required components, and longer focal lengths cause fewer aberrations and are easier to
align because the lens curvature is reduced. Furthermore, the focal length of ¢€hould
yield a collimated beam from one pixel in SLM #1 that covers most of the area of SLM #2
without too much clipping. On the other hand, shorter focal lengths are desirable for system
compactness. Withf; = 250 mm, chosen as a compromise length, we neled= 144 mm.

Because stock lenses do not come in this exact focal length, we combined two lenses
for L, and adjusted the positions of lenses;Land Lz with z stages to achieve the desired
pixel matching. An added advantage of combining two lenses (e.g., two achromatic doubles)
is that they tend to produce lower optical aberrations than a single lens. With lenses of
focal lengths 180 mm and 750 mm, the combined focal length, assuming ideal lenses, is
1/(1/180 mm + 1/750 mm) = 145 mm.

While compensating for incorrect focal length by tuning lens positions is not ideal because
it can result in eld curvature and increase aberrations, the o set is small enough here to
be acceptable, as we will verify later. We can use simple ABCD matrices [121] to nd the
correct positions of the lenses, or ray-tracing software like Zemax, which also allows us to
verify the sensitivity to alignment, the ordering of lenses within L and that rays will be
contained within a superpixel, despite aberrations, across the whole eld of view. For this
experiment, with simple cemented achromatic doublets (Thorlabs ACT508-250-A, AC508-
180-A, and ACT508-750-A), all the simulated rays in Zemax were within the Airy disk,

which was smaller than the size of a superpixel (2 camera pixels).
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5.3 System calibration

53.1 SLM

The LCoS SLM calibrations from the manufacturers are set to map the input values of
0 to 255 linearly to a 0 to 2 phase shift for normally incident 532 nm light. Since we
use the SLMs from Meadowlark (i.e., SLMs #1 and #3) to modulate amplitude and not
phase, we needed to recalibrate (Fig. 5.4). Our SLM model has 2048 voltage settings that
produce>2 phase modulation. In the calibration step, we displayed a uniform array for
each voltage value and averaged the output intensities received on the camera. We then t
the inputs versus averaged outputs with a 9th-order polynomial. We used this t to replace
the manufacturer lookup table for the SLM. The input activation values and weights are
then restricted to 7 bits of precision since the values of interest are con ned to a small

region of voltages (depicted by green arrows in Fig. @}

Figure 5.4: SLM #1 calibration. SLM #1 displays values of 0 to 255 with SLMs #2 and
#3 set to maximum transmission. These plots show averaged camera outpuds before
calibration with tted region indicated by green dashed lines containing the minimum and
maximum outputs and b, after calibration. The SLM values can only be programmed to
integers from 0 to 255, but there are 2048 voltage values available through the custom lookup
table during calibration.

Because a wide region of SLM #3 is illuminated, local non-uniformities cause di erent
blocks (subimages) to require slightly di erent calibrations to achieve a linear weight display
(Fig. 5.5). Therefore, we calculated a re ned t per subimage for SLM #3, where we once

again displayed a uniform array at each frame, but here, stepped through the display values
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from the global lookup table that we determined in the previous step. We then tted 8th-
order polynomials to the displayed values versus averaged outputs per subimage and adjusted

the displayed weight values accordingly in the experiments (Figs. 5.6 and 5.7).

Figure 5.5: After initial calibration of lookup table, outputs averaged per subimage versus
displayed value on SLM #3, with7 7 fan-out. Ideal behavior would be a linear relationship
in each subimage.

5.3.2 Image processing

We performed simple processing of the output images from the camera. To reduce the impact
of stray light (e.g., room lights) on the system, we acquired a background with SLMs #1
and #3 set to all zeros, and subtracted this background from every output frame. We also
performed2 2 pixel binning. Furthermore, the fan-out pattern displayed on SLM #2 does
not yield subimages of equal intensities on the camera. In layer 1, we compensated local
non-uniformities by normalizing by a smoothed and background-subtracted calibration map,

which we acquired by setting all activations and weights to a constant value. We also divided

70



Figure 5.6: Same as Fig. 5.5, but where inputs to each subimage were adjusted with re ned
8th-order polynomial t from values acquired in Fig. 5.5.

Figure 5.7: All curves from @) Fig. 5.5, and () Fig. 5.6 collapsed onto the same set of axes,
normalized per subimage.
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the outputs by the mean intensity per subimage of 100 randomly selected images from the
validation set. In subsequent layers, we only divided the summed subimage outputs by the
averaged intensity of a calibration map acquired with the inputs and weights set to 255. We
had a reduced e ective number of bits for the dimmer subimages since we did not make use
of the full dynamic range of the camera. Therefore, we fanned out the inputs to an extra
row to replace the dimmest subimages and the subimage that overlaps with the zero order.
These processing steps can ultimately be eliminated in an optimized design. The back-
ground subtraction can be implemented with a bias voltage (or the computation can be
performed in a dark room). The spot uniformity could be improved by adjusting the pat-
tern on SLM #2 with a feedback algorithm [79], [85], which would eliminate the need for
normalization. Lastly, we can improve the diraction e ciency to reduce the optical power

in the zero order then, the extra fan-out images would not be required.

5.4 Deep neural networks

5.4.1 Datasets and DNN layer shapes

We experimentally veri ed the impact of single-shot analog optical data encoding, fan-out
and weighting on the classi cation accuracy of the MNIST, Fashion-MNIST and QuickDraw
datasets. We used one- and two-hidden-layer fully connected neural networks (FC-NNS)
with 7841 N(' N) ! 10 activations, whereN 2 f 25,36,49,983. (The N = 98 layers
were computed in two tiles, i.e., time steps.) For QuickDraw, a NumPy random number
generator selected 10 out of the possible 345 classes for our experiment, with 10,000 images
per class for the training set and 1,000 images per class for the validation and test sets. The

ReLU nonlinearity was implemented electronically between layers.

5.4.2 DNN training

We trained the FC-NNs on a standard digital electronic computer using only FC layers and
standard layers commonly used to reduce over tting, namely Gaussian noise and dropout.

We used the PyTorch library in Python to train on 50,000 training images for the MNIST and
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Fashion-MNIST datasets, and 100,000 images for QuickDraw. 10,000 di erent images were
reserved for validation sets to ne-tune the network hyperparameters and optical setup. Each
dataset was normalized by its standard deviation, and L2 regularization with L2 = 0.0001
and 10% dropout were applied to each layer. Gaussian noise was also added to each activation
value at every layer for "noise-aware training'. The standard deviation of the noise was set to
0:25 (except for the 2-hidden-layer, 98-activation-per-layer network, where our inference
noise model indicated that0:35 would better maintain accuracy), where is the standard
deviation of an activation value across a batch. The activation function on the nal layer
was softmax. The Adam optimizer minimized the categorical cross-entropy loss function for
up to 200 epochs with a batch size of 100 and learning rate of 0.001. The exact number of

epochs was selected as the number that gave the highest validation accuracy during training.

5.4.3 Weight ne-tuning

We used the weights trained as described in the previous section to perform inference on
our optical system, without modi cation and without changing our optical setup beyond the
calibration detailed above. This direct use of the weights (which we call the "basic' con gu-
ration) came at the cost of a small decrease in accuracy see below. We also investigated
iterative weight ne-tuning (similar to Ref. [66]) to help bridge this gap between the accuracy
of the optical hardware and digital electronics. To do so, we loaded the pre-trained weights
of the rst layer onto SLM #3 and transmitted the training and validation sets through the
optical setup. We then ne-tuned the weights of the subsequent layers using the pre-trained
weights as a starting point, by training for a few additional epochs (up to 10, where the exact
number was determined using the validation set). In the three-layer case, we then loaded
the updated weights of the second layer onto SLM #3 and performed the second layer of

inference, before nally repeating the ne-tuning process for the last layer.

5.5 System characterization

The optical system is subject to several sources of noise that decrease its data transmission

and computing accuracy, including:
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Crosstalk between neighboring pixels on the weighting SLM and camera from imperfect

imaging optics and fan-out;

Stray light on the detector from re ections from the optical components (lenses, wave

plates, beamsplitters and backplanes of the SLMs);

Limited SLM precision ( 7 bits) since we use a constrained set of phases for amplitude

modulation;

Limited camera precision in certain dimmer subimages 6 bits) due to the combina-
tion of the camera's 8-bit depth and overall dynamic range, i.e., requirement to not

saturate the camera for brighter subimages;
Camera noise, i.e., read and thermal noise;
SLM icker noise;

Laser noise, e.g., shot noise.

To evaluate the impact of these noise sources, we characterized the overall accuracy of
received versus transmitted data in our system. Figure 5.8 shows histograms of measured
intensities | versus transmitted inputs x, weights W and element-wise productsV x for
the MNIST classi cation task using the FC-NN with 784! 49! 10 activations (without
weight ne-tuning). To evaluate | (x), we displayed a di erent test image at each time step
for 100 steps on SLM #1, fanned out 49 with SLM #2, set all SLM #3 pixels to a constant,
uniform value, and recorded the outputs. Similarly, to measure(W), we displayed the layer
weights on SLM #3 and set all SLM #1 input pixels to a constant, uniform value. For
I (W x), SLM #1 encoded 100 MNIST test images while SLM #3 displayed the full weight
matrix. The distribution of outputs | (W x) versus ground-truth valueswW x for layer 1
broadens further from zero, but most value®V x are small, with 97% of the total counts
in the rangeW x 2 [ 0:15;0:15] (center three columns). The distributions for layer 2 are
narrower than those for layer 1 due to increased pixel spacing made possible by fewer input

activations, which lowers crosstalk.
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Figure 5.8: With 49 fan-out, histograms of received intensities (normalized) versus
ground-truth values over all pixels for activationsx, weights W and element-wise prod-
ucts W x from 100 random MNIST test images with an FC-NN with784! 49! 10
activations. Each column normalized by the sum of the column (with sums shown in 1D
histograms). Full weight matrix displayed and held constant on SLM #3. Fan-out phase
pattern on SLM #2 also constant for the duration of the experiment.
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Figure 5.9: a, Without fan-out (one data point displayed at a time), histograms of received
intensities| (normalized) versus ground-truth values for activation in 100 random MNIST
test images, weightsW from the rst layer of an FC-NN with 784! 49! 10 activations
and corresponding element-wise productd/ x for a random MNIST test image. Data in

I (W x) renormalized twice during long acquisition to account for potential long-term laser
intensity uctuations. Each column normalized by the sum of the column (with sums shown
in 1D histograms). This single-pixel con guration was used only for characterizatiorb, For
comparison,l (W x) of same MNIST image with49 fan-out (one-shot weighting).

We also characterized transmission and weighting of one data point at a time (no fan-out)
through the full setup to determine the accuracy without crosstalk and with reduced stray
light in the system (fewer illuminated pixels). For this measurement, we used a single pixel
on SLM #1, set SLM #2 to "all on', and set SLM #3 to a single weight value per time
step. Figure 5.9 shows histograms of received intensities in one camera superpixel versus
transmitted values. Errors here are due to laser and camera noise, limited precision of the
optoelectronic components and SLM ickering. The overall errors are greatly reduced with
respect to Fig. 5.8, suggesting that crosstalk and stray light are the most important sources
of error in the system. The relative impact on DNN classi cation accuracy will be discussed

in Section 5.6.1 below.

5.6 DNN accuracy

We performed inference using the datasets and training methods described in Section 5.4. We

calculated the ground-truth accuracies on a digital electronic computer with full precision,
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multiplying the pre-trained weight matrices with the input activation vectors of each layer.
The ReLU nonlinearity was applied at each layer's output (except the nal layer). No noise

was added to the ground-truth inference computation.

5.6.1 Simulation

Figure 5.10: Simulated classi cation accuracies of 10,000 previously unseen MNIST test
images with added noise in networks of shagg 784! N ! 10andb,784! N! N ! 10
where N is the number of activations per hidden layer (on the horizontal axis). Gaussian
noise replicating our characterization data with full fan-out (38,416-pixel noise) and without
fan-out (1 pixel noise) was included in each element-wise product in inference on a digital
electronic computer.

Before examining our experimental results, here we describe simulations on a standard
digital electronic computer of MNIST inference accuracy in the presence of noise. Each
element-wise product in the inference calculation was multiplied by and summed with random
Gaussian noise. The Gaussian distributions were centered at zero, with standard deviations
determined from the characterization data in the previous section. We used the acquired
element-wise products (W x), which we rst normalized to minimize the error with respect
to the ground truth element-wise productsW x. (A scaling factor does not a ect the
classi cation accuracy in our setup since the inference calculation is simply a series of matrix
products and ReLU nonlinearities.) Then, we plotted histograms of the element-wise error,

W x (W x), across di erent bins of ground-truth products (can be thought of as 1D
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cross-sections of Fig. 58b). Fitting a Gaussian to each histogram, we could estimate the
standard deviation of the error as a function of the ground-truth element-wise product value.
We could then generate noise with the same statistical properties in our digital electronic
model.

In Fig. 5.10, we report the simulated MNIST classi cation accuracies of FC-NNs of
varying shapes and with di erent noise characteristics. First, we used the noise statistics
from the complete single-shot optical system, with 38,416 multiplications per time step. For
comparison, we also simulated the classi cation accuracy with the statistics from the single-
pixel-per-time-step transmission (greatly reduced stray light and crosstalk). In this latter

case, we found near-equivalent accuracy to the digital electronic ground truth.

5.6.2 Experiment

Figure 5.11: Experimentally obtained classi cation accuracies of 10,000 previously unseen
MNIST test images with networks of shapea, 784! N ! 10andb, 784! N ! N ! 10
whereN is the number of activations per hidden layer (horizontal axis). Inference on optical
setup using unaltered pre-trained weights (basic), ne-tuned weights based on hardware
outputs ( ne-tuned), and all-electronic inference (ground-truth).

Figure 5.11 reports our optical system's classi cation accuracies of the MNIST hand-
written digit dataset with FC-NNs of varied shapes and depths. All MNIST classi cations
were within 1.8% of the ground truth accuracy. Weight ne-tuning reduced this error to

0.4 1.1%. Table 5.1 shows a subset of the data from Fig. 5.11, as well as our classi cation
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Figure 5.12: Example confusion matrices for classication of 10,000 previously unseen
MNIST test images with an FC-NN with 784! 49! 49! 10 activations using: a,
our optical system (96.7% accuracy)p, our optical system with ne-tuned weights (97.3%
accuracy) andc, a standard digital electronic computer (97.9% accuracy).
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Table 5.1: Selected single-shot optical neural network accuracies versus
ground truth

# hidden # acts. per ONN accuracy Ground-truth
Dataset

layers hidden layer Basic Fine-tuned accuracy
MNIST 1 36 95.6 96.3 97.3
MNIST 2 49 96.7 97.3 97.9
MNIST 2 o8t 96.8 97.8 98.2
Fashion-MNIST 2 36 83.3 85.7 87.1
QuickDraw? 2 36 79.0 80.5 82.6

! Each layer computed in two shots (tiles).
210 classes selected at random by NumPy's random number generator.

results of the more challenging Fashion-MNIST and QuickDraw datasets with a moderately
sized network. With our largest single-shot-per-layer network, a two-hidden-layer FC-NN
with 784! 49! 49! 10 activations, we obtained a 96.7% inference accuracy on 10,000
previously unseen MNIST test images without ne-tuning or retraining, compared with the
ground-truth (all-electronic) accuracy of 97.9%. With ne-tuning, we were able to boost our
classi cation accuracy to 97.3% for the same DNN shape. Figure 5.12 shows the associated
confusion matrices for this network, where our optical hardware's classi cation error was
close to the ground truth for all digits (within 2.1% except for the digit 7', which was often
mistaken for a "2' or "3'). To show the potential performance of the hardware with larger
networks, we also included a classi cation with 98 activations per hidden layer, where we
calculated each layer in two shots (i.e., tiles). The accuracy of our network was even higher
at 96.8% accuracy without ne-tuning or retraining and 97.8% accuracy with ne-tuning,

compared with a 98.2% ground truth.

Repeatability

With random noise uctuations between trials, there is some variability in the accuracy of
our system. To test the repeatability of our experiments, we classi ed the rst 1,000 MNIST
test images with networks of two di erent sizes ten times in a row (see Fig. 5.13). The

accuracy varies by up to 0.5% for the larger network we tested and 0.7% for the smaller
network.
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Figure 5.13: Repeatability experiment showing classi cation accuracies of the rst 1,000
previously unseen MNIST test images (initially shu ed). Di erent trials use the same inputs
and weights. Two networks were tested784! 49! 49! 10and 784! 36! 10.

5.7 Optical limit to throughput

Next, we investigated the optical limit to throughput of our system. The clock rate is
fundamentally limited by source bandwidth, where a broader laser spectrum can produce
shorter pulses. But a wide spectrum yields blurred outputs: by the spatial Fourier transform
relationship between the Fourier and image planes, the distance between the center of each
replicated input pattern and the optical axis is linear in wavelength (see below). Therefore,
the classi cation error increases with bandwidth. We measured this error by repeating
the MNIST classi cation experiment with two hidden layers of 25 activations each with a
supercontinuum source (SuperK EXW-12 from NKT with a VARIA tunable lter) in the
place of the CW laser. We classi ed 1,000 randomly selected images from the test set at
di erent source spectral widths (2 : twice the RMS width of the spectrum, i.e., twice the

standard deviation, to account for the spectrum's irregular shape).
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5.7.1 Error model: accuracy vs. optical bandwidth

In this section, we model classi cation accuracy as a function of optical source bandwidth.
We rst investigate the wavelength dependence of the outputs.

The height and width of each individual input replica stays constant with wavelength
since SLM #1 is imaged to the camera, and any chromatic aberration would cause slight
blurring from a shift in the position of the focal plane rather than a change in magni cation.
There will also be a small change in contrast for SLMs #1 and #3 since the calibration
performed at o = 532 nm will deviate a little bit from the desired linear relationship. For
SLM #2, in phase mode, there is a slight loss of phase contrast for wavelengths not equal to
532 nm as well. The main source of error, however, arises because the fan-out spot pattern
on the camera,P(ry), is the spatial Fourier transform of the pattern on SLM #2, P(rg),
with an argument ofrq =2 rg=( f,). Therefore, at di erent wavelengths, though the

spatial Fourier transform function remains the same, the argument changes:

raC )=( o=) ra( o): (5.1)

The distance between the zero order and each di racted spot (i.e., the center of each input
replica) thus increases linearly with wavelength under the paraxial approximation. The
overlapping, o set images spanning the full wavelength band of the source are then blurred
on the receiver.

To simulate this blurring, we rst measured the broadband spectra of our supercontin-
uum laser at di erent Iter bandwidth settings with a custom spectrometer available in our
laboratory. We also corrected these spectra to account for our system's wavelength response.
To determine the response function, we set the VARIA lter attachment on the SuperK to
the narrowest bandwidth. We then swept its center wavelength, every 10 nm from 450 nm
to 630 nm, and measured the summed intensity on the camera with SLMs #1 and #3 set to
a uniform display. (Our setup has low transmission for wavelengths460 nm or>560 nm,
primarily due to the dielectric mirror of SLM #2.) We performed a similar measurement
with the supercontinuum laser connected directly to the spectrometer, where we measured

and integrated the lItered spectra at the narrowest bandwidth setting for di erent center
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wavelengths. We then estimated our system's wavelength response as the summed camera
intensity per wavelength divided by the spectrometer's summed intensity per center wave-
length. We could then correct the broadband spectra measured on the spectrometer through
multiplication by this response function (interpolated to cover the full wavelength band).

For each sampled wavelength in a corrected spectrum (every 0.7 nm), we calculated
the expected locations of the input replicas from a linear change in magni cation (of o)
of the original spot pattern P(rq( o)). We then set the intensity of all input replicas for
the wavelength to the intensity of the optical spectrum at . The sum of the predicted
replicated inputs over the entire spectrum then produces the simulated blurred images, which
we used as inputs to our two-hidden-layer DNN in inference on a digital electronic computer.
The inputs to every layer were blurred following the same procedure. We also calculated
the blurring and accuracy degradation from Gaussian spectra to model broader bandwidths

(which our experiment did not support due to the dielectric mirror of SLM #2).

5.7.2 Experiment to determine maximum optical bandwidth

We ran the classi cation experiment with a network of sizer84! 25! 25! 10o0n our
optical setup, with results shown in Fig. 5.14. The measured experimental error is,, and
the simulated error is 4, with our corrected supercontinuum spectra andg,yss With broader
ideal Gaussians. Due to noise in the optical setup, for a given spectrurgg, > sim, but ey
follows a similar trend to gayss (shifted to lower 2 ). ¢, doubles from 5.4% with the CW
diode to 11% at 2 = 21 nm, which we de ne as the widest acceptable source bandwidth
for preserved accuracy. The Fourier transform of the corresponding source spectrum yields
a pulse of full width at half maximum 0.02 ps. Therefore, given a transform-limited source
in an optimized implementation, the maximum throughput in the rst layer is the number
of multiply-accumulate operations (19,600) divided by the minimum pulse length, which
yields 0.9 exaMAC/s. However, a complete, practical system will be limited by modulator,

detector and readout speeds, as we describe in greater depth in the next section.
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Figure 5.14: Experiment to determine maximum optical throughput of single-shot ONN:
MNIST classi cation with 784! 25! 251 10 FC-NN using ltered supercontinuum
laser as source in setup shown in Fig. 5.&, Laser spectra.b-d, Example blurred images
from source spectral widths of 37 nm, 21 nm and 5.4 nm. Left images acquired on camera;
right images simulated from corrected supercontinuum spectra. Element [4,3] overlaps with
zero order from SLM #2 and is cut from the images and replaced with element [6,4] in
DNN experiments. e, Classi cation error of 1,000 previously unseen MNIST test images
versus source spectral width (2 RMS width, i.e., 2 ) measured experimentally (¢xp) and
simulated from supercontinuum (sin) and Gaussian (gauss) Spectra; ground truth error
without blurring for reference (igear). Arrows indicate results from spectra shown in purple
(2 =37nm, 21 nm and 5.4 nm).
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5.8 Performance of a near-term optimized system

Figure 5.15: Path of one input activation through the single-shot ONN in an optimized setup.
VCSEL or LED converts signal from electronic to optical domain (EO conversion). Opti-
cal copy is a recon gurable di ractive optical element. Each photodetector (PD) includes a
weighting element and is electrically connected t other PDs for analog electronic summa-
tion. Transimpedance ampli er (TIA) reads out the analog output signal from each block,
which the DAC then converts to the digital domain. Nonlinearity is a simple comparator.
Each of the K input activations goes through these processing steps simultaneously such
that after one pass, the matrix-vector product is complete.

Our proof-of-concept experiment demonstrates accuracy and scaling and is not optimized
for speed or energy consumption, as would be the case with custom transmitter and receiver
arrays. Because of the input SLM and the readout camera, our system operates on the order
of 10 Hz (the fan-out and weighting SLMs can remain static and are not restrictive, since the
weighting SLM is updated just between layers and the fan-out SLM pattern is only changed
when the model shape changes). The components in our experiment have a correspondingly
high energy consumption (each <10 W).

In the next iteration of the system, the aim should be to demonstrate high throughput
and low energy consumption. In this section, we estimate the e ciency metrics for an
optimized near-term, CMOS-compatible system, where an input activation follows the path
shown in Fig. 5.15. This system includes digital-to-analog converters (DAC), a high-speed
source array withK elements, LCoS SLMs for fan-out and weighting, PDs for optical-to-
electrical (OE) conversion, analog electronic summation, and for each block, ampli cation
by a transimpedance ampli er (TIA), analog-to-digital conversion (ADC) and a nonlinearity

(NL). We assume a matrix size of 1 million elementd\( = K = 1,000), as described below,
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since megapixel cameras and SLMs are readily available.

5.8.1 Maximum DNN layer size

The number of pixels in the weighting SLM and camera limit the maximum weight matrix
size N K) that can be applied in one pass through our system. The number of pixels
in the fan-out SLM (DOE) in the Fourier plane dictates the number of spots that can be
generated in the image plane, which in turn, sets the maximum output vector lengtN .

In Ref. [85], with a 1.3-megapixel SLM, 1500 uniform spots were experimentally generated
(which translates toN = 1500 in our scheme).

Considering these constraints, with our megapixel spatial light modulators, our setup
can theoretically perform million-element matrix-vector multiplication, with N = K = 1000.
Our system should therefore be able to accommodate some of the largest DNN layer sizes
currently in use, such as those found in Transformers [8]. In other DNN accelerators that
have limited scalability, matrices must be fetched from memory over multiple time steps,

subjecting them to the same "memory wall' that currently bottlenecks digital electronics.

5.8.2 Latency and throughput

The optimized single-shot ONN's latency is de ned by the sum of the latencies of each of
the components encountered by one input activation. The DAC, light source, TIA and ADC
take 1 ns each (a standard computer clock operates atGHz). In terms of the nonlinearity,
Ref. [122] demonstrates an optical ReLU function that operates in sub-ps time scales and
also surveys digital electronic, analog electronic and optoelectronic implementations of ReLU
with latencies ns. With a photon time of ight of <10 ns, the system thus operates with
a latency on the order of 10 ns for a full matrix-vector computation, independent of vector
length (as long as the weight matrix ts onto the hardware). In weight-stationary digital
electronics (e.g., systolic arrays like Google's TPU [46]), on the other hand, where inputs are
message-passed across the weight matrix due to wiring constraints, the latency is at léast

K clock cycles foran K)-sized MVM. Similarly, in output-stationary architectures [30],

[34], [80], latency scales withK , as the inputs are streamed in over time. IK = N = 1000,
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our proposed near-term optical processor then outperforms these architectures by two orders
of magnitude.

In throughput, because operations are pipelined to comput&®® MACs every 1 ns
(assuming 100% utilization), the system can compute 10> MAC/s a throughput on
the order of petaMAC/s. Emerging high-speed photodetectors [88], [89] and modulators,
e.g., plasmonic electro-optic modulators [123], slow-light silicon modulators [124] or thin-
Im lithium niobate [125], could potentially achieve even higher throughput in the future.
These estimates are summarized in Table 5.2.

Table 5.2: Latency and throughput scaling of di erent architectures for
computation of one DNN layer

Data ow Latency % (ns) Throughput *°
Weight-stationary (near-term) ! 10 N K=1ns! petaMAC/s
Weight-stationary (physical limit) 2 10 19,600/.02 ps! exaMAC/s
Systolic array (e.g., TPU[46])) N+ K ! 2000 N K=1ns! petaMAC/s
Output-stationary (e.g., [34]) K ! 1,000 N K=1lns! petaMAC/s

1 Our proposed near-term optimized single-shot ONN (CMOS-compatible).

2 From our maximum throughput measurements.

3 In practice, N = K =256 (throughput 100 teraMAC/s) in the TPU due to wiring
and utilization constraints [46].

4 Assuming N = K = 1000 and 100% utilization.

5.8.3 Energy consumption

In energy consumption, digital electronic DNN accelerators are limited primarily by data
movement to 0.1-1 pJ/MAC [46], [98], depending on the implementation, process technol-
ogy and workload. This energy value includes peripheral logic and memory access, as well
as 25 fJ for the MAC operation alone (from Ref. [108], scaled to a 7 nm node [107]).

The energy of our single-shot ONN, on the other hand, can be on the order af0 fJ/MAC.
The energy consumption for a complete matrix-vector multiplication that comprisesl K
MACs is the sum of the DAC, SLM, TIA, ADC and nonlinearity energies, plus the photon

energy required to discriminate 256 levels on the TIA:

Etota = N 1 2 t+ K Epac +2 Esim + N (Etia + Eanc + Enc)  (56.2)

s d PD

where ¢ 10% is the source wall-plug e ciency [73], [126],4 80% is the optical e ciency
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of the DOE, pp 0.2 A/W is the PD responsivity [90], n, = 8 bits, 1 Aisthe TIA
sensitivity at 1 GHz [91],t = 1 ns is the integration time, i.e., computer clock cycle timek g v
is the energy consumed by the SLM in one clock cycle 10 nJ) and each of the remaining
component energies (TIA [91], ADC [127], [128], DAC [128], [129], NL [122]) are 1 pJ per
operation or less. The optical e ciency of the DOE, 4, depends rst on the light utilization
and di raction e ciency of the SLM (both  95% in commercial LCoS SLMs such as our
Hamamatsu X10468). Second, it is also determined by the fraction of optical energy in the
desired spots generated by the fan-out pattern (de ned by the Fourier transform relation),
which can be >90% for 100-1000 fan-out [85], [130]. The product of these two factors
yields >80%. ForN = K = 1000, the energy per MAC Eww =(N K)) is therefore on the
order of 10 fJ/MAC. These parameters and calculations are summarized in Table 5.3.
This overall energy per MAC, including electrical-to-optical and optical-to-electrical con-
version, is 1-2 orders of magnitude lower than digital electronic accelerators. In fact, it is
similar to the cost of one digital electronic MAC, before even considering the expensive data

movement in digital electronic accelerators.

88



68

Table 5.3: Parameters in energy calculation

Symbol Parameter Valu€’ Fan-out Energy/MAC #
s Laser wall-plug e ciency 10% [73], [126]
d Optical e ciency of DOE >80% [85], [130]
PD PD responsivity 0.2 A/W [90]
Np E ective number of bits 8
TIA sensitivity 1 A[9]1]
t Clock cycle time 1ns
Epac Energy per DAC conversion 1 pJ [129],[128] N 1pJ/N! 1fJMAC
Esim Energy of LCoS SLM <10W)t N K <10nJ/(N K)! <10fIJMAC
E optical Optical energy per block! - dl — 2" t 10pJ K 10 pJ/K ! 10 fI/IMAC
Eria Energy of TIA 1 pJd [91] K 1pJK! 1fIMAC
Eapc Energy per ADC conversion 2 pJ [127], [128] K 2pJK! 2fIMAC
Ene Energy of nonlinearity <1 pJ[122] K <1pJK! <1fIJMAC
Etotal Energy of full system 10 fI/IMAC

1 Optical energy for 2"e distinguishable levels by the TIA.
2 Demonstrated in the literature.

3 DAC within ADC.

4 Assuming N = K =1000.



Table 5.4: Projected chip area

Element Area (mm?)  Number of elements  Total area (mnr)
Weighting elementt 1:4 10 ° [131] 1P 14
TIA 0:0022[91] 10° 2.2
ADC 0.0016 [132] 10° 1.6
NL 0.001 [133] 10° 1
DAC <0.0016 [132 10° <16
VCSEL .01 [134} 10° 10
Area of full system 30

LIncludes PD (e.g., PDs in Refs. [54], [88]), since weighting element is placed on
top of each PD.

2 DAC within ADC.

3 Aperture of 6 m, pitch of 100 m in demonstrated array.

5.8.4 Chip area

In terms of footprint, with bulk optics, the single-shot ONN consumes more overall volume
than digital electronic accelerators, but as discussed for the DONN, this volume does not
contribute to fabrication cost and can be used for air cooling between racks. The system can
also be condensed with shorter-focal-length, aberration-corrected lenses.

The total chip area of the optimized system is calculated in Table 5.4. The component
areas have been demonstrated experimentally in the literature, in CMOS technology nodes
larger than the state of the art therefore, the TIA, ADC, NL, DAC and VCSEL areas could
likely be further miniaturized. The weighting elements are limited not only by the liquid
crystal cell size, but also by optical spot size. The di raction limit is sub-m for green light, so
a pixel size of a few m can maintain low crosstalk in a real system that includes imperfections
(i.e., aberrations and misalignment). The weighting elements consume the most area in
this projected system, whose total area of 30 mn? is similar to the area consumed by
1000 1000 electronic MAC units without peripheral logic: in a digital electronic weight-
stationary array, each MAC unit has an area of (5-8 m)? (8-bit multiplier [109], [110], [112]

scaled to a 7 nm node [107]), for a total million-element area of 25-64 rm

5.9 Discussion

We introduced a scalable optical neural network that can compute DNN layer outputs in a

single shot. In our proof-of-concept experiment, we demonstrated low loss of classi cation
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accuracy in inference on the MNIST, Fashion-MNIST and QuickDraw datasets with analog
optical data encoding, fan-out and weighting in all layers of FC-NNs of varied sizes. We
used standard DNN models, without having to rely on all-digital output layers in inference
or physical hardware models in training to achieve high accuracy. We also used a Itered
supercontinuum source to nd that a minimum pulse duration of 0.02 ps maintains the
MNIST classi cation error within a factor of two (using a 2-hidden-layer FC-NN with 25
activations per hidden layer) yielding a near-exascale throughput limit. We also esti-
mated the practical limitations of a near-term system with the same architecture, but using
optimized transmitter and receiver chips. We calculated its latency, throughput, energy con-
sumption and chip area. Below, we describe paths forward for the next generation of optical

experiments, including potential increases in accuracy and DNN layer size.

5.9.1 Improving accuracy

To improve accuracy in our experimental demonstration, we can reduce stray light and
crosstalk in the system. As we saw in our measurements and simulations (Sections 5.5 and
5.6.1, Figs. 5.8, 5.9 and 5.10), they are the main drivers of error in DNN inference: we
measured the amount of noise present when transmitting a single data point per time step
through our optical setup, and when we injected this noise into MNIST classi cation simula-
tions, we showed near-equivalent accuracies to the noiseless ground truth. These simulations
indicate that once we reduce crosstalk and spurious re ections, we will signi cantly boost in-
ference accuracy. Some paths toward this goal are to use higher ll-factor SLMs with reduced
re ections from their backplanes (e.g., with a dielectric mirror), aberration-corrected lenses
that can focus spots more tightly in the image planes to lower crosstalk (see, for example,
the Supplement of our theory paper [34]), and better optical coatings which can decrease
unwanted interference fringes.

Aided by these modi cations, our system will be able to process wider DNN layers,
up to approximately N = K = 1000, limited by the number of pixels in the camera and
SLMs. In our experimental demonstration, we found the current maximum layer size to be
restricted by signal-to-noise ratio (noise as discussed above and insu cient laser power). Our

higher-accuracy results with the two-tile, 98-activation-per-hidden-layer networks point to
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the possibility of accuracy improvements with larger networks. We can also add biases and
use deeper DNNSs, i.e., a greater number of hidden layers, to continue to lower classi cation
error. Additionally, to preserve accuracy for broader source spectra, we could modify our

DNN model with simulated blurred images as inputs during the training phase.

5.9.2 Further performance improvements

To further reduce energy consumption of the single-shot ONN beyond the proposed opti-
mized setup, the fan-out and weighting LCoS SLMs could be replaced with emerging SLM
schemes [79] or, as the DOE and weights are only updated when the model changes, with
elements that have zero static power consumption, e.g., with an array of optical phase change
material cells [135] [137], a xed phase mask or MEMS modulators [138]. With an increase
in source and detector e ciencies [54], the overall energy consumption could then reach the
single-femtojoule-per-MAC regime. DAC and ADC costs can also be eliminated with analog
nonlinearities [49], [122], as analog output activations from one layer can be directly used
as inputs to the next layer. The inputs to the rst layer may also be in the analog domain,
e.g., as they are read out from a sensor.

As networks are becoming steadily larger (e.g., GPT-3, with fully connected layers with
input vectors up to a length of 10,000 elements [16]), the system may need to be further
scaled up beyondK  1000. One way to increase the number of matrix elements and outputs
is to use SLMs with more pixels, such as the commercially available 10-megapixel SLM in
Ref. [131]. Another option could be to use multiple SLMs and combine their outputs with
a series of beamsplitters. Lastly, at the cost of decreasing energy e ciency and increasing
latency, the inputs can be tiled and the weights updated over di erent time steps with a
small local electronic memory at each weight pixel. In state-of-the-art nodes, an SRAM cell's
area is 0.021m? [139]. Therefore, 80 digital values of 8 bits each can t into a CMOS
chip area of (3.74 m)2, which is the area of an LC pixel in high-resolution SLMs [131]. This
trade-o space can be evaluated and optimized in future work, e.g., using the mapping tool

Timeloop [36].
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5.9.3 Negative weights

A number of solutions can implement negative weighting. For example, all the PDs in a
block can be connected by two wires instead of one; charge from the negatively weighted
pixels would be directed into the second wire with an analog switch. The output from the
‘negative' wire can then be subtracted from the output of the “positive’ wire. Because this
subtraction only occurs once per block, its cost is amortized by a factor Kf and is therefore
small with respect to the other costs of the system. Another possibility for negative weighting
is to use two PDs per receiver pixel, where one PD pushes charge into the block's wire in
the case of a positive weight, and another pulls charge in the case of a negative weight. The
weight value of the unused photodetector is set to maximum extinction. Lastly, the weights

can be shifted to all positive values, as described by Wang et al. [61].

5.9.4 Potential extension to convolutional layers

As discussed in Chapter 2, convolutional layers can be used in DNNs alongside MVM, espe-
cially in image and video processing. While convolutions can be recast as matrix multipli-
cations, we could instead implement them directly onto our hardware, and thus, avoid the
costs of conversion and data-redundancy-related ine ciencies.

In our MVM scheme, the DOE in the Fourier plane displays a fan-out phase pattern that
yields a spot array in the image plane (the plane of the weight mask and camera). TNe
generated spots are spaced by the width of one input image, such that the replicated images
do not overlap. Each replicated image pixel can then be individually weighted by the weight
mask. For convolution, the phase pattern can be modi ed such that the spot distance in
the image plane is equal to the pixel width, and each spot intensity is equal to a value in
the convolutional kernel. Then, each replicated image in the image plane is weighted by the
value of the convolutional kernel pixel, and detectors passively sum the overlapping images,
achieving the desired convolution. The inputs should not be mutually coherent to average
out any interference e ect in the summation. The weights are restricted to positive values

in this case.
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5.9.5 Investigation into di erent 3D ONN architectures

The weight-stationary architecture of the single-shot ONN is by no means the only possi-
bility for an analog ONN a system's architecture can be optimized to best suit a given
application. For example, we described an analog, output-stationary 3D ONN in our the-
ory paper led by R. Hamerly [34] (the "HD-ONN', which relies on homodyne detection
to perform MACs) and demonstrated small-scale output-stationary ONNs in works led by
A. Sludds [140] and Z. Chen [80]. Our preliminary e orts towards a larger-scale HD-ONN
experiment are reported in the Appendix. These output-stationary ONNs accumulate partial
products over time, utilizing temporal rather than spatial multiplexing in the K dimension
(like the DONN, but in the analog domain). Therefore, fewer transmitters and receivers are
required compared with the single-shot ONN to process an MVM of equal size, presenting
a path to further increase scaling. Future work could explore the trade-o space of lower

component area at the cost of higher latency.

5.10 Conclusion

In in this chapter, | presented a single-shot-per-layer inference machine and demonstrated
low loss of classi cation accuracy with analog, recon gurable optical matrix-vector multi-
plication. Our plug-and-play hardware can be used with standard networks without data
preprocessing or retraining, which, coupled to its CMOS manufacturability, makes it a vi-
able, near-term candidate to overcome the latency and energy bottlenecks of state-of-the-art

electronics, at scale.
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Chapter 6

Summary and Outlook

This thesis has explored the potential of optical neural networks (ONNSs) to overcome the
limitations of digital electronics in deep learning. Our work was motivated by the need
for e cient data transfer and parallel processing in DNNs, for which optics is inherently
well-adapted. The focus of this thesis was on novel feasibility experiments of ONNs at a
larger scale and with higher accuracy than had previously been demonstrated. This chapter

summarizes our results and proposes related future research directions.

6.1 Overview of contributions
The major contributions of this work are as follows:

" Digital Optical Neural Network (DONN): We described and experimentally validated
digital optical data transfer and copying tailored to DNNs. The aim of this project
was to open a potential avenue toward addressing the scalability challenges inherent in
digital electronic interconnects. In the DONN, optical elements transmit and replicate
binary on/o optical pulses of input activations and weights to an array of electronic
multipliers. In our experimental demonstration with xed 1D fan-out by a cylindri-
cal lens, we found these added optical components to have minimal impact on DNN
accuracy. Our analysis showed that this con guration of optical interconnects is not

energetically favorable over digital electronics for a tightly packed multiplier array.
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However, thanks to its length-independent data routing, the DONN can provide an
advantage in multi-chiplet or multi-chip modules that are common when scaling dig-
ital electronic hardware. As such, the DONN can allow more freedom to designers
of digital electronic accelerators by permitting memory or processing elements to be

arbitrarily spatially located for scale-up or scale-out.

Single-shot optical neural network: Building on the DONN, the main project of this
thesis was the single-shot ONN. This weight-stationary architecture is highly suitable
for applications that require minimal latency, especially when the inputs to be classi-
ed start out in the analog optical domain (e.g., machine vision, astrophysics, etc.).
Similarly to the DONN, the single-shot ONN performs data transmission and repli-
cation optically. But where the DONN only uses optics for digital communication,
the single-shot ONN also weights the inputs with analog optoelectronic components.
We experimentally demonstrated recon gurable 2D multicast and weighting in a sys-
tem that could process DNN inference layers in one shot. We showed reliable DNN
classi cation with standard layers and without prior knowledge of the hardware. This
work illustrates the single-shot ONN's potential for accurate DNN computation that
can be tailored to a particular DNN shape. Alongside our calculations of possible 1-2
orders of magnitude improvements in latency and energy consumption over a digital
electronic systolic array, these results highlight the feasibility of a paradigm shift from

all-electronic accelerators to high-e ciency optoelectronic DNN processors.

6.2 Future Research Directions

The ndings reported in this thesis suggest a number of directions for future research, in-

cluding:

" Closely integrating optical and electronic components for full-system demonstrations

of high-e cieny ONNSs;

" Reduction of crosstalk to improve accuracy and scale up DNN model size in ONN

experiments;
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A

Extensions such as exploiting DNN model sparsity and spectral multiplexing in ONNs

to further increase scaling;
~ Acceleration of training as well as inference.

Integration of optics with electronics: The development of optimized hybrid systems
with optical and electronic components is necessary for high-e ciency demonstrations of both
the DONN and the single-shot ONN. Speci cally, this integration involves the fabrication
of high-speed transmitter and receiver arrays to improve the overall performance metrics of
our ONNSs, patrticularly in terms of speed and power consumption. An important note that
is key to the practical application of the systems is ensuring their CMOS manufacturability.

Crosstalk reduction (improving accuracy): The reduction of crosstalk remains a
critical challenge in our demonstrations of accuracy and reliability. Future work should
concentrate on improving the optical design to enhance the delity of data transfer, striving
to match ONN accuracy to the digital electronic ground truth. Potential paths forward would
be to investigate higher Il-factor SLMs, optimizing fan-out patterns, charge-sharing schemes
for crosstalk reduction, aberration-corrected lenses, and lower-re ection optical coatings.
These improvements are expected not only to boost accuracy on relatively simple workloads
like MNIST handwritten digit classi cation, but also to enhance the system's ability to
process wider DNN layers and deepen the network with additional hidden layers to perform
more complex tasks.

Extensions and scale-up: Future research could focus on further quantifying and
optimizing the energy, latency and throughput bene ts of ONNs, especially in the case of
<100% utilization, using specialized mapping tools. Additionally, extending the single-shot
ONN system to directly compute convolutional layers, rather than recasting them as matrix
multiplications, could enhance the processing e ciency of convolutional neural networks as
well. Spectral multiplexing could further increase scalability by allowing for the computation
of multiple layer or channel outputs simultaneously. Another possibility for scale-up could
be to use an analog output-stationary architecture, like the one described in the Appendix,
at the cost of increased latency. Lastly, sparsity within DNN models can be exploited to

further boost e ciency. For example, a transmitter array for the input activations would
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be well-suited to input sparsity (e.g., after ReLU in the previous layer) as sending a 0’
would not consume energy when input photons are not generated. Structured sparsity with
grouped weight removal could also reduce the required optical power if the fan-out phase
mask is recon gured appropriately.

Training: Other works (e.g., [53], [62]) have proposed the use of ONNs to accelerate
training. While training also relies on matrix multiplication and therefore could potentially
also be made more e cient with optical hardware, because of the frequent required weight

updates, the e ciency gains with respect to digital electronics need to be analyzed further.

6.3 Conclusion

The development of ONNs, as demonstrated by the DONN and the single-shot optical neu-
ral network, shows promise in addressing the scalability and e ciency challenges faced by
current DNN hardware technologies. The path forward includes re ning these optical sys-
tems though co-integration of optics and electronics, accuracy improvements, and the other
avenues toward scale-up described above. The application of ONNs may further be ex-
panded to a broader range of domains, potentially enabling complex tasks in other elds
such as non-convex optimization (e.g., Ising problems), signal processing and other machine-
learning tasks where MVM also dominates energy consumption and latency. With more
e cient processors available to computer scientists, we could see new computing possibilities

open up, facilitating the next generation of arti cial intelligence.
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Appendix A

Towards Large-Scale Demonstration of

HD-ONN

Figure A.1: Time-multiplexed homodyne optical neural network (HD-ONN).a, Homodyne
detection of incident optical elds of amplitudes x and Wy, yields the cross term W; X,
when output intensity | is subtracted from .. b, The same output can be obtained with
a single detector in two time steps, with the phase of,;xipped in the second time step.
¢, Matrix-vector multiplication: di erent spatial channels transmit each weight row, and the
elements of the input vector are fanned out and broadcast to overlap with the weights on
the PD array for passive accumulation oveBK time steps. The weights can also be fanned
out to be reused for matrix-matrix multiplication (in a 3D architecture like the DONN).

In this Appendix, | outline our work towards a large-scale demonstration of the homodyne

99



optical neural network (HD-ONN) introduced in our paper [34] led by R. Hamerly. As |
describe below, some challenges remain to achieve high-accuracy DNN classi cation results.
The HD-ONN is output-stationary and relies on optical interference to perform element-
wise products. | will rst summarize the building blocks of this scheme. In standard bal-
anced homodyne detection (Fig. Ad), coherent light beams at the input ports of a 50:50
beamsplitter with amplitudes x and Wy, interfere, and the outputs of the two PDs are
I, = Wy + x5j2 and | = 3jWi;  xij% The dierence of the photocurrents | | s
proportional to the product WX, (our desired weight-activation multiplication). Because
inputs and weights are encoded into eld amplitudes rather than intensities,xand Wy, can
take on positive or negative values.
To reduce system complexity and eliminate electronic wiring between PDs, we can achieve
balanced homodyne detection using a single PD (Fig. A). In this case, the input activation
x; and weight Wy, are transmitted twice, and a phase modulator applies a phase shift
to the second copy of x e ectively multiplying its amplitude by -1. The photocurrents
. and | are then separated in time rather than space, are read out separately and are
subsequently subtracted. A full matrix-vector product can be computed with temporal and

spatial multiplexing of these element-wise products (Fig. Ad).

Figure A.2: Implementation of HD-ONN with activation fan-out, but no weight fan-out.
Analog inputs and weights encoded into eld amplitudes of coherent light. Single-mode light
from an input activation source is collimated by a spherical lens to illuminate the full array of
PDs. An array of weight sources is imaged to the PDs (light from all sources transmitted in
parallel). A 50:50 beamsplitter (BS) allows thek-th fanned out input activation to interfere
with the k-th transmitted weight column in one time step.
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The HD-ONN can be implemented experimentally in a similar setup to the DONN,
but with coherent light sources compare Fig. A.2 to Fig. 4.2. The main dierence is
that the digital electronic multipliers and adders are not necessary in the HD-ONN since
multiplications are performed through optical interference, with PDs passively accumulating
the partial products. Another change from the DONN is that in this HD-ONN scheme,
we chose to fan out only the activations and not the weights (though we could fan out
both the activations and weights by using linear arrays of transmitters for matrix-matrix
multiplication). The reason for this decision was that our goal in this demonstration was
to maximize the weight matrix size by using a 2D megapixel SLM. This array of weights
is imaged to the PD array, and one input activation is transmitted and fanned out at each
time step, which yields a vector-scalar product per time step. Passive accumulation of the
vectors gives us our desired matrix-vector product (see Fig. ATor matrix visualization of
these operations).

With this implementation, we aimed to show the potential for computation of DNN layers
with millions, or even billions, of weights. Compared with the demonstration in Ref. [80],
in which an array of 24 VCSELSs transmits the weights at high speed, our system would be
slower, but could operate at a much larger scale. Figure A.3 illustrates our experimental
setup, where the LCoS SLM (Meadowlark P1920-400-800-HDMI-T, pixel width 9.2m)
encodes one weight columiV . per time step, and a modulator encodes one activation
Xk per time step. The camera is the Zelux from Thorlabs with 3.45m-wide pixels. The
modulator can be, e.g., an electro-optic modulator (EOM) or a variable retarder (can be
thought of as a single-pixel liquid-crystal SLM). If using an EOM, photorefractive and DC
drifts need to be taken into account a feedback loop based on output power can determine
the appropriate set point. In an optimized version of the setup, the activations and weights
would both be encoded by high-speed transmitters such as the VCSELs in Ref. [80], and
would both be fanned out to maximize data reuse and energy savings.

Similarly to the single-shot ONN, we use a PBS and half-wave plate with the LCoS SLM
such that when we have a weight value of "0', there is no light transmitted. We decided
to operate in this mode rather than standard phase mode to try to reduce error at low

activation and weight values. This point will be made clearer in the following subsections,
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Figure A.3: Proof-of-concept implementation of HD-ONN. As in the single-shot ONN, col-
limated laser light with 45 polarization after half-wave plate (/2) is incident on an LCoS
SLM. The SLM encodes one column of the weight matrix per time stepy . Relay lenses
image the SLM to the camera with f = 200 mm and f, = 75 mm for 1:1 pixel matching.
The modulator (e.g., amplitude EOM or variable retarder) encodes one activatioxy, at a
time. Input activations and weights interfere when projected onto the same polarization
with the 45 polarizer. The lock box (PID loop) performs active path length stabilization
with a piezo mirror. Digital computer controls hardware and implements nonlinearity.

as we look into the Jones matrices that describe the system.

Weight arm (SLM)

We assume that the phase imparted by the SLM that is parallel to its extraordinary axis--

is modi able, but the perpendicular phase , is xed. --and -, are position-dependent.
(We will de ne the weight W with respect to -- later.) Below, we calculate the Jones vector
that describes the resulting components of the eld amplitude at the camera, de ned with
respect to the SLM's axes (that also correspond to horizontal and vertical polarizations on
the optical table). The starting point for the computation is just after the rst pass through

the PBS; the Jones matrices are in the opposite order of the optical propagation. We assume
a simpli ed transformation by the SLM for illustration of the scheme, though we note that

an SLM can have coupled phases and o -diagonal elements.

Incident perpendicular polarizatioh half waveplate @ 22!5 SLM
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half waveplate @ -22!5 PBS polarizer @ 45

2 3 2 32 3 2 32 3 2 32 3
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€ =+¢~
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The intensity on the camera (summing both polarizations) is thus:
| = JEj? (A.3)
=2 Y d=+€d?) (e'=+e'?) (A.4)
= ;(1 cos(= »)) (A.5)

The SLM can be calibrated for a linear response versus display value.

Input activation arm

In the input activation arm, we assume pure amplitude modulatiomA with a phase that
describes the path-length mismatch between the input and weight arms. is position-
dependent because the non- atness of the SLM causes a wavefront mismatch between the
two arms. is also time-dependent, with air currents and vibrations that can cause path
length uctuations in the input activation and weight arms. The Jones vector that describes
the output from the activation arm is therefore:

2 3 2 3
4Fou 5 _ 1A €5

. (A.6)
Eout’? 2 A ¢

with a measured intensity on the camera (again, summing both polarizations) bf= %AZ.

Interference of weight and activation arms

In this section, we will examine how the light from the input activation and weight arms

interferes on the camera. We will rst look at how we can correct path length mismatches
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across the camera eld of view. After that, we will see how light modulated by an LCoS
SLM pixel in the weight arm interferes with amplitude-modulated light from the input arm

to yield an element-wise product.

Figure A.4: Interference fringes observed on camera with SLM pixels and modulator set to
maximum transmission. Deformable mirror calibrates the wavefront in the activation arm
to match the weight arm. a, mirror unactuated and b, actuated.

We want to eliminate the phase mismatch between the two arms where we will rst
remove its spatial dependence using a deformable mirror. Then, through active path length
monitoring and correction, we will set to a constant value with respect to time. Figure A.4
shows a camera image obtained from interference of the input activation and weight arms
with the SLM and modulator set to constant, uniform values. The wavefront error can
be seen by the fringe pattern in Fig. A.4. By adding a deformable mirror to the input
activation arm that matches the surface shape of the SLM, we can eliminate these fringes
(Fig. A.4b). is now time-dependent, but is uniform across the eld of view. Next, we can
set to a xed value with active path length stabilization. We added a mirror glued to a
piezoelectric stack to the activation arm (which | will call “piezo mirror' going forward). A
proportional integral derivative controller (LaseLock, TEM Messtechnik) uses the output
signal from the camera to set the position of the mirror along the optical axXis Figure A.5
shows the resulting intensity on the camera over time with the SLM and modulator set to
a constant, uniform value with and without active stabilization. The required calibration

measurements to set the mirror position can be interspersed in the data acquisition.

1Thanks to Dr. Zaijun Chen for help selecting and setting up the lock box.
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