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A Renaissance in Computing 

*Noisy Intermediate-Scale Quantum (John Preskill)

Quantum computers use states in 
superposition: 000,001,..., 111

 : 2N states

Google (2019)

1. Quantum Computing

Natural language 
processing

Protein folding [AlphaFold by Deepmind]

See also (different topic) of AI for quantum discovery -  
Tegmark, Soljacic, Lewenstein, Krenn, Marquardt, ..

Machine control 

2. Machine learning  



Outline

● A Renaissance in Physics of Computing ? 

● In-physics processing

● EC in hardware compute, training: → “error-free optics” 

● EC in ML in-situ training?  

● Fully integrated on-chip inference

● Computing Across the Internet’s Edge: Tops/sec @mW on edge devices

● Microlaser-based Coherent Scalable Efficient deep Learning ~ fJ/OP and 25 TeraOP/(mm2· s)

● Single-shot NNs: 20,000 MACs / 20 fs: Exascale computing

● New Tech for High-Speed Spatial Light Modulation 

● Multiplicative Analog Frequency Transform on RF Ph-encoded DNN

● Outlook
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Z. Chen et al, Nature Photonics (2023)

A. Sludds et al, Science (2022)

S. Bandyopadhyay, arXiv:2203.05466 (2022) 

Review: G Wetzstein et al,  Nature 588 (2020) 

Review: W Bogaerts et al, Nature 586, 207–216 

(2020)

Positions available in theory & experiment: https://www.rle.mit.edu/qp/

L Bernstein et al, Science Advances 

(2023)

S. Bandyopadhyay, Optica 8, 1247 (2021)

R Hamerly et al, Nature Comm. 13 (2023)

S Vadlamani, Science Advances (2023)

.. with Dr Kurt Jacobs, Dr Dashiel Vittulo, Dr Brian Kirby @ARL

see also Ronald Davis III et al, ArXiv:2207.06883

RF-Photonic Deep Learning Processor with Shannon-Limited Data 
Movement - Ronald Davis et al, in preparation (2024)

M Dong et al, Nature Photonics (2021); C Panuski et al, Nature 
Photonics (2023); otehrs in-review (see ArXiv.org) 
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machine learning

quantum information 

https://www.nature.com/articles/s41566-023-01233-w
https://arxiv.org/abs/2203.05466
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neurons

synapses
weights

functions

b1 b2

Definition: An artificial neural network with 
multiple layers between the input and output 
layers.

Deep neural network (DNN)

Source: Asimov Institute
biases
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Taken from L Bernstein*, A Sludds*, R Hamerly, V Sze, J Emer, D Englund, Sci Reports (2021) 11:3144

?
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Energy to train 
GPT3 ~  190 
MWh (~ twenty 
20-year-old 
humans)

GPT4 training 
~ 60 GWh [x] 
(6000 20-yr 
humans)

Comm’s savings in distributed computing*
● O(N) savings in NxN matrix processing

1014

1013

~ adult human

The exponential scaling of DNNs

175 B 
Parameters

https://arxiv.org/abs/2006.13926
http://towardsdatascience.com
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Designing Systems to Tackle Power & Data Movement in DNNs

 

Two great must-read papers on this topic:

V. Sze, Proc. IEEE 105(12), 2295 (2017) M. Horowitz, ISSCC 2014, pp.10-14

slide: Ryan Hamerly



Google TPU cloud 
offerings: 

8

Systolic Array architecture is optimized for general matrix multiplier 

Two key limiters to the TPU:
• Power → Heat dissipation
• Interconnects / Data Movement

.. Google team: >cs>arXiv:1704.04760 

slide credit: R Hamerly

https://arxiv.org/list/cs/recent


Google TPU cloud offerings: 

9

Systolic Array architecture is optimized for general matrix multiplier 

Two key limiters to the TPU:
• Power → Heat dissipation
• Interconnects / Data Movement

.. Google team: >cs>arXiv:1704.04760 

Despite all the optimizations, chips are dominated by data 
movement costs, not raw processing!

slide credit: R Hamerly

https://arxiv.org/list/cs/recent
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* Google team: >cs>arXiv:1704.04760 

Google TPU3

W
ei

gh
ts

Two key limiters: Power still dominated by data 
movement costs, not transistors

Tensor Processing Units

https://arxiv.org/list/cs/recent


Information processing architectures 
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Non-boolean logic Boolean 

??

✅
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machine learning

quantum information 

https://www.nature.com/articles/s41566-023-01233-w
https://arxiv.org/abs/2203.05466


Ex.1: “Weight-stationary” compute core

14Ravi Athale and Demetri Psaltis, OPN 27 (2016)

xN WNxN yN=W.x

Demetri Psaltis and Nabil Farhat, "Optical information 
processing based on an associative-memory model 
of neural nets with thresholding and feedback," Opt. 
Lett. 10, 98-100 (1985)

Effort scales as O(N) in optics



Ex.1: 

“Weight-stationary architecture” output y=(stationary W).(flying x)

O(N) ops for activation & DAC  

UN✕N xN vector-matrix multiplication:

Binary computer: O(N2) ops + memory access

Opportunity for PIC: O(N) ops, no memory access, equivalent compute of N2 
Δν~1002 (10THz)~ 1017 ops/sec

Y Shen*, N C. Harris*, S Skirlo, M Prabhu, T Baehr-Jones, M Hochberg, X Sun, S Zhao, H Larochelle, 
D Englund, and M Soljacić, Nature Photonics 11 (2017). *equal authors

15

WN✕N
xN

UN✕N

→ MIT spinouts based on 
new architectures

y=Wx

Pioneering work by Psaltis et al

Recent also by Soljacic, Gigan, Stefan Rotter, Brunner, Pan, 
Wetzstein, Ozcan, Fan, Marin Soljačić, P Prucnel, Cornelia Denz, D. 
A. B. Miller, Liboiron-Ladouceur, Pappas ..



“Output-stationary architecture”: spatially encoded 
output y=(flying input X).(flying weight matrix W)

16
R Hamerly, A Sludds, L Bernstein, M Soljacic, DE, PRX 9 (2019)

“Photoelectric 
multiplication”

The (quantum) process of photodetection has 
extreme photon-electron  nonlinearity!

wj,1

x1
(x1+wj,1)/√2

(xt-wj,1)/√2

(xt+wj,1)
2/2

(xt-wj,1)
2/2

2 x1 wj,1

w1,twj,1
wj,2 wj,N

Output yj=Σk xk wj,k=dot(x,wj)



Output-stationary ONN by photoelectric multiplication

1
7

Future mod.  
technology 

If modulators are 
amortized & shot-noise 
limited

Physics predicts von Neumann architecture would 
need to violate thermodynamics to keep up

Current technology
[modulator + amplifier]

Standard 
quantum limit

R Hamerly, A Sludds, L Bernstein, M Soljacic, DE, PRX 9 (2019)

WM✕N xN → yM

Key point #2: In-physics 
computing for dot(x,y) with O(1) 
resource vs. O(N) for boolean 

Key point #1: Use “free” data fan-out if possible



Matrix algebra in programmable photonic integrated circuits (PICs) 

18

UN✕N
xN Ux

26 
Ch

26 
Ch

Example: 

Photodetector error (%)

Gaussian noise distribution of phase 
shifters, in radians

Y Shen*, N C. Harris*, et al [Englund - Soljacic groups],Nature Photonics 11 (2017).* equal authors

Error rate in vowel recognition was limited by fidelity of matrix-vector 
transformation → can we fix this? 



Scalability of analog systems?

19

C. Babbage “difference engine” (1832)

yj=Σk xk wj,k=dot(x,wj)
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https://www.nature.com/articles/s41566-023-01233-w
https://arxiv.org/abs/2203.05466


The impact of hardware errors 

A. Sludds, OFC 2022 RH, PRX 
2019

L. Bernstein, 
Sci. Rep. 2021

Alexiev, OSA Cont. 
2021

“Output-stationary” shallow architectures with 
time-frequency encoded weights

Light passes through O(1) components
No cascading of hardware errors
Error-cancellation by calibration

Huang, Nat. 
Elec. 2021

Bogaerts, Nature 2020

Weight-stationary “deep” circuits

Light passes through O(N) components
Hardware errors can cascade -- is that a 
show-stopper? 

Feldman et al, Nature 569 
(2019)

https://www.nature.com/


Error correction techniques in Mach Zehnder Meshes

22

Numerical 
Optimization

Nonlinear optimizer: eg  minimize 
norm |U – U

0
|

Burgwal et al., OE 25, 28236 
(2017)
Mower et al., PRA 92, 032322 
(2015)
Pai et al., PRApp 11, 064044 
(2019)

(+) Works for arbitrary meshes
(‒) Slow
(‒) Needs pre-calibration
      (knowledge of MZI errors)

“Local” EC

Given errors, find (θ,φ) 
that fix them per-MZI.

Bandyopadhyay et al., Optica 
8, 1247 (2021) 

(+) Arbitrary meshes
(+) Fast
(‒) Needs pre-calibration

In-situ Training

Adjoint-related method.  
Send input & weight 
gradient, get gradients in 
internal detectors.

Hughes et al., Optica 5, 864 
(2018)

(+) Arbitrary meshes
(‒) Slow, per-device training
(+) No pre-calibration
(‒) Additional O(N2) detectors

Progressive 
Methods

Adjust MZIs one-by-one to match 
certain I/O modes.

Miller et al., OE 21, 6360 (2013)
Miller et al., Phot Res 1, 1 (2013)
Miller et al., OE 25, 29233 (2017)

(‒) Only triangular meshes
(+) Fast
(+) No pre-calibration
(‒) Additional O(N2) detectors



Local Error Correction
S. Bandyopadhyay, Optica 8, 1247 (2021)

If errors are known, they can (mostly) be corrected by a low-cost 
deterministic procedure!

Problem: calibration procedure (to measure errors) is really involved, 
requires very accurate measurements.  

Question:

Can we create a calibration-free error-correction 
method for photonic meshes?

Answer (DABM): Yes, but with extra hardware 
complexity

Answer (us): Yes!  (no “but”)



Benefits of Error Correction
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Slide credit:  R Hamerly



Example: Hardware EC for ONN Inference

MNIST digit dataset

Preprocessing with FFT

 

Based on: S. Pai et al., IEEE JSTQE 26, 6100813 (2020)
I. Williamson et al., IEEE JSTQE 26, 7700412 (2020)

 

DCs

Slide credit:  R Hamerly



“Perfect” photonics from imperfect components?  

26

MZI S-MZI [1] Miller [2] Suzuki [3] 3-MZI MZI+X

Passives 2 2 4 3 3 3

Actives 2 2 4 3 2 2

Area 1.0 0.8 2.0 1.5 1.2 1.2

Self-config Y - Y Y Y Y

Broadband - - - - - Y

Perfect - - Y Y Y* Y*†
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S. Bandyopadhyay, Optica 8, 1247 (2021)
Ryan Hamerly, Saumil Bandyopadhyay, DE, “Asymptotically fault-tolerant programmable photonics” N COMM 13 (2022)

yes with caveats*
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Key point #3: Coherent error 
cancellation → Fault tolerant 
matrix operations

https://www.nature.com/articles/s41566-023-01233-w
https://arxiv.org/abs/2203.05466
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Saumil 
Bandyopadhyay

https://www.nature.com/articles/s41566-023-01233-w
https://arxiv.org/abs/2203.05466


RF-Photonic  ML:  O(M N2) → O(M N) effort for xN → fDNN(xN) and M layers

29

input x from memory, 
RF input, etc

→ 10 fJ/OP for large systems and 
ns-scale latency 



3
0

arXiv:2208.01623



Nonlinear Optical Function Unit (“NOFU”)

3
1

→ 10 fJ/OP for large systems and 
ns-scale latency 

arXiv:2208.01623



In-situ training: better .. and transferable? 

32
Sri K Vadlamani,DE, R Hamerly, ``Transferable Learning on Analog Hardware,'' 
Science Advances (2022)S. Bandyopadhyay et al, arXiv:2208.01623 (2022)

92.7% accuracy on a test set, which is the same as 
the performance
(92.7%) obtained on a digital model with the same 
number of weights. Despite not having direct access 
to gradients, our approach
produces a training curve similar to those produced 
by standard gradient descent algorithms

In-Situ Training

Key point #4: In-situ training 
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https://www.nature.com/articles/s41566-023-01233-w
https://arxiv.org/abs/2203.05466


A. Sludds et al, Science (2022)Sludds et al.,Science 378 (2022)
34



Experiment

We use a 2.4 Tbps silicon
smart transceiver. Made in 
a commercial CMOS foundry

Deploy weights over 
86 km deployed fiber in a 
Boston area fiber network.

Lightweight edge clients are 
able to compute with ~mW 
of power at THz rates with 
one GHz modulator and 
detecting at MHz rates.

Sludds et al.,Science 378 (2022)



36
Sludds et al.,Science 378 (2022)

Accuracy on MNIST (28x28)



SNR essentials

37
Sludds et al.,Science 378 (2022)



Near-perfect inference with ~1 photon/symbol

38
Sludds et al.,Science 378 (2022)



Recent extension to ultra-low-power radios

Machine Intelligence on Wireless Edge 
Networks (MIWEN)

39
Contact: englund@mit.edu, tingjun.chen@duke.edu  (cc erikyost@mit.edu)

Collaboration with Prof Tingjun Chen (Duke)

mailto:englund@mit.edu
mailto:tingjun.chen@duke.edu
mailto:erikyost@mit.edu


Recent extension to ultra-low-power radios

Machine Intelligence on Wireless Edge Networks (MIWEN)

40
Contact: englund@mit.edu, tingjun.chen@duke.edu  (cc erikyost@mit.edu)

Collaboration with Prof Tingjun Chen (Duke)

- Disaggregated memory access and ML inference in wireless networks

- Compute moved into existing RF/analog chain of wireless signal processing

- “Smart-TRXs” eliminate or sharply reduce A/D and E/O conversions

- Sharp cut in power consumption and latency (S. Vadlemani et al; ..)

- New physical-layer security and privacy (Kfir Salon et al, in preparation)

-

- Energy consumption for ML inference will be below the thermodynamic bound 
of digital electronics

mailto:englund@mit.edu
mailto:tingjun.chen@duke.edu
mailto:erikyost@mit.edu
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M Dong et al, Nature Photonics (2021); C Panuski et al, Nature 
Photonics (2023); otehrs in-review (see ArXiv.org) 
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Dr. Zaijun Chen (→ USC)

SPIE Photonics west best paper award
Z Chen et al, Nature Photonics (2023) 
2024 Optica Challenge Award winner 

https://www.nature.com/articles/s41566-023-01233-w
https://arxiv.org/abs/2203.05466
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ONNs in networks of VCSELs

Zaijun Chen 
(--> USC)

With Prof Stephan Reitzenstein 
@TU-Berlin

Z. Chen et al, Photonics (2023) - Theory based on photoelectric multiplication (PRX 9, 021032 (2019))

Output stationary ONN with photoelectric multiplication



Compute density, energy efficiency, nonlinearity
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Coherent injection lock 

Ultralow Vπ = 4mV Detection-based nonlinearity 

3D architecture 

(1) coherent on-chip microscale VCSEL 
transmitters as high-speed (GHz) ‘laser axons’, 
(2) coherent detection for weighted 
accumulation as low-energy ‘laser synapses’, 
(3) holographic data movement as optical 
dendritic fanout
(4) detection-based optical nonlinearity



Large-scale parallel processing

44

(1) 6 bits precision
(2) 93% classification accuracy 
(3) Parallel computing with multi-channels

Obtained from inference over a random dataset of 1000 images, with a total of 158.8-million 
operations → accuracy of (93.1 ± 2)% vs model accuracy in simulation (95.1%).



Summary
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Dr. Zaijun Chen (→ USC)

SPIE Photonics west best paper award
Z Chen et al, Nature Photonics (2023) 
2023 Optica Challenge Award winner 

Talk: STh5G.4
Title: Coherent optical neural network with injection-locked VCSELs
Sec: Neuromorphic Photonics
May 19 @ 16:30 pm
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Single-shot ONN

Liane Bernstein et al, Science Advances (2023)

Classification 
accuracy of 

10,000 MNIST 
test set images

Optical      Ground truth
   94.7%           96.3%

Theoretically the optics supports operation 
w/ ~20fs pulses
20,000 MACs / 20 fs → ExaFLOP/s??

.. but hold on! that’s a single 
query, but how many queries 
per second?! For this we need 
fast 2D transmitters..

Liane 
Bernstein



Single-shot deep neural network
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Liane 
Bernstein



Experiment
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50
Estimates for arrays of high-speed transmitters
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High-speed SLMs + CMOS
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Mohamed ElKabbash, Sivan Trajtenberg-Mills, et al, physics>arXiv:2310.04409 (2023)

Sivan Trajtenberg-Mills,Mohamed ElKabbash, et al, “LNoS: Lithium Niobate on Silicon Spatial Light Modulator” ArXiV: 2402.1460 (2024)

https://arxiv.org/list/physics/recent
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3 mm

400 μm

20 μm

1 Dong et. al, Nature Photonics (2021)
2Adrian Menssen, Artur Hermans,  et. al. Optica (2023)  

MIT-Sandia National Laboratory - MITRE - Harvard 
Separately: QuEra - SNL

Process pioneered by Matt Eichenfield et al at Sandia NL 

16 programmable beams, 10 GHz bandwidth 

Mod rate > 5 GHz,

Pulse area error σ< 1%

Low voltage (<3V)

Scalable >>16 channels

> 30 dB contrast

MIT QP + 
16-CH APIC lithium niobate on insulator3

3I. Christen et al, arXiv:2208.06732 (2022) 
H. Larocque, D. Vitullo, et al, LN-PhC IQ TX 
https://arxiv.org/abs/2312.16746  (2023)

16-CH APIC2  in 200 mm nanomechanical PIC 
(NEM-PIC) process  1  

Mod rate > 200 MHz,

Pulse area error σ< 1%

Scalable (16+ channels)

> 105 channels per tapeout

> 30 dB contrast

10 B cavity modulators 
per wafer

4 C. Panuski et al, Nature Photonics (2022)
[CP awarded the 2022 Carl E. Anderson Division of Laser 
Science Dissertation Award]

2D Spatial Light Modulator in Si 
demonstrator (νmod~1GHz) 4

ns 
frames

48-ch ΕΟMs (νmod>30 GHz): 
A. Sludds et al, Science 378 (2022).

2D Arrays of Modulators → High-Speed SLM (HS-SLM)

53

Amir Ghadimi, Frederic Loizeau →  “Lightium” 
foundry  [DE scientific advisor]

NOW HIRING IN EUROPE AND U.S.A. lightium.co

→ full-system demo in 
development w TSMC, DARPA

https://www.science.org/doi/10.1126/science.abq8271
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MAFT: A smart optical-RF receiver for ML 

Heterodyne reception gives us one-shot full matrix-vector multiplication for free!

No need to individually add up Multiply ACcumulate operations (MACs)!

All activations X in a layer are encoded into frequency tones

All layer weights W are encoded into frequency tones

Output Y read out in the output current
Remodulated onto light for next layer

Davis III, R., Chen, 
Z., Hamerly, R., & 
Englund, D. (2022). 
Frequency-encode
d deep learning 
with speed-of-light 
dominated latency. 
arXiv preprint 
arXiv:2207.06883.
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RF-Photonic Deep Learning Processor with Shannon-Limited Data Movement - Ronald Davis et al, in preparation (2024)



Experimental 3-Layer DNN
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Photonic RFML:  Modulation Classification

58



MAFT-ONN Demo

59



Reprogramming conventional RF devices for ultralow-power ML 

Frequency-encoded weights

Cell phone has local data
encoded in frequency 
domain → this is the “local 
oscillator” for the mixer

Every cell phone receiver has an RF mixer

The mixer multiplies the incoming weight 
signal with the local data signal  

*Submitted to MIT Tech Licensing Office 



Reprogramming conventional RF devices for 
ultralow-power ML

The output of the mixer is looped back to the mixer in order to process the next 
incoming weight layer from the tower.

Mixer

Weights 

W1 of layer 1

Incoming weights 

W2 of layer 2

Analog 
nonlinearity

Pre-activations 

z1

Present input x Post-activations 

h2 for next layer 

We call this new protocol the Mixed-Signal Extended Range NetCast or the 
MSER-NetCast scheme

*Submitted to MIT Tech Licensing Office 



Machine Intelligence on Wireless Edge Networks (MIWEN*)

Standard matrix-vector multiplication recovered 
by focusing on only certain output frequencies

Advantages

Multiplication in time is convolution in frequency
the receiver naturally implements Convolutional Neural Network 
layers

Simple architecture
No new hardware 
needed

Extended range 
from wireless 
operation Enables mesh networking of edge 

devices for crowd/distributed 
computing/federated learning

Not sharing local 
inputs with server 
enables privacy in
Healthcare etc.



Current theoretical efforts Current experimental efforts
● Deriving and simulating quantum limits of ML on cellphone 

receivers → performance in photon-starved environments: 
ultrasmall sensors/antennas or outer space applications

● Performance scaling with temperature, for example, ML 
accuracy on superconducting Josephson junction mixers  

● Performance variation with communication frequency band, 
5G, WiFi, 6G

● Working with RF groups on a demo of the MSER NetCast 
scheme both at a small scale and on large RF network 
testbeds

Machine Intelligence on Wireless Edge Networks (MIWEN*)

Ideal mixer
input

Perfect 
output

Real mixer
input

Imperfect 
output

+component noise+thermal noise+quantum fluctuations

Errors seem 
compensatable 
for ML through in 
situ training!

*Submitted to MIT Tech Licensing Office 
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F-Photonic Deep Learning Processor with Shannon-Limited Data 
Movement Ronald Davis et al, in preparation (2024)

https://www.nature.com/articles/s41566-023-01233-w
https://arxiv.org/abs/2203.05466


“Programming” the electric field

65

position basis

frequency wavelet basis 

Part 2 -  programming the field excitation,  

field operator



Full-degree of freedom SLM

66

* Si foundry service at  
State University of New 
York Polytechnic

State of art Ph. Crystal Q, Q/V (>> 
previous in optical lithography, 
foundries)
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Relevant upshot: “Theoretical + experimental analysis of thermorefractive noise in 
high-quality-factor (Q), small-mode-volume (V) optical microcavities. Analogous to 
well-studied stability limits imposed by Brownian motion in macroscopic Fabry-Perot 
resonators, we show that microcavity thermorefractive noise gives rise to a 
mode-volume-dependent maximum effective quality factor.. [..]” -- and we offer a solution to 
go beyond

Demonstrate δTmin<μK/(Hz)½ in nanoscale cavity

⇒ further analysis shows strong promise for 
qu-limited bolometry focal plane arrays (U.S. 
Application No. 63/141,646)

→ high-speed bolometry/C Panuski, J Goldstein, et al :supported by Army Research Lab ISN



Individually Addressable Artificial Atoms in Silicon 
Photonics

68

carbon-related ‘G-center’

M. Prabhu, C. Errando Herranz, et al  Nature Communications (2023).

https://www.nature.com/articles/s41467-023-37655-x


SLMs controlled by individual atomic memories

69
*Valeria Saggio, Carlos Errando-Herranz, et al arXiv:2302.10230v1  (2023)

But wait, haven’t we seen this playbook before? 
Purcell SE enhancement in QD-PhC: DE et al (Vuckovic), PRL 95 (2005) ⇒ single QD-controlled 
reflectivity (DE,Faraon, Fushman, ..Vuckovic Nature 450, 2007), etc..  → Many other ss 
cavity-QED systems, such as SiV-cavity (Lukin, Loncar, Englund, Vuckovic, etc)
But all-Si platform opens up huge possibilities . 

Carbon-vacancy atom-like emitters in Si



What could a DNN do with a quantum nonlinearity? 

information flow:

physics 
implementation:



A Quantum Optical Neural Network (QONN)

711. G. Steinbrecher et al,  NPJ Quantum Information Processing 5  (2019)
2 M Heuck, K. Jacobs (ARL), DE, PRL 124 (2020);     3. S. Krastanov et al, N COMM 12 (2021)

Supervised training1 → 

● Quantum optical state 
compression

● Reinforcement learning

● Black-box quantum 
simulation

● One-way quantum repeaters

*Bound Optimization BY 
Quadratic Approximation 
- M Powell (2009)

*

Nonlinearities: atoms, artificial atoms, QDs, 
molecules, or bulk optical NL2,3



output 
fW(anmk)

ynmk PL2

ynm

Wn

X2

X1 a1(r,t)

L0 (“central nervous 
system”)

PL3

PL2nm

PL2nq

PL1n

Wnm

Wnmk

yn

Edge devices perform some amount of 
signal processing in quantum and 
classical domains

PL1
EM signal (e.g., microwave 

transmission through spin sensor ro 
reflected radar from object X2=UAV) 

anmk
Weights sent 
optically (or RF) in 
analog format

DSP signal processing xnqj

ynp

Distributed Deep Learning + quantum (-limited) sensing & 
networking

a
2 (r,t)

quantum → analog 

Some open questions: 

- Need to understand interplay of ML “software” with 

microsystems (“brain” + form)

- Narrowing focus: Co-design system S: quantum hardware 

Θ
hardware

 &  machine intelligence Θ
algorithm 

?  Where to place 

quantum-analog-digital boundaries? 
output 

fW(anmk)
Squeezed light resource can beat standard quantum limit. Quantum-limited programmable matrix algebra (vector products, convolutions, etc). Specifically, computing aN . bN is O(1) operations vs O(N) operations in DSP. A Sludds et al, Science (2022); L Bernstein et al, Science Advances (2023); Z. Chen et 
al, Nature Photonics (2023); S Vadlamani et al, Science Advances (2023); R Hamerly et al, Nature Comm (2023)

weights 
Wnmk

weights 
Wnmk

MIT, MIT LL, ARL, ADI, Honda RI System S ∈{autonomous vehicle, UAV network, quantum computer, 
radar installation, ..}

δB
k
 <pT/Hz1/2 
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Summary & Closing Remarks 

https://www.nature.com/articles/s41566-023-01233-w
https://arxiv.org/abs/2203.05466
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Tx, Rx

Programmable 
Optical
Switches

Lasers

200mm

200mm

*disclaimer: Englund is scientific advisor to LM

™

Addressing the ML bottleneck: LightMatter 

Photonic wafer-scale interconnect



Technology transitionBasic research 

https://lightmatte
r.co/

Machine Learning / AI 
acceleration
Founded 2017 

Industry, gov’t partnerships
Startups

physical 
objects

Authenticated, 
secure digital 

record

clo
udhttps://dustidentity.com/

.. with CUA team 
members Lukin, 
Greiner, Vuletic

2025

Quantum Network Technologies, Inc 

Quantum communications, 
interconnects, memories 

Laura Andre, Ruo Li 
[with F Klein]

qunett.com

Englund - Soljacic - Koppens - 
Aspuru-Guzik  -                    -                    . 
Launching summer 2024
Now hiring 

https://lightmatter.co/
https://lightmatter.co/products/envise/
https://lightmatter.co/products/envise/
https://dustidentity.com/
https://aws.amazon.com/blogs/quantum-computing/realizing-quantum-spin-liquid-phase-on-an-analog-hamiltonian-rydberg-simulator/


Summary
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Key point #2: In-physics 
computing (allows inner vector 
products with O(1) operations)

Key point #1: Try to use data 
fan-out for “free” data-movement

Key point #3: Coherent error 
cancellation possible in analog 
optical systems

Key point #4: In-situ training
● single-shot fDNN(x) evaluation → 

more general than back-prop
● transferable learning
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