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The Renaissance in Computing 
Quantum computers use states in 

superposition: 000,001,..., 111
 : 2N states

Google (2019)

1. Quantum Computing 2. Machine learning & AI 

Jensen Huang, NVIDIA CEO (Mar 12 2025)
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Google TPU cloud offerings: 

15

Systolic Array architecture is optimized for general matrix multiplier 

.. Google team: >cs>arXiv:1704.04760 

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

slide credit: R Hamerly

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

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

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

Google TPU3

W
ei

gh
ts

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

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


Specialized information processing architectures

18

Non-boolean logic Boolean 

??

✅



In-physics computing allows inner vector products with O(1) operations 
vs. O(N) for boolean logic

23
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
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w1,twj,1
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Output yj=Σk xk wj,k=dot(x,wj)



Outline

● A Renaissance in Physics of Computing & Sensing

● In-physics processing: vector products at O(1) effort vs O(N) effort 

● EC in hardware compute, training: → “error-corrected physical system” 

● In-situ training

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

● High compute density ~ fJ/OP and 25 TeraOP/(mm2· s)

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

● RF-signal processing  

● .. extensions to quantum networks 

● The opportunity for generative AI in STEM
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 Z. Chen et al, Nature Photonics 

(2023)

A. Sludds et al, Science (2022)

Y. Shen*, N Harris*, et al, N Phot. (2017) 

Background: Nature 586 (2020); Nature 588 (2020) 

R Hamerly et al, PRX 9 (2019)

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

L Bernstein et al, Science Advances 

(2023)

C Panuski et al, Nature Photonics 

(2023)

S. Bandyopadhyay, Optica 8, 1247 (2021)

R Hamerly et al, Nature Comm. 13 (2023)
S Vadlamani, Science Advances (2022)
S. Bandyopadhyay, Nature Photonics (2024)

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

RF-Photonic Deep Learning Processor with Shannon-Limited Data Movement - Ronald Davis et al, under review (2025)
Deep Learning in Wireless Edge Networks  - Zhihui Gao (with Prof T. Chen) - 2025
Deep Learning on Wireless Networks: Matching the Accuracy of Von Neumann Machines below Their Thermodynamic Limits - S Vadlamani et al - 2025
Marc Bacvanski, “QAMNet: Fast and Efficient Optical QAM Neural Networks”,  arXiv:2409.12305v (2024)

L Li et al, Nature (2025)
L Li et al, (with Kaiming He)  “Dynamic Inhomogeneous Quantum Resource Scheduling with Reinforcement Learning” - 2025
K Sulimany et al “Quantum-secure multiparty deep learning” ArXiv: 2408.05629 (2024).

28

Key point #3: Coherent error 
cancellation ɛ→ ɛd

https://www.nature.com/articles/s41566-023-01233-w
https://www.nature.com/articles/s41566-023-01233-w
https://qp.mit.edu/
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https://www.nature.com/articles/s41566-023-01233-w
https://www.nature.com/articles/s41566-023-01233-w
https://qp.mit.edu/


In-situ training: better .. and transferable 

40
Sri K Vadlamani,DE, R Hamerly, ``Transferable Learning on Analog Hardware,'' 
Science Advances (2022)S Bandyopadhyay et al, Nature Photonics (2025)

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://www.nature.com/articles/s41566-023-01233-w
https://qp.mit.edu/


Outline

● A Renaissance in Physics of Computing & Sensing

● In-physics processing: vector products at O(1) effort vs O(N) effort 

● EC in hardware compute, training: → “error-corrected physical system” 

● In-situ training

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

● High compute density ~ fJ/OP and 25 TeraOP/(mm2· s)

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

● RF-signal processing  

● .. extensions to quantum networks 

● The opportunity for generative AI in STEM

In
tr

o
P

rin
ci

pl
es

A
pp

lic
at

io
ns

 Z. Chen et al, Nature Photonics 

(2023)

A. Sludds et al, Science (2022)

Y. Shen*, N Harris*, et al, N Phot. (2017) 

Background: Nature 586 (2020); Nature 588 (2020) 

R Hamerly et al, PRX 9 (2019)

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

L Bernstein et al, Science Advances 

(2023)

C Panuski et al, Nature Photonics 

(2023)

S. Bandyopadhyay, Optica 8, 1247 (2021)

R Hamerly et al, Nature Comm. 13 (2023)
S Vadlamani, Science Advances (2022)
S. Bandyopadhyay, Nature Photonics (2024)

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

RF-Photonic Deep Learning Processor with Shannon-Limited Data Movement - Ronald Davis et al, under review (2025)
Deep Learning in Wireless Edge Networks  - Zhihui Gao (with Prof T. Chen) - 2025
Deep Learning on Wireless Networks: Matching the Accuracy of Von Neumann Machines below Their Thermodynamic Limits - S Vadlamani et al - 2025
Marc Bacvanski, “QAMNet: Fast and Efficient Optical QAM Neural Networks”,  arXiv:2409.12305v (2024)

L Li et al, Nature (2025)
L Li et al, (with Kaiming He)  “Dynamic Inhomogeneous Quantum Resource Scheduling with Reinforcement Learning” - 2025
K Sulimany et al “Quantum-secure multiparty deep learning” ArXiv: 2408.05629 (2024).

61

https://www.nature.com/articles/s41566-023-01233-w
https://www.nature.com/articles/s41566-023-01233-w
https://qp.mit.edu/


Perception at the network edge

63

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

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



With Prof Tinjun Chen, Duke

https://docs.google.com/file/d/1HmdM1Y6SutIVIMX5Dmw-yfngYuZd1p30/preview


68

with Prof Tingjun 
Chen, Duke U. 



Quantum-limited 
perception on the edge

69

- Perception moved into quantum-measurement process → optimal quantum control 
enables learned filters

- Convolutional layers in quantum sensor

- RF-voltage transduction Hamiltonian

streamed model parameters

RF field

Interested in RF ML technology 
transition? 
Email 
englund@mit.edu , tingjun.chen@duke.edu 
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Quantum-secure Deep Learning in multiparty deep learning frameworks.
Kfir Sulimanyar et al, ArXiv:2408.05629v1

https://www.nature.com/articles/s41566-023-01233-w
https://www.nature.com/articles/s41566-023-01233-w
https://qp.mit.edu/


Technology transition
Basic 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

Now hiring in physics, mathematics, computer 
science, laboratory automation 

Quantum Network Technologies, Inc 

Quantum communications, 
interconnects, memories 
qunett.com

76

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/


Simulation vs. hallucination

78* with Hunter Kemeny, Aatmik Mallya, A. Ariton, A. Ariton,   Hank Stennes, C. Choi

Introduced ChatTutor Spring ’23 course 6.2410: 
Quantum Engineering Platforms

Sample quantum mechanics problem

https://barosandu.github.io/intro.html

Open-source: 
https://github.c
om/ChatTutor

https://dkeathley.github.io/6.2410-lab/simulation-modules/T1-3E3-Activity-Compuational_HOM.html
https://dkeathley.github.io/6.2410-lab/simulation-modules/T1-3E3-Activity-Compuational_HOM.html
https://barosandu.github.io/intro.html
http://www.youtube.com/watch?v=IfxEltTMCt8
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Proprietary & Confidential

Founders
● Began operations in 2024.
● Founding team track of 

entrepreneurs and recognized 
academics 

● Global presence: Boston, 
Barcelona, Toronto

● 25 Engineers and Scientists, 
10 PhDs

Dirk R 
Englund
CEO*, AX 
Professor, MIT 
Electrical 
Engineering

Marin Soljačić 
CTO, AX
Professor, MIT 
Physics

Frank Koppens 
Partner + 
Advisor, AX
Professor, ICFO 
Physics

Joyce Poon 
Partner + 
Advisor, AX
Director, Max 
Planck 
Institute 
Professor, U 
of Toronto 
ECE

Alán 
Aspuru-Guzi
k 
Professor, 
U of Toronto 
CS & 
Chemistry

Amir 
Ghadimi
PhD EPFL
CEO Lightium

Team

https://en.wikipedia.org/wiki/Dirk_Englund
https://en.wikipedia.org/wiki/Dirk_Englund
https://en.wikipedia.org/wiki/Marin_Solja%C4%8Di%C4%87
https://www.icfo.eu/research-group/18/qno/home/437/
https://en.wikipedia.org/wiki/Joyce_Poon
https://en.wikipedia.org/wiki/Al%C3%A1n_Aspuru-Guzik
https://en.wikipedia.org/wiki/Al%C3%A1n_Aspuru-Guzik
https://en.wikipedia.org/wiki/Al%C3%A1n_Aspuru-Guzik


Digital Twins (DT)

80

understand, model

control, refine

DT

http://www.youtube.com/watch?v=O_h6y_sx44M
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https://playground.axiomatic-ai.com/user/dirk@axiomatic-ai.com/lab?https://playground.axiomatic-ai.com/user/dirk@axiomatic-ai.com/lab?
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Problem addressed: Deriving verified analytical models for PIC components.

Approach: Mathematical framework to derive analytical models using formal methods. 
● Input: Mathematical universe (variables and axioms). 
● Procedure: Agents propose and verify truth of new statements with Lean. 

Tools: Lean 

Point of contact: 
Ben Breen, PhD

Collaborators:
Leopoldo

Helmholtz Equation:  ∇ 2 E = k2 E Physics Universe in Lean: Maxwell’s Equations 

Last updated 2025.03.19  | Approved for external release: Y/N

Formalizing physics 
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The next frontier: Physical AI
Quantum computers use states in 

superposition: 000,001,..., 111
 : 2N states

Google (2019)

1. Quantum Computing 2. Machine learning & AI 



Summary

88

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: Compiling learning onto 
(quantum-)physical systems

● single-shot fDNN(x) evaluation → more general 
than back-prop

● transferable learning shown in some proof of 
concept cases

We need much better computable world models !

→ Physical AI to understand the world
→ Axiomatic_AI @SRIC/Toronto, Cambridge/MA, 
Barcelona/Spain


