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PHOTONICS



Deep learning for Microscopy

Super-resolution

Re-focusing / phase 
imaging

Bai et al. Light: Science & Applications (2023)

Virtual 
staining

In France :  Sibarita (Bordeaux) J.C. Olivo Marin (Pasteur) etc… 
France-BioImaging, GDR ImaBio, PRAIRIE.

Rivenson, Yair, et al. "Deep learning microscopy." Optica 4.11 (2017): 1437-1443.

+denoising etc…



Computational Imaging

« DiffuserCam » (Laura Waller)

• Holography
• Inverse problems
• Hyperspectral Imaging
• Lensless imaging
• Ptychography
• Imaging in Complex Media
• …

In France :
• Anne Sentenac / Marc Allain (Marseille)
• Corinne Fournier (Saint Etienne)
• Laure Blanc-Féraud (Nice)
…
See talks of Vincent Favre-Nicollin and Nelly Pustelnik



Inverse design in nanophotonics

integrated
wavelength

demultiplexer

Metasurface -
polarizer

Molesky, Sean, et al. "Inverse design in nanophotonics." Nature photonics 12.11 
(2018): 659-670.

@CNRS: Philippe Lalanne (Bordeaux) Nicolas Bonod
(Marseille) Peter Wiecha (Toulouse), etc…

Ma, Wei, et al. "Deep learning for the design of photonic structures." Nature photonics 15.2 (2021): 77-90.



Deep Learning for Non-Linear & Ultrafast Optics

• Mode locking of lasers
• Non-linear Dynamics
• Solitons / Rogue waves
• Ultrafast instabilities
• Supercontinuum generation
• Telecommunications …

Genty, G., Salmela, L., Dudley, J. M., Brunner, D., Kokhanovskiy, A., Kobtsev, S., & Turitsyn, S. K. 
(2021). Machine learning and applications in ultrafast photonics. Nature Photonics, 15(2), 91-101.

@CNRS: John Dudley, Daniel Brunner (Besancon) 
Benjamin Wetzel (XLIM) Christophe Finot (Dijon) A. 
Mussot (Lille) …

Salmela, Lauri, et al. Nature
machine intelligence 3.4 (2021): 344-354.Boussafa, Yassin, et al. Nature 

communications 16.1 (2025): 7800.

• Multimode, Non-linear, broadband
• Very hard to predict
• very high practical relevance



PHOTONICS



Artificial neural networks (ANN) – the perceptron

The Mark I perceptron
(Frank Rosenblatt – 1960’)

• Multiply-and-Accumulate (MAC)
• Tunable weights
• Non-linear activation function

v Linear classifier

loosely
inspired



• All-to-all connectivity
• Adjustable weights
• Non-linear activation functions
• Universal function approximator

The multi-layer perceptron

MNIST
50k examples
10 classes
~50MB

95% of analog
computing

papers

Text for training LLM
100 billions webpages
~8 PetaBytes
+ ~320 Terabytes / months



AI and Compute

https://epoch.ai/trends

Training:

5x /year

Meanwhile: 
GPU energy efficiency
×1.34 / year

(~Moore’s law)

Inference (Google)

×330 in two years

https://epoch.ai/trends


Light : moving information around the world



Light : moving AI's data with light within datacenters

Copper : saturating bandwidth – Energy consumption
Optical Fibers : huge bandwidth – low energy per bit 

NVIDIA Co-packaged Optics (silicon photonics) 
Quantum-X : 115 Tb/s

2026: Nvidia invests 4B$ in Coherent and Lumentum
Light is already adopted for Communication 

French ecosystem : 
• Scintil Photonics (CEA LETI) raised 54M€ (2025) 
• NcodiN (Fabrice Raineri) raised 16M€ (2025)

Light is already

adopted for data 

communications 

(datacom)

What about 

computing?





2015+ computing with light (redux)

Optics has distinct advantages…
• Low energy consumption
• Easy interconnect – Multiplexing
• Low latency + blazing speed

… and some disadvantages:
• Bulky
• Tricky non-linearities 
• Storage

Nature Photonics 15, 10 (2021) Nature 588, 39 (2020) 

Free space
vs

Integrated optics
Sci. Rep. 8, 12324 (2018). Nature Photon 11, 441–446 (2017)



Integrated mach-Zehnder interferometers

Linear programmable nanophotonic processors (review) Optica 5, 1623-1631 (2018)

Arbitrary Lossless 2x2 mixers

Slow (thermal) or fast (EOM) tuning

Nature Photon 11, 447–452 (2017)

Unitary circuits

Integrated photonics

✅ GHz speed

✅ Fab compatibility

❌ In-out coupling

❌ Limited dimensions 

(few tens of modes) 



SoTA in Photonics integrated circuits

• 64x64 core

• 16000 
components

• 1GHz

• 128x128 cores

• 7-10 bits 
precision

• ~2GHz



Matrix multiplication in free space optics

Basic building blocks:

Adapted from Nature 588, 39 (2020) 

Free space

Advanced functions

2D convolutions 1D vector-matrix multiplier

Thin mask layered scatterer

Good for large scale (~106) Matrix 
multiplication 

Slow (~kHz)

cascaded non-linearities remains 
challenging

Diffractive deep neural networks 

Training is hard



The bandwidth and energy advantage

Feldmann, J., et al. "Parallel convolutional processing using an integrated
photonic tensor core." Nature 589.7840 (2021): 52-58.

Frequency comb =  N coherent lasers

✅ Same matrix multiplied N times in parallel

✅ Different inputs can be encoded on each comb line

❌ Need mux-demux at the input and output
Accuracy on MNIST:

90% with <1 (detected) photon/MAC
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scatterer

Single scattering

Multiple Scattering

Ballistic Light  Scattering



LASER

COMPLEX MEDIUM

Film courtesy 
of Emmanuel 

Bossy
(Univ. 

Grenoble)
 - SIMSONIC 

software  

« Deep » multiple scattering regime :
✗ No more ballistic light
✗ Strong spatial and temporal perturbation
✓ Coherence is maintained

3D random Sample
« white paint »

MODULATORS DETECTORS



After a few minutes…

Transmission Matrix :

• Deterministic / stable

• Complex coefficients

• Potentially *very* large

+ Mesoscopic effects : 
Rotter & Gigan, Rev. Modern. 

Physics (2017)

Is it random ?

Singular value distribution

Random
Matrix 
theory

experiment

Disordered medium 
= perfect mixer

i.i.d gaussian



LIGHT IN 
COMPLEX MEDIA

IMAGING

Fluo.

batteries.

Non-invasive
ImagingWavefront 

control

Our Goal : Understand and Harness light propagation in complex media

QUANTUM

Quantum
circuits

Computational
imaging

Quantum
Imaging

Q. Machine
Learning

Raman

Single 
photon
imaging

NEUROMORPHIC COMPUTING

Optical 
Neural 

networks

« Deep »
Learning

Transmission
Matrix

Mesoscopic
Physics



Optical computing with a complex medium ? 

Complex Medium

• One layer neural network

• dense i.i.d random

• 1012 complex coefficients

• Fixed (not trainable)

• Detection (intensity) non-

linearity

a.k.a.  « random projections » 

in signal processing



Dimensional Reduction
« Johnson & Lindenstrauss »

Johnson, W. B., & Lindenstrauss, J. Extensions of Lipschitz 
mappings into a Hilbert space. Contemporary mathematics, 
26,189(1984)  
cited ~5000 times

• Random matrix: dimension reduction

• conserve distances even for M<<N

Dimensional expansion
The “kernel Trick” « Rahimi & Recht »

• Make a non-linear regression problem linear

• Random projections are efficient and  universal

Rahimi, A., & Recht, B. (2007). Random features for large-scale kernel 
machines. In Advances in neural information processing systems (pp. 
1177-1184).
cited >6000 times

What are « random projections » good for? 

Key insight : 
You don’t need to know the 

matrix!
(you just need to know it is random) 



Experimental Proof of Principle (2016)

Random Optical projections

MNIST database

97% classification
accuracy

Linear 
Regression

(digital)

A. Saade, F. Caltagirone, I. Carron, L. Daudet, A. Drémeau, S. Gigan, F. Krzakala, ICCASP (2016)



Computation time vs. Matrix size

Number of Neurons

Optical 
Advantage !

Rafayelyan, Dong, Tan, Krzakala, Gigan (2020). Physical Review X 

O(n
2 )

O(n)

Memory wall
for CPU/GPU



• already at scale for modern machine learning J
• 1st commercial optical co-processor (2018) J in datacenter (2021) J
• Pivoted to pure GenAI (2023) L but still very active in my lab J

Lighton’s Optical Processing Unit

~20 fJ/Ops



Computing with randomness – a 10 years journey

Optical Random Projections
• Easy fabrication
• All-to-all connectivity
• Fixed weights
• Already at scale
• Low power consumption

Classification
Saade, ICCASP (2016)

Quantum beamsplitter
Defienne, Science Advances (2016)

Reservoir computing
Rafayelan, Phys. Rev. X (2020)

Wang, LSA (2024)

Ising Simulator
Pierangeli, Phys. Rev. Applied

(2021) Jaccuci, Phys. Rev. A (2022) 
Delloye, Phys. Rev. A (2023)

Quantum Circuits
Lee, Nature Photonics (2020) 

Makowski, Optica (2024) 

Training 1B param LLM
Wang, PNAS (2026)

Structural non-linearity
Xia, Nature Photonics (2024)

Nonlinear (SHG) scattering
Wang, Nat. Comp. Science (2024)

Trainable architecture
Wang, arxiv (2026)

Physical information bottleneck
Wang, arxiv (2026)

2016 2018 2020 2022 2024 2026



Harnessing Optical complexity for AI ?  

Beyond random projections:
• Adding tunability and trainability
• Including low-power non-linearity
• Passive non-linearities

Optical Random Projections
• Easy fabrication
• All-to-all connectivity
• Fixed weights
• at scale
• passive

Many use cases:  
Ø Classification, 
Ø Reservoir computing,
Ø Direct feedback alignment
Ø  Ising models
Ø Quantum circuits
Ø …

Ability to tackle relatively large-scale/advanced AI tasks



Many things I could not cover…

Coherent Ising Machines Optimizers…
(U Tokyo, U. Sapienza…)

McMahon et al. Science (2016)
Pierangeli, PRL (2019)

Microrings weight banks
(Princeton)

Courtesy of B. Shastri

…



A thriving startup ecosystem (still deeptech!)

…and probably a few more !



Conclusion – AI and Photonics, a two-way street

AI for optics

•AI is a standard tool across optics: 
imaging, microscopy, inverse 
design, nonlinear and ultrafast
optics

•AI solves ill-posed inverse problems
and designs that we could not find
by hand

•Strong French community

Optics for AI 

Communication: already won. Optical 
interconnects are deployed, and industry is
investing billions

Computation: Still maturing
• Mostly single layers with o-e-o connections 
• Promising approaches to all-optical

inference
• Incredible progress in integration
• Hard to keep up with fast-changing AI 

landscape



Perspectives – AI & Photonics 

AI for optics

• End-to-end deep optics: co-design 
optics and algorithm

• Differentiable, physics-informed
optics

• Generative inverse design at scale

• The real challenge: robustness and 
hallucination

Optics for AI 

• Interconnects: co-packaged optics goes
mainstream (2026+)

• Computation: nonlinearity, in-situ training, 
real advantage at scale

• Convergence: one photonic platform to 
communicate and compute

• Wild cards: quantum computing
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Thank you for your attention !


