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A \ Deep learning for Microscopy 8@

LKE

Network input (confocal) Network output (confocal)

________
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imaging
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Network input Network output S 2 ,%
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i H&E virtual X o g
tain network S EDT
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Virtual +denoising etc...
staining
: In France : Sibarita (Bordeaux) J.C. Olivo Marin (Pasteur) etc...
Bai et al. Light: Science & Applications (2023) France-Biolmaging, GDR ImaBio, PRAIRIE.

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

[ .
Experimental setup
seénsor

diffuser

\

« DiffuserCam » (Laura Waller)

* Holography

* Inverse problems

* Hyperspectral Imaging

* Lenslessimaging

« Ptychography

* Imaging in Complex Media

e Anne Sentenac/ Marc Allain (Marseille)
* Corinne Fournier (Saint Etienne)
* Laure Blanc-Féraud (Nice)

See talks of Vincent Favre-Nicollin and Nelly Pustelnik

S
( )
Algorithm 3D Reconstruction
V= argm>in b —Hv||3
v> N
+A[[¥v|[1
; S
Calibration pe
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In France :
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\ \ Inverse design in nanophotonics

LKE

Metamaterial Polarization

Photonic crystal 4 .\ Pnase

integrated

Forvr et wavelength
Silicon photonic device 4 —— Wavelength de m u l ti p l ex e r

Plasmonic nanosiructure Crbital angular momentum

A

Metasurface -

[
polarizer
1 ==\
0= SN = O
& A Sy 1 Wy == 8o
FX( =20~ y fgsg»
O ‘=)
Multilayer perceptron Hybrid model
m | @CNRS: Philippe Lalanne (Bordeaux) Nicolas Bonod
AR (lni{y]| e (Marseille) Peter Wiecha (Toulouse), etc...

Recurrent network

Ma, Wei, et al. "Deep learning for the design of photonic structures." Nature photonics 15.2 (2021): 77-90.
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\ \ Deep Learning for Non-Linear & Ultrafast Optics < @
L KB _

g

[ o4 single-shot temporal intensity evolution (W)
100 300 1000 3000

Intensity
(10 dB/div)

Optical pulse splitter

(integrated chip + controller) X 400

300
e  Multimode, Non-linear, broadband

* Very hard to predict

e very high practical relevance

Fibre propagation (m)

=
0

100
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.

| Intensity (dB)

distance (m)

O —
%5 Input ’
*  Mode locking of lasers 58 JL/M - o o -
O Non—linear Dynamics - 1550 1560 1570 wavelength (nm)
* Solitons / Rogue waves coustn o o it S
° U |trafa St | n Sta bl | Itl es communications 16.1 (2025): 7800.

@CNRS: John Dudley, Daniel Brunner (Besancon)

’ Supercontlnu-um.generatlon Benjamin Wetzel (XLIM) Christophe Finot (Dijon) A.
* Telecommunications ... Mussot (Lille) ...
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\ \ Artificial neural networks (ANN) - the perceptron g

impulses carried
toward cell body = == - “ a
branches

/5
dendrites \/ V/ of axon
W\ Jees

f};> axon

nucleus—==_g L axon )

= = terminals
B | T— TN
?{“ %‘ \ impulses carried @
away from cell body
cell body
loosely
Inputs  Weights Net input Activation inspired
= function function
@ output
'/WY‘H
xm

y =) wizi +b) = p(w'x +b)

i=1 \

«  Multiply-and-Accumulate (MAC) -
* Tunable weights Pl
« Non-linear activation function ° | S -

J/

< Linear classifier
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The Mark | perceptron ' T
(Frank Rosenblatt — 1960")




The multi-layer perceptron

COMMON
CRAWL

Text for training LLM

100 billions webpages
~8 PetaBytes
+ ~320 Terabytes / months

50k examples
10 classes

95% of analog
~50MB

computing b "'z".:" A

ll-to-all connectivity
papers

Adjustable weights
Non-linear activation functions
Universal function approximator




Al and Compute

Training compute (FLOP)
1027 _—
O
10% - -
@)
1025 =
10% - ———
Meanwhile:
O - < (] [ ]
S GPU energy efficiency
1023 (@) - - =

S N < 1.34 / year

(~Moore's law)

: | I 1 T ‘
2020 2021 2022 2023 2024 2025

https://epoch.ai/trends
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Light : moving Al's data with light within datacenters S @

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

NVIDIA Co-packaged Optlcs (s:hcon photonics)
Quantum-X: 115 Th/s

2026: Nvidia invests 4B?oherenf and Lumentum

Light is 21=~--" nunication

ight |
\__\g d fOr data

adopte

Ach ecosystem :
i€intil Photonics (CEA LETI) raised 54M€ (2025)
{€odiN (Fabrice Raineri) raised 16M€ (2025)




Always has been

wait!, it's all
matrix multiplication




2015+ computing with light (redux)

Optics has distinct advantages...
* |ow energy consumption

e Easyinterconnect - Multiplexing

e |ow latency + blazing speed

Output plane
Lens {camera sensor)

47 system _
Beng Fourier plane
Input plane (DMD) [Dhe mask)

Sci. Rep. 8, 12324 (2018).

Perspective Published: 09 October 2023

The physics of optical computing

Peter L. McMahon &

Nature Reviews Physics 5, 717-734 (2023) \ Cite this article

, Integrated optics

... and some disadvantages:

e Bulky
e Tricky non-linearities
e Storage

Free space

Nature Photon 11, 441-446 (2017)

Comment Published: 05 June 2026

The thin line for optical neural networks towards
broad practical relevance

Anas Skalli & Daniel Brunner &

Nature Photonics 20, 601-604 (2026) | Cite this article




\ \ Integrated mach-Zehnder interferometers

Arbitrary Lossless 2x2 mixers

Slow (thermal) or fast (EOM) tuning

9,' (z) ¢,‘ ()

Nature Photon 11, 447-452 (2017)

Linear programmable nanophotonic processors (review) Optica 5, 1623-1631 (2018)
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\ \ SoTA in Photonics integrated circuits

lI./D

Article Article

Anintegrated large-scale photonic \ s Universal photonicartificial intelligence
accelerator with ultralow latency acceleration ZIGHTMATTER

LIGHTELLIGENCE

https://doi.org/10:1038/541586-025-08786-6  Shiyue Hua™, Erwan Divita”’, Shanshan Yu', Bo Peng"™, Charles Roques-Carmes?, Zhan Su', Ietne://dol.ora/I01038/641506-026-06864 . Suff R. Ahmad', ieza Baghdad', Mikhail Bermadsly', Nata B ', Ryan Braid', M Cart',
g Zhang Chen', Yanfei Bai', Jinghui Zou', Yunpeng Zhu', Yelong Xu', Cheng-kuan Lu', Received: 18 November 2024 Chen Chen', Pietro c Ua', ,umm Cole’, John Oclwke »Kishor V' C
Received: 29 February 2024 !, Bryce ", Elliot : Gupta', Parry Husbands
Yuemiao Di', Hui Chen', Lushan Jiang’, Lijie Wang', Longwu Ou', Chachong Zhang', Accepted: 3 March 2025 Brian ' A " Ho John Lee', " Adam
Accepted: 13 February 2025 Junjie Chen', Wen Zhang', Hongyan Zhu', Weijun Kuang', Long Wang', Huaiyu Meng'™, Place

Maurice Stei ' & Yichen Shen™ Published online: 9 April 2025 Nicholas Moore', Laluhml Nalr Aditya Om', Subie Patel', Rutayan Patro Rob Pdlowsltl‘ i

Published online: 8 April 2025 . Esha Sane', Nicholas Sarkis', Joe Stadol
® Check for updates Gongyu Wang', KunWinlklu Aloxananlekll ski’, Josh Zelman', Rlchardllo Ritesh Jain’,
Ayon ik, Darius & Nicholas C. Harris'™

Ethernet IO S 40 00 SiP

components

1GHz . ~2Ghz
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/ \ Matrix multiplication in free space optics
4 i

LKB J

Basic building blocks:

Free space Thin mask layered scatterer

T §§< Good for large scale (~10°) Matrix . “ :%%%
i ;l

P o G

multiplication

| Slow (~kHz)

kl cascaded non-linearities remains

challenging

Ad d : :
vanee Diffractive deep neural networks

Training is hard

[ e i

2D convolutions 1D vector-matrix multiplier
Adapted from Nature 588, 39 (2020)




J\ The bandwidth and energy advantage S @
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OPEN
3 An optical neural network using less than 1 photon
i On-chip 1 1 1
l | /L i per multiplication
|
o ianyu Wang® "™, Shi-Yuan Ma® ', Logan G. Wright® "“, Tatsuhiro Onodera® "“, Brian C. Richar
2 / | i Tianyu Wang® '™, Shi-Yuan Ma@®, Logan G. Wright® "2, Tatsuhiro Onodera® '?, Brian C. Richard® &
l ! : Peter L. McMahon® 1™
On-chip | L | ——
laser [ NP S ® Element-wise Modulation A )
! |;\ :"\ T of Spatial Modes ® Optical Fan-in
On-chip | 1R @ Fan-out «
comb generation { [/ j\\,_ - l’; I
A,‘, N uare (i ! ~p
J'/ Source !. i,:/ <1 Photon per T >>1 Photons Detected
12 ' Spatial Mode ,. 3 0\/\
: -7 ‘ >
. Modulator Detector
H c Array
Fast (GHz) ‘
modulation | 4 4 4 4 A4k 4 A4 d Channel 1
c —_— iy EREERE R i
tARRRARRRRRRR = [JI1l B - Ophca;gple‘rgyperln{%rg?ce ) -

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

X Need mux-demux at the input and output

° Experiment-
—— Simulation

Accuracy (%)

L 1 A A
1077 101 10° 10! 107
Average Photons per Scalar Multiplication

Accuracy on MNIST:
90% with <1 (detected) photon/MAC
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Ballistic Light

Single scattering




random Sample
« white paint »

T T Y i

« Deep » multiple scattering regime :
X No more ballistic light

X Strong spatial and temporal perturbation
v/ Coherence is maintained

Film courtesy
of Emmanuel
Bossy
(Univ.
Grenoble)
- SIMSONIC
software




. Afteradew minutes. . -
R e P R U A S X R Is it random ?

; .
08/)(/\) Random
. Matrix
06 /theory
04 ™ \ !
0.2 .

experiment X
o 1 2 3

Disordered medium

= perfect mixer
i.i.d gaussian

+ Mesoscopic effects :
Rotter & Gigan, Rev. Modern.
Physics (2017)




Our Goal : Understand and Harness light propagation in complex media

IMAGING Quantum

I . QUANTUM
maging

Entangled

Disordered media

4l e
LIGHT IN A
COMPLEX MEDIA Learming

> "

Computational
imaging
>
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3 e Onelayer neural network
ak.a. « random projections »
rocessing
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Dimensional Reduction Dimensional expansion
« Johnson & Lindenstrauss » The “kernel Trick” « Rahimi & Recht »

4 Key insight :
You don't need to know the

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

o _ . * Make a non-linear regression problem linear
e Random matrix: dimension reduction

. e Random projections are efficient and universal
e conserve distances even for M<<N

Johnson, W. B., & Lindenstrauss, J. Extensions of Lipschitz Rahimi, A., & Recht, B. (2007). Random features for large-scale kernel
mappings into a Hilbert space. Contemporary mathematics, machines. In Advances in neural information processing systems (pp.

26,189(1984) 1177-1184).
cited ~5000 times cited >6000 times



MNIST database

Input Space Feature Space

Random Optical projections

A. Saade, F. Caltagirone, I. Carron, L.

o 97% classification
accuracy

0000000000

Linear
Regression
(digital)

Daudet, A. Drémeau, S. Gigan, F. Krzakala, ICCASP (2016)
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Computation time, s

0.2

0.15

S
[,

0.05

100 -

107 ¢

102 F 500

103

10

.”/

o
»

‘ Optical
Advantage !

7
/ Memory

lil_n 1ts

10% 10° 1094

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



\ Lighton's Optical Processing Unit

LKB §/

Random Matrix T
DeteCt Iout J MOdUIate Eln

/ ¥
J Camera Complex
1 Media DMD

J Lens

f}h}' 7

&) Lens

/,/L-

] aser
High Dimensional: 10°x10°
Fast: 1500Hz

}"'1500 TeraOPS
} ~20 1J/Ops

~30W power consumption

e already at scale for modern machine learning ©
e 1t commercial optical co-processor (2018) © in datacenter (2021)©
e Pivoted to pure GenAl (2023) ® but still very active in my lab ©



Computing with randomness - a 10 years journey

Physical information bottleneck
Input Wang, arxiv (2026)

(25t Nl

Tra/nable architecture
Wang, arxiv (2026)

Nonline
Wang, Nat Comp Sc:ence (2024)

. -
o, E eservoir computing @) -
~  Classification Rafayelan, Phys. Rev. X (2020) T
Saade, ICCASP (2016) Wang, LSA (2024) i ‘
»»»»» Spin 0; o ' s
. l § il : \
4 | Tes pie Ising Simulator \
Quamum beamsﬁilﬁer bllantum CIrCUgH}S Pierangeli, Phys. Rev. Applied . . /
P Lee, Nature Photonics (2020) (2021) Jaccuci, Phys. Rev. A (2022) Structurquwnon!veanty /’
Defienne, Science Advances (2016) Makowski, Optica (2024) Delloye, Phys. Rev. A (2023) “~Xia, Nature Photonics (2024) _

S~o

w
2016 2018 2020 2022 2024 2026




Harnessing Optical complexity for Al ?

Many use cases:

Classification,

Reservoir computing,
Direct feedback alignment
Ising models

Quantum circuits

Optical Random Projections

e Easy fabrication

e All-to-all connectivity
e Fixed weights

® at scale

® passive

YVVVVVYVYY

Beyond random projections:
e Adding tunability and trainability

* Including low-power non-linearity
® Passive non-linearities

Ability to tackle relatively large-scale/advanced Al tasks
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\\ Many things | could not cover... <

Spiking networks Reservoir computing Coherent Ising Machines Optimizers...
(Princeton, Oxford, Strathclyde) (UIB, Ghent, Femto-St) (U Tokyo, U. Sapienza...)
coupler 2 @ +——@F—=—9o 3 &— Pug{ PPLN Waveguide

____E___ | { ) | SHG
i !
B3O8 2&H>' -f | £.r ..f IP(;lggd:.‘amser'

----- Qoacoog) 3

(i
T % 8

. = N =
7 - | O} -~ ©® © Lo
silicon photonic network  IlIl-V laser array
Shastri et al. Sci. Rep. 6 (2016) Brunner et al. Nat. Commun. 4 (2012) McMahon et al. Science (2016)
Feldman et al. Nature 569 (2019) Vandoorne et al. Nat. Commun. 5 (2014) Pierangeli, PRL (2019)
Microrings weight banks Superconducting
(Princeton I B I (NIST)

o o
il & 49’@ \&*\ﬁ"\ "= WG osing

&
f & =
o

Shainline et al. Phys. Rev. Appl. 7 (2017)
Courtesy of B. Shastri



\ \ A thriving startup ecosystem (still deeptech!)
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celiecstial Al IH-["I""
Microsoft’
JIGHTMNATTER neurophos ~
LWUMAI Research
%
SALIENCE LighSolver
LABS

...and probably a few more !
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Al for 6ptics

Al is a standard tool across optics:
Imaging, microscopy, inverse
design, nonlinear and ultrafast
optics

*Al solves ill-posed inverse problems

and designs that we could not find
by hand

*Strong French community

-

N wmcs
| . ; 4 4
4
7 .

o
ALY
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‘Al
X 1
e
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Optcs-for Al

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 Al
landscape
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\\ Perspectives - Al & Photonics
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Al 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

-

) PHOTONICS
| . »' /.
4
g 1

3 +
+ I
N
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Optics for Al

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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