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We bring Light to Al

Photonic computing for large-scale Al applications

A (non-linear) entrepreneurial journey from optical computing to Al agents
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How LightOn actually started




Procrastination

Coffee

Light®n




It all started with an
experiment in Sylvain’s lab
of Computational Imaging

We realized that lasers and light
scattering perform mathematical
operations that :

1/ are useful

2/ you can « harvest »




Scattering:a coherent process Light®n

laser « Speckle »




Scattering:a coherent process

laser « Speckle »

Modulated beam

laser

Spatial Light Modulator

CMOS camera




Scattering:a coherent process Light#n

- (hl,l hl,Q C e h]l,N \ :
Discrete | | hai hep o han B Discrete
input vector | : : T output vector
ba K,W’l hate .. harn ) H (speckle intensity)
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laser

Spatial Light Modulator
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Optical Processing Unit technology Light®n

Scattering
material

Modulation

Data out
‘

Vectory = |M x|?2

Data in ‘

Vector x

Speckle

Beam blocker
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Matrix-vector multiplication through light scattering = Light¥n

Non von Neumann

: (10%2) :
5 I.i.d. (complex) gaussian .
- random coefficients :

. 1 million § Equiv. TBs memory - _ 1 million
independent [ s L independent
input i == NB: these coefficients are ris : output
pixels : fixed by design : pixels




Random Projections in Machine Learning Light®n

 Random Projections act as distance-preserving point cloud embeddings

Johnson-Lindenstrauss Lemma (1984)

Lemma For any 0 < ¢ < 1 and any interger n let k be a po sitive interger such that

24
k> 3(.‘,_')(‘ l()‘(', n

then for any set A of n points € R4 there exists a map f: R? — R* such that for all z,.z, € A
\ I P. s L3

(1-¢)||lzi - -"1H2 < || f(z:) = f(x5) |2 < (1+e¢)||xi - .r_,H2

e NeurlPS 2017 Test of Time Award
“Random Features for Large-scale Kernel Machines”, Rahimi, Recht, 2008




The TRL scale

TECHNOLOGY READINESS LEVEL (TRL)

ACTUAL SYSTEM PROVEN IN OPERATIONAL ENVIRONMENT

SYSTEM COMPLETE AND QUALIFIED

SYSTEM PROTOTYPE DEMONSTRATION IN OPERATIONAL
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EXPERIMENTAL PROOF OF CONCEPT
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RESEARCH DEVELOPMENT DEPLOYMENT

BASIC PRINCIPLES OBSERVED

TECHNOLOGY CONCEPT FORMULATED




The first 4 years 2016-2020

TECHNOLOGY READINESS LEVEL (TRL)

Climbing up the TRL ladder

ACTUAL SYSTEM PROVEN IN OPERATIONAL ENVIRONMENT

SYSTEM COMPLETE AND QUALIFIED

SYSTEM PROTOTYPE DEMONSTRATION IN OPERATIONAL
ENVIRONMENT

TECHNOLOGY DEMONSTRATED IN RELEVANT ENVIRONMENT

7
Component 4 TECHNOLOGY VALIDATED IN LAB

DEVELOPMENT DEPLOYMENT

Photonic hardware

Lab
experiment

5 TECHNOLOGY VALIDATED IN RELEVANT ENVIRONMENT
3 EXPERIMENTAL PROOF OF CONCEPT

TECHNOLOGY CONCEPT FORMULATED

1 BASIC PRINCIPLES OBSERVED

RESEARCH




Optical Processing Unit technology Light®n

LightOn Optical Processing Unit (OPU)
the world’s first photonic Al co-processor publicly available

2200 TOPS

In a single photonic core

with only 30 W TDP

200 times better in #OPS/W than
NVIDIA V100 GPU boards

Used by Al researchers through LightOn’s cloud platform = build a community




Optical Processing Unit technology Light®n

Optics integration
in aluminum
monobloc




Optical Processing Unit technology Light®n

LightOn Appliance . Photonic core

g OPU
o-p =
Software - Frca
integration for
hybrld data - Host system GPU

prOCESSIng Code sample o : I PCle
architecture el ey o ACANA
;;?:;mﬂ(;()"m Lightonml CPU
API




Developing applications

Component

Photonic hardware
Lab j
experiment

Application
layer

System

Al software

+

Photonic hardware

—

DEVELOPMENT DEPLOYMENT

RESEARCH




Hybrid'computing in Al pipelines

Light#®n

H \J .l..'o
Ilvan Dokmanic “-T\‘J
i 2* " NEURAL INFORMATION
Associate Prof. %%, PROCESSING SYSTEMS
ol

UNIVERIITY CF ‘

ILLINGIS  “*bes  NeurlPS 2019

David Rousseau @dhpmrou - 4 avr. v
Our talk on analysing #hep data with random matrices in @LightOnlO
Optical Processor Unit accepted at @ichep2020 conference ! (Remote in
July or Prague beg 2021)#hepml| @Laurent_Daudet @IgorCarron

1 6 ¥ 5 '
l

Pre-conditioning
Analyzing ! for RandSVD

Ya

Sketching

for changepoint detection

Accelerating SARS-COv2
Molecular Dynamics Studies
with Optical Random Features ‘?
Ya

Amélie
Chatelain

Transfer learning Reinforcement Learning
in Convolutional Deep NN

O/ ]

A
Ya

Reservoir computing Adversarial robustness /
for time / time-space series differential privacy

4 j by design
O o/

LightOn ML
R&D engineer

\ .‘.‘}:‘}: ..'}...‘

5% " NEURAL INFORMATION

;‘ PROCESSING SYSTEMS

NeurlPS 2020

AN
¥
".:.

Collaboration
with Criteo

criteol..

Collaboration
with FAIR

£

Facebook Al Research




Light%n

Accelerated scientific computing
with
Randomized numerical linear algebra




Light#®n

HPC Use case: Accelerated Scientific Computing

Randomized Numerical Linear Algebra

DOE RASC report (Jan 2021):
randomized algorithms are “essential to the future of computational science and Al for Science.”

* Approximate matrix multiplications

e Randomized SVD

e ... And much more
Photonic co-processors in HPC: using LightOn
OPUs for Randomized Numerical Linear Algebra

Daniel Hesslow, Alessandro Cappelli, Igor Carron, Laurent Daudet, Raphaél Lafargue,
Kilian Miiller, Ruben Ohana, Gustave Pariente, and lacopo Poli
liohtOn Paric France

See Hesslow D. et al, HotChips2021 proceedings, https://arxiv.org/abs/2104.14429



https://arxiv.org/abs/2104.14429

HPC Use case:‘Accelerated Scientific Computing Light#n

A B
TOY EXAMPLE A
Multiplying 2 matrices

NB: DON’T DO THIS IN PRACTICE !




HPC Use case: Accelerated Scientific Computing

A B A R RT B AR RTB
] ]
/N —
\ )
Y

R
I Matrix with Random Gaussian Entries
m

n




HPC Use case: Accelerated Scientific Computing

A B A R RT B AR R'B
1 ]
£\ —_
\ )
\l

R
I Matrix with Random Gaussian Entries
m

n

0n®) - 0n*m)

Computational Complexity: . - \

A AR

Q”RI




Light%n

HPC Use case: Accelerated Scientific Computing

Randomized Trace estimators — application to Graph Neural Networks

A3 TRACE ESTIMATION

4 0.25

Hutchinson’s trace estimator «ts !
- _l_ .'/‘ ‘ lc_’().2() e
Tr(A) =~ Tr(RAR") T (L NN I W
= o @ . 2 T;f()‘l()
5 o L ] 0.05 | \\A\ e - T
y M Compresinratie.
o(n®) - 0(m®+n)
A3 ~ T (RASRTY ~ T\ TH\3 Community detection in networks
TI(A ) ~ TI(RA R ) ~ Tl((RAR ) ) - Triangle counting on graphs . adi




HPC Use case: Accelerated Scientific Computing Light#n

SVD

SVD




HPC Use case: Accelerated Scientific Computing

R — X — 0 s Y
RANDOMIZED SVD
X
Randomized | 0 %
SVD U
SVD

Finding structure with randomness: Probabilistic algorithms for constructing approximate

matrix decompositions, Halko, N., Martinsson, P., Tropp, J., 2009, arXiv:0909.4061



Light#®n

Some benchmarks

LightOn Appliance for Al acceleration Real-time Al analysis of large-scale HPC results
Approximating Kernel Ridge Regression L. :
PP 9 N 9 S Change detection in Molecular Dynamics
for classification tasks
Calculation time Energy consumption Compl;ttigilor o Compu:{;?nf:r L
GPU CPU
AN 1.3x - 23.6x i Light©n I 15x faster 30x faster
+Light©n I savings . 7x savings 9

Performance gains on Kernel ridge approximation for classification 15x faster than FastFood on CPU at 50k atoms. For 700k + atoms,
tasks. Dataset gm/ (quantum chemistry), high energy physics, and NEWMA RP on OPU is expected to be 30x faster than NEWMA
others. The OPU is compared to an NVIDIA P100 GPU (250 W). FF on CPU. Library: LightOnML, Dataset: Molecular Dynamics
GPU RAM limit was hit at 32GB. Results acquired extrapolating to simulations (HPC, Anton), OPU: Aurora 1.5

1M features. OPU: Aurora 1.5 (30 W).




The pivot

Light#®n




May 2020: supercomputer-sized Al Light#n

. : Microsoft teamed up with
Training a single GPT-3 model : OpenAl to build a massive
- 3 Million GPU-hours (on NVIDIA V100s) Al supercomputer in Azure

Frederic Lardinois E]

- 550 T CO, equiv.
- Estimated price 5-10 M S for training only

Could OPU technology speed this up ?




Deploying in-operational environments

Lab
experiment

Component j
i/Photonichardware

System

Al software

+

Photonic hardware

—

>

DEVELOPMENT DEPLOYMENT

RESEARCH




Light%n

we put an OPU in a #top500 supercomputer !

LightOn Photonic Co-processor Integrated
Into France’s Jean Zay Supercomputer

HP( ‘ December 23, 2021

PARIS, Dec. 23, 2021 -

Jean Zay supercomputer




AN AR seee AN
-/III\(IK\I.







Light%n

As we first learned how to train LLMs on GPUs ...

we realized there was an immediate market for it !




2021 pivot:‘decoupling hardware and software Light®n

>

Software
v
Al software Large Language Models

+

DEVELOPMENT DEPLOYMENT

Component Photonic hardware

Hardware as internal R&D
Photonic hardware >
Lab
experiment

RESEARCH




Light%n

Contributions to open-source LLMs

Mamlbaoutai Alfred ModernBERT

jnll
with Answer.A




NOOR: world’s first LLM in Arabic

Technology

. . — (e
L I g h t 53 n pa rtne red w 'th T @ :::ﬁm‘jon TII, LightOn Partner to Build NOOR Platform for Exascale

Abu Dhabi Computing for Foundation Models
. PP
to build

noor

The world's first Large Language Model in

Modern Standard Arabic - released 2022 ————
glall puai A 1S4 Jas 3l 039 $alaidyl guaill
ding o e ®
Noor powered the first Al-written 8,03 4S5y eloll ‘lgutow weiSe JGe Jof p20
journal article in MSA Jasll 8 Lz glgiSall wilgal Gas dSlge le "sloa¥l" dious
ssixall delioy Lisall

AlEtihad News; Nov 19th, 2022

hpet iy Sy e WG

bit.ly/30UWGG: Juolizl e

~aph gt Ay A5 o Raralmy AP Bt o ol W' o Y Sy




LightOn in 2025

Our mission :
turn GenAl into an enterprise-ready solution



Finally reaching the top !

Component

Photonic hardware

Lab
experiment

System

Al software

+

Photonic hardware

—

Software

Large Language Models

Hardware as internal R&D

—

Platform

PARADIGM

X

The LLM platform
for the Enterprise

@ RESEARCH DEVELOPMENT DEPLOYM!!



Turn GenAl into an enterprise-ready solution:
* Safe
* Reliable
e Compliant
* Customizable
e Sustainable

State-of-the-art LLM,
customized to your needs Light#n



Turn GenAl into an enterprise-ready solution

‘-. .
customized to your needs . Light®n

State-of-the-art LLM,



Light#n

From documents to insights

Al générative marchés croissance
Alfred 4

revenue that is quite significant. The Generative Al market is

estimated to generate a revenue of 1.3 trillion dollars, represent g Company workspace > LightOn-Document_d-En... &, X

—

about 12% of all technology spending by 2032. This estimation
: ; Citations @) 2 3 4 5 - 100% + < ((21)/219 >
comes from Bloomberg Intelligence, which forecasts the econo

potential of generalized Generative Al between 6.1 and 7.9 trillic

dollars.

Today The software segment, where LightOn operates, represents mo

than half of this Generative Al market by 2032. This means that
Al générative marchés croissance St 5 X ;

companies like LightOn, which develop solutions based on
New Chat language models (LLM) and content generation tools, have a

considerable growth potential.
Bonjour, aide concernant LightOn

In the French context, it is mentioned that in 2023, only four

startups specialized in foundation models were present, includi T e o O A T i g o0 g

| Analytics LightOn and MistralAl. This suggests a limited but growing

competition in the French market, with international players suc \ e éeation de V'ad
(1] pocuments s 20 wndeh du o

Rnologiques d'ici 20324

Ilier d¢ milliands deo

> Prompts assistant

{9} Chat instruction gm LightOn-Document_d-Enr...

8 Laurent Daudet @ Attach existing file(s) @ Upload new file(s)



Light#®n

More complex workflows

make a graph illustrating the total vehicle production capacity for each site

Current inslalied Arvseal Vehick Capatity
(Rogion [ Medet | Casechy |
Cavtorria Mode! 5 / Madet X >

Model 3/ Model ¥

Madel 3/ Model ¥

Model Y

Modet Y

Cybertruck

Tesia Sem

Nt Gany Platform

Rosdeter

7BIXJ.png
75.0 KB

Agent answered

Based on the text extracted from the image using OCR, | can provide a graph

illustrating the total production capacity of vehicles for each site.

execute_python executed Success
chart.png
21.0 KB

Details




Light#®n

This workflow calls on a range of tools

Optical Character Recognition

Python execution

You asked (using OCR

make a graph illustrating the total vehicle production capacity for each site

Current instalied Arvieal Vebich Capatity

Rosdeter

7BIXJ.png
75.0 KB

Details

Agent answered

Based on the text extracted from the image using OCR, | can provide a graph

illustrating the total production capacity of vehicles for each site.

execute_python executed, Success

chart.png
21.0 KB

Details



One more thing...




One more thing...

Can you use optics to train a (very) large digital model ?

Wang, Muller, et al., arXiv:2409.12965(2024)

4
i




Still plenty of interesting research questions

Light%n

Component

Photonic hardware
Lab i/
experiment

System

Al software

+

Photonic hardware

—

Software

Large Language Models

Hardware as internal R&D

—

Platform

PARADIGM

X

The LLM platform
for the Enterprise

Back to
the lab



Training with backpropagation oot Lo

FORWARD : inference

Iraining in

Progress. . .
« backprop »

de-facto standard for training
 Power-intensive
« Constraints to a layered NN
architecture

Gradient Descent

BACKWARD : Error propagation and weight-tuning _g -
based on local gradients ' @




Training with Direct Feedback Alignment (DFA)

&) Usedandom weightsyo directly deliver feedbacks from the global loss.

& parallelized backward pass

l Bn—l l Bn an+l

loss
input ------- - — —_— | | e + output i error
wn wn+1
layer
gradient signal from layers above random projection of the loss gradient

SWEP = — (W], 6a,,) O fi@)Ih, —> SWP = —[Be) 0 fi(a)lh;,

i+]

General-purpose: agnostic to model architecture & scale well

Original paper : Arild Ngkland, NeurlPS 2016 arXiv:1609.01596 @


https://arxiv.org/abs/1609.01596

ODFA onText Transformer

=l

Embedding layer

( Decoder block

’—————1—————~
-—————|—————-—

"]
2
8
55
SRS
=
A~

Casual attention
Fully-connected

» Decoder blocks 1
>[Last decoder block]
[PI'O_] ector layer]
<

\J
b) §=T§>p

Gradient
Vector

Projected | Scattering
Speckle Media

edium Lens

Lens

4
Laser *

<
-

o,
ens
¥ Camera CMomplex DMD

Optical Processing Unit

1B parameters GPT-like
transformer

400M parameters directly
receive optical signal

Cornell Movie-Dialogs Corpus
Example in the Dataset

MILES: Back at you.
JACK: Love you, man.
MILES: Yeah.

JACK: So I'll see you at the
rehearsal.

P

Kilian Muller
(LightOn)

Z}ao Wang
(LKB)

Wang, Muller, et al., arXiv:2409.12965(2024) @



Training Loss

w2
1

ODFA on Text Transformer: Performance

oOriLw =T UDUI'A

Dr DICA- DY

Log-log scale

10 10°
Total Processed Tokens

Wang, Muller, et al., arXiv:2409.12965(2024) e



'ODFA on Text Transformer: Performance

0% Training

aQ o do wantQain do do twoain o
re[ through show" happenQ start. 21t

JULIANNE JULIANNE
o0 - UUIA =™ DI LILA t =D 20% Training
b JACKIE : Snkups to the brags, but I
5 Log-log scale e g
" CRAYC : It' s just a concer. ¢
w2
S 4-
)
8=
=
'S
= 3 - 100% Training
\ JOE : So what are you talking about? ¢
ED : I mean I'm sorry, you know how
to know you are. ¢
2 'l""ll 'l' ' """} ! i L

6
10 10 10

Wang, Muller, et al., arXiv:2409.12965(2024) Q
Total Processed Tokens



Training Loss

" ODFA on Text Transformer: Performance

0% Training

aQ o do wantQain do do twoain o
re[ through show" happenQ start. 21t
JULIANNE JULIANNE

0 UUIrA T Dr UrA DI 20% Training
JACKIE : Snkups to the brags, but I
5 - w e know that. ¢
JT CRAYC : It' s just a concer. ¢
M,
4 - ‘W\\‘U |
\\A,@ \t tra\ns.

| i | Linear scale % modest .
3 A I \-\\\ e formances 100% Training

, D T JOE: So what are you talking about? ¢

2 er than

- )( 10x slow ED : I mean I'm sorry, you know how

% oM 20m GPU on LLM to know you are. ¢
2 I b | 1 ; l

5 6 7
10 10 10

Wang, Muller, et al., arXiv:2409.12965(2024) @
Total Processed Tokens



Vision Task: More Suitable for ODFA

Earth System Model
Based on partial differential equations

[nputs
Dim: 4x96x144=55296
Forcing AgentsxLatitudexLongitude

Outputs

Dim: 96x144=13824
LatitudexLongitude

@rface Temperature \
Vision Transformer Change Year 2100 (e.g.)
134M parameters -_,_‘—\. R
Vison
[ Transformer J ,
-’ — -
Fully-connected

Neural Network g

1.3B parameters p——
-

Dataset : ClimateBench (2022)

Wang, Muller, et al., arXiv:2409.12965(2024) @



FCNN and ViT.with ODFA on Climate Projection

Absolute Bias
from the Target

Evaluation metrics Temperature Change
(lower i1s better) in Year 2100 (Prediction)

ViT
(ODFA)
FCNN
(ODFA)
VIT §
(Reproduce) =

ViT
(BP reproduce)

ConvNN

FCNN 319
e 0.81

ViT Benchmark

|

0.00 0.25 0.50 0.75
NRMSETolaI
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-
) .

ViT
(ODFA)

FCNN B () 377
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ViT B
(Reproduce)

0.389

1
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ConvNN | 0.404

F(({;]I\) 0.502 | - .
ViT Benchmark T T T T T T

s . . i 7
036 039 042 045 048 0.5] 223 0k kS s 8T
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Wang, Muller, et al., arXiv:2409.12965(2024) @



FCNN and ViT.with ODFA on Climate Projection

Evaluation metrics Temperature Change | Absolute Bias
(lower is better) in Year 2100 (Prediction) | from the Target
Vit % | [————
(ODFA) é :
FCNN
= 9 |
(ODFA) Tl = |
> o |
ViT i = I
(Reproduce) = &; :
ConvNN :
FCNN = ' ki
i, _ . 0.819 ~ |
ViT Benchmark |
0.00 0.25 0.50 0.75 :
NRMSETolaI |
: o i
ViT tate of oo
opin) 0.389 ﬁ C\OSe {0 S i
FCNN 0377 erform anCeS | e -
(ODFA) 3 the artp :
: I
VIiT |
(Reproduce) = x St\\\ S\OW (faﬂdom\\) :
‘ |
ConvNN { 0.404 c . S '\'_OO Sma |
FCNN prOleCt\On :
(BF) 0507 Lo |
Vil H}-n\h:]:«'u}\ ) | '7 'l 6 i ; 3° 4 & 8 7
036 039 042 045 048 051 A - :
RMSE S wuange (VC) ! Surface Temperature Bias (°C)

Wang, Muller, et al., arXiv:2409.12965(2024) @
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Towards Extreme Scale: When will ODFA be faster than BP?

Scaling along the dimension of hidden layers

o0

NN

(S

,,,,.,../ ot T il Y
’’’’’’ -5- BP
0 500 1000 1500 2000 2500 3000

Dimension of Hidden Layers
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1.001
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e
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-
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Number of Layers

100

Wang, Muller, et al., arXiv:2409.12965(2024)
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Towards Extreme Scale: When will ODFA be faster than Bp?

Scaling along the dimension of hidden layers Scaling along the number of layers
96
1751

—e— ODFA
->- BP

l3080

(=TS

I ] Al
E i3 jfal vl = 150 :
e | ' ” 2 B125 E
e |1 § :
3 / 56 2 210 o 2
§ L § 2075 a Opt\cah -1496:2:
= 36 £ & E
E” ﬁ DFA 1S para\\e\ Z =50 DFA has the - :
; ( (W\th regafd 1o ODFA Ine “0-25{ potent\a\ 1o ap - IZZ £
E 0.00 rm -
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er O
numb tor future 1arge
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Wang, Muller, et al., arXiv:2409.12965(2024) @
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By way of conclusion




The first publicly traded GenAl company in Europe !

Lightén Introduction en Bourse

Nov 26th, 2024

Light#®n ‘



The entrepreneurial journey Light#n

How we want it to be

Set a goal Achieve it

Getting it

Learning

Starting Practicing

Seta
goal

Achieve it

Doubting Feeling

lost

Failing




