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* Why optical computing is reignited?
* How to do optical computing in photonics?

* Our works: optical streaming processors
implementing novel models in photonics
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Why optical computing is reignited?

(1) Power issue and demands for computational power
e Computational power doubles per 10 months
* Energy consumptionis already substantial, and is increasing rapidly
* End of Moore’s law— stagnation of digital processor performance
* End of Dennard law — energy efficiency gains slows

(2) Advances in optical interconnects and photonics-electronics co-integration
(3) Physical system computes better in energy efficiency

On-Package Physical concepts + machine learning
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“They used physics to find patterns in information”
https://nvidianews.nvidia.com/news/nvid https://www.nature.com/ar y by P

ia-spectrum-x-co-packaged-optics- ticles/s41566-025-01633-0 https://www.nobelprize.org/
networking-switches-ai-factories

Intrigue constructing optical physical analog Al system
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Optical computing: Hype or hope?

Energy saved or not? Pros and cons Why it failed? What we are
Pros: expecting
Exin?-ple: Of:cical 'Fjljrier tTSformation Low energy Lost to VLS| due to
g o Low latency . Scalability
— High clock speed « Low integration
High bandwidth * Programmability
Object piane Fourier plane v ol High parallelism * Noteasytouse
I’d to call it lens instead Network compatibility @
. . Cons:
of computing since -
, Scalability © '80/77
Three elements required Programmability S b /f)-)proe'//)ow

* On-demand use input Nonlinearity
. Reconflgurable . Trainability
* Resultinterpretation Stability

=>» Overhead consumes
additional powers

Low resolution
Area efficiency

Comments:

* System evaluation is of necessity

* Concerns of heavy overhead related to digital processors and memory
* |tistime to re-evaluate the possibilities of optical computing
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How to do computing in photonics?: scalar operations

« Addition interferometer P, photodetector
* Electrical field addition (coherent) b1 P, Z p.
* Optical power addition (incoherent) E; in 5 l
3
E5

* Scalar multiplication

Incoherent (i.e., power)
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Multiplexing for linear operations
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How nonlinear functions can be achieved in photonics?

o Pout 2
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Towards traditional
O—>PD — TIA/ADC — E ~  activation functions
Digital circuits Analog circuits

E—-DAC/Driver —»Laser/modulator - O

Data-encoding enabled nonlinearity

X X

| |

— MZ —| MZ |— sin?(x)
Sin(x)

* We are focusing on wide nonlinearities to construct —

new models instead of replacing traditional ones
* Despite of same technology, new possibility and
effects are achievable
* Offering new merits in solving some remaining

Alﬁhallenges

| Support vector machine (SVM)- Towards challenges of :
like nonlinear projection
= Nonlinearity

Bilinear projection

Vertically hierarchical PNN

__ Scalability
Small-sample learning

= EO Hopfield network



Our works: optical streaming processors implementing novel models

. : Linear + EO-hybrid Linear + All-optical
Linear transformation ) ) } )
nonlinearity nonlinearity
022 2023 2024 2025 ]

Ourapproach Data-encoding

nonlinearity Multiple operators

L@ 04 D B a

Nonlinearity

Bilinear

/

SVM (support vector machine)-like
nonlinear projection-based PNN

Spatiotemporal encoding Loss-robust
Physical intelligence architecture

Scalability

Vertically
hierarchical
PNN

OFC 2023, W3G.2.(Invited talk) ‘.
APL Photonics 9, 056110 (2024) A
Gate modulated PNN

AIST 8



(1) Nonlinear projection-based PNN

2 4 . High-dimensional Separationplane
% 0....::3 e opticalcomplex
_____ el A o0, n .... amplitude domai
: : o o n B fE o !
Tsmusmdal S L o l >
o e .. .....
ceg o,°%,
X ——0—0—0—0—0—0—0—0—0—0—0—00-0—> ®e g0
L ] e o
Label 1  Label 2 .
* For multilayer perceptron (MLP), it is using y = wf(...(wf(wx +
b) + b)) to‘approxmate anonlinear fl.Jnctlon.‘ o Pt N
* We are thinking reversely: constructing nonlinear projection ... multiplication
function firstly, that may enable easy separation. _— Lessesnensess, - Optical output

Nonlinear projection + linear separation

* Leveraging phase-amplitude (EO) nonlinearity of MZI
* Linearseparation by VMM afterwards
 Maximum-power port position indicates the result

* Only passive circuits Phase s.hifre:r Mach-Zehnder interferometer
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Encoding the data into MZIl network

XOR Iris

Nonlinear datasets

Bilinear projection

S
L’%_) Uy,
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6() = ((U21(52 © (%)) © (U1 (51 O F(x)))

f v; =51 ® sin(xjm
~|: vi=510x
Vi

=Uq1(51 O x)

* Encodingthe data into MZI networks
* Leveraging EO nonlinearity associated with data encoding

nature photonics

Explore content v  About the journal v  Publish with us v

nature > nature photonics > articles > article

Article ‘ Open access ‘ Published: 31 July 2024
Nonlinear processing with linear optics

Mustafa Yildirim &, Niyazi Ulas Dinc &, llker Oguz, Demetri Psaltis & Christophe Moser

Nature Photonics 18, 1076-1082 (2024) ‘ Cite this article

Fout = HTp(X) ... HT15(x)HTy, (x) Ey

nature photonics

Explore content v About the journal v  Publish with us v

nature > nature photonics » articles » article

Article | Open access ‘ Publish
Nonlinear optical encoding enabled by recurrent linear
scattering

ed: 31 July 2024

Fei Xia™, Kyungduk Kim, Yaniv Eliezer, SeungYun Han, Liam Shaughnessy, Sylvain Gigan™ & Hui Cao &

Nature Photonics 18, 1067-1075 (2024) ‘ Cite this article

nature physics

Explore content ¥ About the journal ¥  Publish with us v

nature > pat s > article

Article | Open access | Published: 09 July 2024

Fully nonlinear neuromorphic computing with linear
wave scattering

Clara C. Wanjura®™ & Florian Marquardt ®&

Nature Physics 20, 1434-1440 (2024) | Cite this article

Input replication improved nonlinear expressivity
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Device and module

Nature Communications 13, 3261 (2022)

XOR Iris
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PNN module

from pcnet import PhotonicClassifier

Parameter

initialization model = PhotonicClassifier()

model.weight_init()
loss_func =
torch.nn.MSELoss (reduction="sum")

PC
v
40Chdcx2
Pol. Contr. |
Laser 0, PNN 8ChPD

O PyTorch

https://pytorch.org/

== Select algorithm

Homi
Y

o I
[ Jew. 50 Jew. [ Jsm

| Update weights | | Update weights | | Update weights |

~ - T
- ——

y, loss = model(x)

model.FFGrad(x, yt, loss, ©.ee1)
optimizer.step()

or

model.BFOEng(xb, yb, loss, @.ee1, ..)
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Classification experiment: Boolean logic

OR XOR

P=|y|2 Separation
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Classification experiment: Iris dataset

https://archive.ics.uci.edu/ml/datasets/iris Optical power before training

No. | Sepal length | Sepal width | Petal length | Petal width | Species 7 I I“l ”l I
1 5.1 3.5 1.4 0.2 Setosa = 1
2 a.9 3 14 0.2 Setosa 6 I[I ::‘ I" 1
3 a7 3.2 1.3 0.2 Setosa 5 H |
: = = S = = + 11
51 7 3.2 4.7 1.4 Versicolor = o 4 i
52 6.4 3.2 4.5 1.5 Versicolor o 3
53 6.9 3.1 4.9 1.5 Versicolor 2
101 6.3 3.3 6 2.5 Virginica =] } = & 1
102 5.8 2.7 5.1 1.9 Virginica .
103 7.1 3 5.9 pat | Virginica '?" 0 ,
. . |rgi}|:p
* Data normalization Samples

* Portassignments
* Port1— Setosa
* Port3 — Versicolor
* Port5 — Virginica

train 94.44% test 96.67%
7~ 7-
6 Virginica| 6 - Virginica|pm- 0.8
o 5 AL 5+ AN ] Y
o g- VersicolorI .. g- VersicolorI Il . 0.4
a 34 * - 11 .
2 - Setosa 2 - Setosa ¢ 0.2
1:|_ 1:|- 0.0
0 0
1 1 1 1 1 1 1 1
0O 20 40 60 80 0 20 40 60
Samples Samples
AIST Optical power mapping after training

Two examples of digital NN

https://python.atelierkobato.com/variety/

e  4x10x15x%3
 RelU
e 235 weights
e ~97%

A Model of Deep Neural Network for Iris Classification With Different
Activation Functions

Publisher: IEEE Cite This - PDF
DOI: 10.1109/IDAP.2018.8620866

1* Hidden 2" Hidden | Epoch T Accuracy
Layer Layer Number Rate
100 | 86T\
200 [ 86%
Relu Sigmoid fs6% \
30 | [se% |
400 | s6% |
100 HEZ
200 90% - o)
Relu Tanh t . 86 90 /0
300 [ 90%
400 90%
100 90%
200 |\ 90%
Relu Relu 1
300 \oow |
400 | %%/
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Details of experimental results

4- Power: ~360 mW Long time stability
1.00 (a) 0.347 (b)
—8— train
B’ 098; 0.324 -8 test
-~ O_QB_J—H—E—E\E i
5 2 0.30
E 0.944
-t 0.28 1
0.921 B test
0.90 T T T T 1 0.26 T T T T 1
0 T i 7 ] 9/229/239/249/279/28 10/4 9/229/239/249/279/28 10/4
0 10 20 30 40 Date Date
Heater index

XOR = 0 Port 2
XOR = 1 Port 6

XOR Training ‘

Real-time Power Ratio %

ort :MSE  Acc :MSE

Fort] 29 % Portd 482 % FPort5 85 XFPort? 76 % :0.072

3

Port2: 35 X Portd: 36 % Port6 2 %Portd 237 % :5

=0.00:

. =0.00

E 100 kit Acrieace 100 % XOR Verifination & Nt

=z+A - {8 :0.00!

SEFFA-FEHLET LT
T T T

CTRSEAIERES CEiEd) e
v (61 @158 [P G0 G158 B 7 1 55 [tn o [0 611 58 [c |68 @) 58 [Bwces | G0 @1 53 [ wces | @10 [ 64 By [ 01 53 ]

XOR vid ing BFO algorith ;
video using BFO algorithm v’ Electronics for 10 only

Demo video

v' Computingis done just by optical propagation

v
AIST Latency <100 ps
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(2) Bilinear projection in gate modulated PNN

z1 =Wx,z,=Vx arXiv:2002.05202v1,12 Feb 2020

L GLU Variants Improve Transformer
Bilinear B =2z,Q2z,

: These variants have shown
: Noam Shazeer . .
B; = E Wijxj Vi Xp : Google improvements over traditional

noam@google.com

: activation functions when used
: February 14, 2020 .
@ : in Transformer models.
Abstract
M/l] x] xk E Gated Linear Units [Dauphin et al., 2016] consist of the component-wise product of two linear pro-

H jections, one of which is first passed through a sigmoid function. Variations on GLU are possible, using
Va rla ntS E different nonlinear (or even linear) ﬁm(.jtionﬁ i.n place of sigmoid. We test these variants in the feed-
. forward sublayers of the Transformer [Vaswani et al., 2017] sequence-to-sequence model, and find that

: - some of them yield quality improvements over the typically-used ReLU or GELU activations.

ij%; - sin(x) GLU(z, W, V.b,¢) = o(aW +b) ® (zV + c)
’ Bilinear(z, W, V, b, ¢) = (zW + b) ® (zV + c)

ZIN
c
ZIN
c
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