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Tutorial: A Journey to Optical Computing:
From Physics Fundamentals to
Hardware-Software Co-Design,

Automation, and Application

Organizers: Jiaqi Gul?2, UIf Schlichtmann3, Zhenggi Gao*, Cunxi Yu®
Presenters: Jiaqi Gul2, Chenghao Feng'®, UIf Schlichtmann3, Zhenggi Gao#, Cunxi Yu®

1The University of Texas at Austin, 2Arizona State University, 3Technical University of Munich,

4“Massachusetts Institute of Technology, University of Utah, 6Alpine Optoelectronics




Outline of Tutorial

Tutorial I: Fundamentals of Optical Computing and Integrated Photonics for High-
Performance Digital Logic and Efficient Machine Learning

Jiagi Gu, Chenghao Feng (UT Austin, Arizona State University)

Tutorial II: LightRidge: An End-to-end Agile Design Framework for Diffractive
Optical Neural Networks

Yingjie Li, Cunxi Yu (University of Utah)

Tutorial Ill: Topology and Physical Layout Optimization of Photonic Networks-on-
Chip and PIC Variation Analysis

Ulf Schlichtmann (Technical University of Munich)

Tutorial IV: Integrated Programmable Photonic Circuits
Zhengqgi Gao (MIT)




Tutorial I:

Fundamentals of Optical Computing and ”

Integrated Photonics
for High-Performance Digital Logic
and Efficient Machine Learning

Presenters: Jiaqgi Gu'?, Chenghao Feng!3
Contributors: Hanging Zhul, Zhoufeng Ying!, Zheng Zhaol, Ray T. Chen?, David Z. Pant
1The University of Texas at Austin, 2Arizona State University, 2Alpine Optoelectronics

[ggu@utexas.edu; fengchenghaol1996 @utexas.edu
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Outline of Tutorial |

Introduction to Optical Computing
Design and Demonstration of Electronic-Photonic Digital Computing

Analog Photonic Computing for Optical Neural Networks
Coherent Photonic Tensor Core
Incoherent Photonic Tensor Core




Outline of Tutorial |

~ Introduction to Optical Computing

Design and Demonstration of Electronic-Photonic Digital Computing

Analog Photonic Computing for Optical Neural Networks
Coherent Photonic Tensor Core
Incoherent Photonic Tensor Core




The Timeline of Optical Computing

_ R I L e ———
Dlgltal I11:n|:fil:ir::aI = '*E:tr:'(“s"t-.::“.“ﬂ H— ¢ o : \)
- computing N ] :E:::::: *-t,,:; = ' = oo™ e
com p u tl N g = See—em Electronic-photonic ‘q@‘\} A 1 al 0O
_ _ " Directed logic computing c© g
Directed logic demonstration .
computing
?:' — [ v e B
4 [ o=z p—t
Free-space -
optical
computing -
Optical neural
network
'L—Jr‘t—.'r -*—:rns
|5. ~4 T -'—':
. - $e o = '-i.J-Lq
Microring-based all- 'Eu {5 .5 Integrated

optical computing Optical reservoir optlcagl
ﬁ‘/// .E g computing computing
L Py L
Coherent optical =B
processing i M=o
\ S - self-electrooptic LIN{_:]3—bB.Sl_3‘d Optical analog
effect devices optical logic computing
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Digital vs. Analog Photonic Computing

Digital computing
(Logic, ALU, Control)

(a) AND q (b) OR
P
. A:Y=Pua T
! A:Y=P-.a 0 —» .
P
—
Ay 2o 15
| 0 0
$ i 9 11
2 ! 10
E 1 1
2 I
£ 0/: :\1 : l
|
Wavelength

AU

TLTITLL

LR

T

Analog computing
(ML, Optimization, Linear Algebra)

coupler coupler
MZ| _ ¢ ‘ Cos @ —sin@
n OUL \sind cosd
2x2 Unitary Matmul (~100x20 um?)
Micro-ring/
Micro-disk g a )
y=a-x
X > y
Scalar Mul. (~10x10 um?)
WDM+PD
= Y = XX

[Lightelligence]
WDM-based Summation




Computing Chips
Evolve from electronics to integrated photonics

What is unique about photonics?

Fully-optical chips *
(~1E6 TOPS/W |

Analog neuromorphic electronics

Photonics

~
~
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~eee
SN
~ao
~ao
S
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~
~
~
~
~
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~,
N,
N,
S
N,

)

s
:

i

¥ 'ff)o?

f - v; ’}lLAVV
: me
1 '
SIS
. Optical-electroni IBM TrueNorth Memristor Flash
i Y hybrid chi e
|
I

\y(=40.TORSA

\
- O S S S S S S S S S e B e B e . ‘-

| Neuromorphic eler:tronics\\ll

T —

Energy Efficiency (TOPS/W)

s siam | -: il 0
C te Density (TOPS/mm?) NVIDIA GPU Google TPU
ompute Density mm

Cerebras ASIC

Source: Mitchell A. Nahmias, Bhavin J. Shastri, Alexander N. Tait, Thomas Ferreira de Lima and Paul R.
Prucnal, “Neuromorphic photonics,” Optics & Photonics News, Jan 2018.




Electrical Computing vs

High speed

Delay 100 ns ~ 1 us
A few hundred clock cycles

—

Electronic
Comp Unit

>

Delay « 1 ns

Photonic
Comp Unit

Computing as light propagate

Source: https://www.lightelligence.ai/

Massive parallelism

/\ < Metal wires

»iﬁﬂ % I Wavegu)ides

Magnitude l

Phase

Light propagate in parallel

Computing

High energy efficiency

Electronic
Comp Unit

-—)%ﬁ-—)

Passive circuits consumes
near zero static power




Application Potentials of Photonic Computing

Ultra-fast, efficient digital control / ALU
Energy-efficient, real-time machine intelligence

Fast edge/mobile processing High-throughput datacenter processing

Q\ US NAVY'S

DRONE WARSHIP

Smart commun. network, distributed computing Scientific comp., optimization, bio / material..
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Design and Demonstration of Electronic-Photonic Digital Computing




Progress in Optical Digital Computing

_____________________________________________

EEEENEEENSEEENEEVEEEEENANEN

Comp‘aratoAr (2021)
- Control circuits

o P P

O i

_____

Decoder and multiplexer (2020)

e e e e e e e e e e e e e e e S e e e S e e e ey

(b)

v

NOR gate (2011) ‘ XOR gate (2012)

1

S e e e e e e e

1
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Optical building

[ System Specification ]

[ High-level Synthesis ]

block library +
i i>[ Logic Synthesis & Mapping ]

madule adder;
input a, b;
input ¢in;

endmodule

B ] Wi
EDat:
[ Physical Design ]
i 4
[ Fabrication ]
A" 'F'!!" E%ﬁwm .
B e =o' mec

Relatively mature EDA tools

cadence SYNnorsys

BDD-based Synthesis (2016™)
Power Efficient Synthesis (2018~)
WDM Synthesis (2019)

Preliminary EPDA tools
PhoeniX Software  LUEEDA

= v
GMBRIY cadence 22

Optical Interconnect Synthesis (2016~)




WDM-based Electronic-Photonic Computing Circuits

Traditional Arch Electronic-Photonic Arch
(a) l Control unit ] (b) ’ Control unit ]
| | OLU Features
_ —— [ Electrical unit J [ Electrical unit J Inheritance: Ilght in and Ilght out
: ] : : t f ] _
Memory emory B [EO!LOEJ ,EE/TO_EL |50/ioE} [£0/OF| ’EOiiE [50/?5 -+~ [eo/oe] Continuity: no OE/EO conversion
)’ s \\ — — N\ — —
’ \ P
Processor Processor ’C’L“\_\ o /1"\3/‘ ‘A‘OL”/ T‘ ‘ﬂ‘\ Independence: no product between two optical basis
Opti T"f’?l Optical interf : : : . . :
i | e ,J [ s Leojoe Parallelism: multiple input As, multiple logic functions
4 70 i} ) i
‘ Interconnection network ‘ ‘ /" Inter-chip optical network ‘
4
4
4 . .
’,/ Multiple wavelengths reuse the same unit !
Input Stage1  Stage 2 StageM  StageM Output (Il 0 e |
== [ i = i S
: . L DMUX X 3 —>/12 y :‘5_15 Vo = Wy
N-1— — — = —K Func K
zN—, I e —_ - A—SP —b}{3 20
T B : yM =xM .q ® ®
i ) i =25
Electrical control unit y/12 — x/12 -a /11 AN 22
A3 — A
— Wwaveguide building block arrays yo=x
. . . Har .. . . . .
(c) WDM-based Optical logic unit [2] (d) Hardware efficiency improvement of electrooptic (EO) logic gates using

wavelength division multiplexing(WDM)

6 [1] Ying, Z. et al., JISTQE 2018
[2] Feng, C. et al., Photonics West 2020




Photonic-Electronic Arithmetic Logic Unit (ALU)

From electrical ALU to high-speed and energy-efficient photonic-electronic ALU
We demonstrate 20Ghb/s photonic-electronic digital computing chips
For general-purpose digital computing

(a) Operand A Operand B (b) Operand A Operand B

Opcode\  ALU_____ . Opcode [\ . ___=t"\=Y L .
| Logic || I Logic ||
|| +/- ” Compare | | operaions | Status Lo :‘ +/- ‘ ‘ Compare | ‘ operaions |I Status
I| Shift | | Decode | | MUX |: || Shift I I Decode | | MUX |:
- Yo —"oA
OUtpUt Electronic-photonic com’uTing circuits I
Qutput
|:| Electrical circuits —» Electrical path |:| Optical circuits Optical path
® Electrical-to-optical(EO) conversion ® Optical-to-electrical(OE) conversion

ATRAA
LLLAvVA

photonics

a Splitter Modulator

SYNnopsys
4 mm
Fabricated by AIM photonics (2018) ‘ T mm
Full adder[Ying+, Nat commun 2020] Fabricated by AIM photonics (2019)




WDM-based Electronic Photonic Carry-Select Adder

1 bit b oAbt
e | b Clectical N @ L[ L optical | )b
(2 ) crticalpath ([ 1 J: eoo (Lt Jieweapni[ 1 J;
F‘1$$E: ‘/ P:;J,J,g:; o p1\|;\|;g1 C ] CN1 DN\'?VLQN C
(e et e | e e T et
Col i CN1J¢J:PN Civ v Pr CMJ’J’p”

(b)




Advantages of Using Optics to Implement Additions

8.3 7@ 2)
)// i1 @ 1 )
i I

6
7 )

Electrical full
adder

00 00 00 OO0

Optical @
full adder d) d) (b (b
Latency of Latency of
) Reduced to :
electrical full adder > optical full adder
T :Tp,g +Tepb XN Topp K Tepp T =Tp’g -I—TSW +T0pb XN
Delay for Switch time of Optical propagation Electrical delay
generating P and G modulators delay per bit per bit
Tp»g TSW Topb Tepb




Chip Layout of the Electronic Photonic Full Adder

a Splitter Modulator
GSG pads

-

! —

W W WA W W W WA W DC pads
= 4 mm >
b Phase shifter Waveguide taper Photodetector

Grating coupler

o5 RN R AR 0 Y §SFam
ABACT S
" /
\ Y ﬁ

R A s
S
— " AL NI
"...‘ "A\b‘ .

—_'A N/ 'v \\

L T

Splitter/Combiner Microdisk modulator Waveguide Crossing




Comparison with the State-of-the-art Transistors

Compared to 32 nm / 7nm (scaling) from Intel
4x faster (20 GHz vs 5 GHz)
>10x more energy-efficient

f Cin=0 g FL

[T '. [TLT T ;
AL H LU J | 10x Low power than >70x Low power density
Bl
a2 L i nm @20 GHz than 7 nm @ 20 GHz
B2 M [ B [T 1 T T T T T T T T T 10° E T T T T T T T T T T T T
A3 L UL m B 10° E : Experiment+scale

TH il = - ) 32nm
B3 i Experiment+scale imulation 102 L Simulation
aa LT [ T [T 5 3z2nm 32nm - g 32nm

[ : = 107 ¢ £
B4 [ | [ . | E ] =
c1 ;;/:‘:'“\;Jet‘:\(\:;:jﬂf’:}q j":‘:\{j":x( j:: - f:\: g i xpenn;s;ﬂscale: g 10" i
a Mo Lo = 1045- .%' i Experir17'|ent+scale ]
; nm
o NG e N 37 = NI/l N (o izl N S s | EPALU-dynamic § 10°¢
@ | nn o n %l 5 I
C VNN NN N N NEA N § 10" | :
a N M M M M . i EPALU-dynamic
N 2L
O A T T s A A A 102 | , , , , ,
@ L M_ I 0 5 10 15 20 25 30 0 5 10 15 20 25 30
200 400 600 800 1000 1200 1400 1600 Frequency(GHz) Frequency(GHz)

Time (ps)

20 Gb/s




WDM-based Photonic-Electronic Unsigned Comparator

WDM-based comparator: Different As, different functions C:A < B?
@ TNt” = a"iib"| (b) Z:A=RB?
PGU
4 L lg‘ szlgg p"ug“ aTl im 2| bz | b, Truth table
Co /4 \Ci /3 \Co Cpa /[ N\ C ™ v v
YV | __PGU _| C Z Result
E-0 Pijjor P lgz S
a1¢ib1 aghbz aub _*_.C:: + Cj + C:z:Cw:: + é: 0 1 A=B
| XNORU | 7 Zi Z; Zn z 0 0 ASB
P4 le p l ok — A ) 1-bit
‘ AOD <, 1 0 A<B
© 0 Testing ports (d) 1-bit
il - = Oy P i
::ij {_P3__ Directional coupler/combiner _ ! ! Z§Tgk_\—/_c } pk = ak®bk
cw > Mg:_éps o ,/Hm — ! ->+-—/_\—:>‘3 T
i X a5 e I | l VAR ot gk — a’k ) bk
__: Modulator Js ' i ! Coupling coefficient k
- R Ck = Pk " Ck—1 T Gk
he i > S/ W Zi, =Dy - Z
L,W,,,Jb_.r/_\;a"'b k k k-1
— Ay = A Output port

[Feng C. et al., Laser & Photonics Reviews, 2021]
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Experimental Results (2-bit unsigned comparator)

GSG pads Demultiplexer

Modulator

/[ Imodulator _}— combinear

@ (b) .
B> B,
« U L UUL o[ W UL
By B: C Z Result
Al [T oA BERER 0 1 A=B
A A _ .
C - ff-l" ------------ I'J—I't} ---------- c’ };:;;{f,'{fj\-\{ -------- Lf‘: ''''''''''''' 4; £- O O A>B
i W Mo ) Mo Nttty 1 O A<B
AN A AN N A ” Truth table
Z - A ,""“7'“1‘ “““““““ _‘1"“‘ z F'““‘-\1“‘,7’“'*\“‘;"“\'.,‘ """ ;'L'H’-; “““““
\pmibad Sl N ™ W N ™

0 200 400 600 800 1000120014001600 0O 100 200 300 400 500 600 700 800
t(ps) t(ps)

@10 Gbh/s @20 Gb/s




WDM-based Electronic-Photonic Switching Network

Applications: decoder, multiplexer, demultiplexer

(a) (b)
Data
Command
l MUX
Control
unit ALU
Opcode
Result
Address code
Ezzg'dc:: lg [% ‘:é%a;r Electrical path Optical path
() \ (d)
)
So/Sp —
sn-z/szz Y on.1

Demultiplexer i

Schematic of the WDM-based switching network
[Feng C. et al., Nanophotonics, 2020]

Lo

Command { ]

Result

| Address code

T
é EO % OE Electrical
conversion conversion Multiplexer
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S
x
%

Xo ?
Xon.g =%

X, —B
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Xon-14y==——tpr

XQn-L; ———

Xon-1 ——

in-1.1——’

"~ ~~Combiner

+— 030 /
=

|

1

Optical
Multiplexer
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Microdisk modulator

Add-drop filter




Experimental Results of the 3-8 Optical Decoder

@ @ 10 Gb/s o) @ 20 Gb/s
sol T1 1 1 T T ] sof 1] N i

S1 Sq

sl T LT LT LT ] s |

Vil 6 LFY L E) v WL O O N O Y O S 0

Y7 Y7

Y; R ’"' E _ L" = " _' ''''' " '" LA Y; ____________________ o e T . S R s e

7% SO A S S O O S S SO SO O S S Ys

o s == T Y et - Output Input
] e O Y, Y, X3 X, X
" — o XXX
Y3 Y3 N
Ya|_ | ] | [ Ys Ys X3XX1
Y Y, Y, XX, X,
el 1] £ L D & § 4
% U S T T - Y; o
Y, Y, Y X3X,X1
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2 NS O I | I N S Y, X1 X, X3
0 200 400 600 800 1000 1200 1400 1600 0 100 200 300 400 500 600 700 800
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Analog Photonic Computing for Optical Neural Networks
Coherent Photonic Tensor Core




Hardware Limits in Machine Learning

~5X% the Moore’s Law
doubling rate x2 every 18 months
"

ML Compute
X2 every 3.5 months

1.E+05 1

= MegaTron-
2 1.E+04 4 T,U,ffn'g NLG
§ 1 E+03 3 AIphaZezo /,’ GPT-3
o : 2" GPT-2 .. :
L LEH02 ", -BERWav2Vec 2.0 Need specialized / domain-
+— _;I X ti 7 ° 0 0 .
ii?i; T franstome specific computing hardware
c 1.+ E| ’ . .
5o VGG - . 2200 for speed and efficiency
5 E- SquS'e'q esNet-
2 1E-02 leXNe/t,’éo.oLeNet breakthrough
E 1E-034 -
(@] /s
© 1E04 L

2012 2017 2022

Year

(: Source: https://openai.com/blog/ai-and-compute/
Source: https://spectrum.ieee.org/nvidias-next-gpu-shows-that-transformers-are-transforming-ai




Al Is Booming

Photonic Neural Network Trends in Academia

Foundry / EPDA Support in Industry

aqzeny(ah atars

e T Photonic Computing Chip Designs
[ASP-DAC’20] Va——
S ol = = w“:* oo JlGHTI\nATTER Lig ht* n
LD Array  Microdisk Modulator ”/
oy O
0! LIGHTELLIGENCE
P71 e b €5 openioht
ws | |2 I - =
Lt €1% % s ”H, f“. 'LQfLQ 0 - - =
e |3 Electronic-Photonic Design Automation Tools
DY [Nature’21]
. \nsys B/ALUSAY
5 a ‘_:-.:"‘;,‘“A [APR’ZO] | LUMERICAL PHOTONIC SOLUTIONS
L el o cadence
"""""""" £ [&E)] x\,
[Nature’19] ol (3 B - .
'19(\ - PDK / Tape-out / Packaging Support
W=TUZ i8] - ) Fat P =

i —— out]

mpu'tl Diagonal Unitary Tree —* actf J
» Network I = Network U = Network T[T "~
»

HPCA'20
EEEO——. [ASP-DAC’19] [ ]
[Nat. Photon’17]

..
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@ e LUCEEVE S - i SiEPIC
photonics

| ]
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Photonic Al Computing Basics

Principle: light modulation, interference, photodetection
Good at ultra-fast, parallel linear operations in the analog domain

Nonlinear Computing Primitives Photonic Implementation
Absorber Scalar Multiply Light Modéjlation
T, y:a-x x—*_’H | > y
2x%2 Unitary Matrix Multiply Mach-Zehnder Interferometer (MZI)
y=R(2) xx X
RRAM |, _(cosP —sing 1 R‘(p2) "

JF | R® =(sino coso % 7,
- | e Matrix-Vector Multiply (MVM) Photonic Tensor Core (PTC)

E/O y=WXx _— W) =UIV"_ U: ¢
convert — — x o S 1 -y
ke X — w (light in) - Q% — (light out)
T — — " ) 'J -

vV )) U

One-shot computing at speed-of-light!




Photonic Tensor Core (PTC) Categories

Incoherent |x|: magnitude-only

PCM 45

Encoding
Coherent |x|e/?™®): magnitude + phase

MZM 1 99 e cosO - e/

MRR | a ]
A

MVM principle
Direct MVM: Y = Z] Wij Xj

Matrix Expressivity
Universal linear: W € RV*N or ¢V*N




Coherent ONN Architectures

Encoding: |x|e/?™*) magnitude + phase v&%;)kjtﬁgv* ¢
Computing: interference (indirect) . ———— _’U‘ ,
— |
MZI array [Shen+, Nat. Photon’17] (light in) * - = ﬂgv%.l : (light out)
Singular value decomposition W = UZV* . U oHU—U J -
Phase decomposition A U
2 i—1 Clements-style
UN)=D [] ] Ri(¢:) . w(@)=Uv' U: ¢
i=N j=1 x TS ‘l -
cos b — sin (light in) * “ITITT ST (light out)
R(2) :(Singb cos ¢ ) . H" o H"U:ll =)
- 5 ) wn S -
. . . . . > U
Universal linear units for arbitrary matrices
N(N-1)/2 MZIs  N(N-1)/2 MZIs
(: Y. Shen, et al., “Deep learning with coherent nanophotonic circuits,” Nature Photonics 201"-

J 29



Universal vs. Specialized Photonic Tensor Cores

[Nature’22]

== | [Nat. Photon."17] _[APL19]

I"8&s lUniversal Linear ' E .

—Q [SciRep17] [DATE 1 [Nature'21]
Trade off 2 H )] [ Seea !l Cross-disciplinary

expressivity VS. [Nat. rrjm.’22] [API:_Photon 21] [éCS Pio*ton. %2] Research
efficiency @ BEEe :ﬁ:::@%
[DAC’22]
\- ~—= | ... Design
o ;gy{% 7 Automation
Specialized Hardware -

for Subspace Linear [ICCV'21] [ICCAD’21] [HPCA23]
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Specialized Coherent ONN Architectures

Leverage the matrix redundancy — reduce hardware cost — subspace linear

Universal Linear Op Large MZI array 0 (n?%) MZIs
2P S )
Bulk
y V* U
¢\¢ > N -
Device scaling? Physical limits Instead of having general matrices...
1 Compress
Subspace matrices [ { i‘ {‘ ]
. : Higher compute
Specialized Linear Op density w/ the
Compact
(& /
Compact photonic structure
C J. Gu, Z. Zhao, C. Feng, M. Liu, R.T. Chen, D.Z. Pan, “Towards Area-Efficient Optical Neural &

e’ Networks: An FFT-based Architecture,” ACM/IEEE ASP-DAC, 2020. Best Paper Award



Butterfly-style Photonic Tensor Core
Efficient circulant matrix muItipIi_cg\tion In Fourier domain

(
| Wa| Wa| W, | | X1
|
L Wa [\ Wyq | Wy | W3 X12
| 7 X
N | Ws :Wz Wy | Wy X13 Wi;; X X
( \ I (el Wy 1Wa| W | Wy X14
Wil o Wy *1 _ N o 2
k Circulant matrix multiplication O(k*)
. . . T 1 1
M| P kW] o Xj |X11|X12|X¥13|X14 : Wi Wy | W3 W, ) Wij
Woil o |Wag| || % FFT FET
. / \ /
Block-structured matrix T(xj)\>@4/}"(wij) F-1 (j.'(wi].) ©O) ?(x]-))
yi = % Wijx;
IFFT
Fourier-domain fast computation O (k log k)
¢ J. Gu, Z. Zhao, C. Feng, M. Liu, R.T. Chen, D.Z. Pan, “Towards Area-Efficient Optical Neural

Networks: An FFT-based Architecture,” ACM/IEEE ASP-DAC, 2020. Best Paper Award



Butterfly Photonic Mesh for Circulant MVM

X11(X12(X13|X14 Wijlwy | w, | ws|w, i(1 1 )
J2\1 -1
1
il aall N ((1> 01) T(Jl i) ((1) 01)
_ > _
| (CTTTTTTTTTTT TSI T TS s T s s m e e
|§ ‘/T(‘/Vij) _*'_'
: l @ encoded in X
|_ - : IFFT _______ I *E _900 _900 *
C o LR T T T T T T T
| i - : Recursively cascade this
\ 4 \4 4 2 x 2 building block
V*I Z UI
0° 0° 0° 0°
OO OO OO 00
0° : 0° A - E— OO
0° 90° 90° :-: 00
(: J. Gu, Z. Zhao, C. Feng, M. Liu, R.T. Chen, D.Z. Pan, “Towards Area-Efficient Optical Neural &

Networks: An FFT-based Architecture,” ACM/IEEE ASP-DAC, 2020. Best Paper Award




Photonic Neural Chip Tapeout & Demonstration

Dev. Flow | Electronic-photonic computing platform
( Design \ :
I ’ Microcontroller
Layout
>|’ J DACs ADCs
Simulation % ar
I . A1 <§ E) 4 . N
%#» _KDL_j;

Tape-out by foundry
|

_ Q- ‘ Q4
[ Tesltmg ] A%_()_ = _()_*

[ Model Training ] M*_’ Q

|
| Evaluation on ML Tasks | 4x4 butterfly photonic tensor core

ADVANCED
MICRO
FOUNDRY

=)
|

EEEEEEEE | ::| :‘L_i_l '
L.S mm x-5.6-mm !
=) EENEEEEEEEEENEEEEEE

® C. Feng*, J. Gu* (co-first), H. Zhu, Z. Ying, Z. Zhao, D.Z. Pan, R.T. Chen, “A compact butterfly-style silicon

Pe electronic neural chip for hardware-efficient deep learning”, ACS Photonics, Nov. 30, 2022.



Evaluate on ML Tasks & Efficiency

>949% accuracy >85% accuracy 96.5% accuracy
2-layer CNN (1.6k #params) ResNet-20 (0.27M #param) VGGS8 (4M #params)
MNIST CIFAR-10 COVID Chest X-ray
3-bit weight resolution 3-bit weight resolution 3-bit weight resolution
Fixed butterfly transform Fixed butterfly transform Fixed butterfly transform
>1 0 T T T T 1 1.0 | T T
= 1 horse -
-'c.; 0818 i .cs ' Z \
o) . i o)
O (.6 e - . 1
o
204 7
kS
S0.2F - .
a _I_._.I._l i — I
0.0 L — 0.0 .
.\&\fo& P e&e P 60%@3\0@ N CoVID Normal Ig)r:ger Viral
T Classes Classes o moma

-] *Reference accuracy 85.6%
ResNet-20 CIFAR-10
ReRAM Crossbar 4-bit weight (GEMM)

225 TOPS/mm?2 Aol
2-4x smaller area & 5-13x less optical Pl ity
delay than MZI-ONN [Nat. Photon.’17] F

“FF  [Wanetal., Nature, Aug. 2022]
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Outline of Tutorial |

Analog Photonic Computing for Optical Neural Networks

Incoherent Photonic Tensor Core
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Incoherent ONN Architectures

Encoding: |x|

Computing: Multi-wavelength modulation + photodetection

Microring resonator (MRR) weight bank All-pass MRR weight bank

y = wixq + + Wixs + o+ wyx, g il R Mtk Wk PN

All-pass MRR weight bank f;' b, o | ztg
w; = a; € [0,1] | ) ;

Add-drop MRR weight bank N I

Wi =ai—(1—al~) = Zai—l S [—1,1]
Add-drop MRR weight bank

Compact in size i e

. inpu outpu

Can we do it better? > %
Bottleneck by 1 Op/device

\ J
h




Customized Incoherent ONN Architectures

Multi-operand optical neuron (MOON):
Single-device to implement vector-vector multiplications (beyond 1 OP/device)

Built-in non-linear transfer function T(-): k x higher compute density

y; =T (Zj (qu(Vj)) ) at t¢F:e samqbei’zcost

Vi = WX 0T ) = Wyt qbi,,qui,g
Vi

(a) Multi-operand microring

Weight (w) and input (x) encoding:

1(1 X%JWU Xj—» Wi, U i1 iz - Pik U—c
<« Y Vi, v

ﬂ m.: N
Fixed weight Map product Programmable weight (b) Multi-operand MZ|

¢




(MOON) Multi-Operand Ring Resonators

MORR: k-segment controllers on one micro-ring
Single-device length-k vector dot- product

Round-trip phase: ¢ o« Y% L w;x?

Built-in nonlinearity

o Half-Tanh-like nonlinear activation f(:) € (0,1) ',2‘5;‘: T“,Sf;‘;fh
o Tunable smoothness (r, a) *—’XH}*XZ *
r—aqeJ? 1.0 I
p— " c ] l
f(d)) 1—-ra e JP ] 0.8 | Red-shift
OUT = f(§) - in o f(Edwixf) - IN - £°¢ l
E(lz- _____
Oi)"f'_'![_f_

1550 1553 1555 1557
Wavelength (nm)




MORR-based ONN: SqueezelLight [Gu+, DATE'21, TCAD’ 22]

MatMul + Nonlinearity in the MORR array
Differential rails support positive/negative neurons

Q/2-1

Q-1
Z OUTpg — Z OUTpg | dg

q=Q/2-1
Learnable balancing factors (do, dl,- dg_l)

o Adaptive MORR output range

o Enhanced expressivity 4
/ PoBs::iilve
do di dana (550
l l @ Negative

Rail

Learnable Balancing Factors k (dq <0) rows

MORR-based Crossbar Array
> 2 : : Output
N\ e Y S
_/ A\ v \_
r.n




Cross-layer Scalability Evaluation

Compare with SOTA MRR-ONNs on MNIST, FMNIST, CIFAR-10
273%x-32x% less device usage Comparison on Acc, #Device, # A, #Params

1
8x fewer wavelength usage
MORR array vs MRR array '
> w/ same area budget g
o 5.3x higher TOPS/mm?2 '
o 9.8x higher TOPS/W ' .

o 63.5% system energy reduction
MRR-ONN-1 MRR-ONN-2 Squeezelight Squeezelight-P

Normalized Ratio
o o o
P o o

o
N

o

W Accuracy M #Device #Wavelength ® #Param

Good expressivity & training scalability
Robust to crosstalk/noises with special robustness optimization

0 MRR-ONN-1 [Liu+, DATE’2019]
Pl MRR-ONN-2 [Tait+, SciRep 2017]




(MOON) Multi-Operand MZI

Partition MZI controllers into k segments

Dot-product + nonlinearity: y = cos(};; w;x;)

Scale up to larger vectors with WDM

Fewer cascaded device — lower insertion loss and delay
Same power/area as a single MZ|

Memory —
‘ A]_ AZ An* n= k
DACs for X and W —>  MOON #1 o — MOON #2 o —> MOON #n* o
2 Yoe—14
MOONSs Y1
bi1 Giz  Dik
MOONs V2 S - S
MOONs ~ P—¥m MZl-based MOON

Circuit architecture .
Phase shifter () Multiplexer —@ Photodetector

# of operands k depends on controlling/fabrication precision and chip layout: 4/8/16/...

[Feng C. et al., under submission]




MOMZI Chip Layout (4-op MOMZI)

50/50 4-port MMI

Phase shifter Photodetector

n TAA SYNapPsys
LE2vE

photonics

1
I o SRR L BT Ty Hﬂ “ ------------------ ; ——Measured transmission
__________________________ ¥ T S Los8t
.................................................. c
..................................... 5
806 ]
""""""""""""""""" 3 by Biased in the middle
(0]
= ‘Full-range output
T CieCtrca pads::: 3
E i EE‘ &+ £0.2
I : B S
H . 3 z
260 | B I I 0 : : : :
T E B H ! i 0 02 04 0.6 08 1

VIV
range

T
. lin
U.: y = 721' cos(Zw;x; + ¢p)

P

IR

NS

f. [Feng C. et al., under submission]
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Evaluation Results

Robust output with small noises (~0.5%)
~86% measured acc on 4-layer CNN SVHN
4-bit voltage control precision

OConv+BN+RelLU6
(c) 32x3x3 95 oM BNHRELUS  oconv+N+ReLUB
stride= stride=1 2t2r-i>ég=x13
Z Z AvgPool5 -_>
“ o
a OLinear _ jm
‘k N p—
1 L w =
B -
- Measured > > > > o =
——  Fitted 2
0.8 il
O m
0.6 L]

~~
o
N
~~
()
—~~
—
N

Normalized output (a.u.)

0[654 25 19 11 06 02 41 05 12 25 10 U U T A 10 TR
04 1[11 937 07 08 16 03 03 09 03 02
0.8 0.8 =]
2(02 18 914 26 1.0 03 02 11 07 08 > >
3|06 37 27 8L7 08 29 12 07 17 39 3 3
0.2 2 %06 T 06 .
. D 406 51 18 1.7 87.0 06 1.2 03 04 12 [ [
a —— a o
Q 5[02 17 12 7.6 14 820 34 03 1.0 14 ° °
= . g 04 L o4l =
622 28 1.1 35 35 36 @@ 03 2.1 1.3 2 2
1 i ' 1 o hel
7[05 65 33 08 06 04 03 867 0.1 06 a &
-0.5 -0.25 0 0.25 0.5 : 02} 02} -
8|19 20 27 55 17 20 83 03 717 3.9
Aol |
¢ 9 [Bit23 ¥56R2.60 1.1 161 1.1 1.1 13 gq,; 00 L I B i & i i ooll—L 11 1 4 I ! !
01 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9
Predicted Digits Digits Digits

Acc: 85.89%




Performance Analysis

>100 dB smaller insertion loss and 7.2x smaller footprint

Yo
e - —*
}iw N\ ~— /O
1,i% - - N )1
Y2
j%ﬁm mmﬁ
o= Pt =/ \ /NN /NN /g VAN /N3
Mlt 4 x 4 MZI-ONN with 16 MZIs ([Shen+, 2017])
4 X 4 MOMZI ONN
3204—— 10p-MZI-PTC o (2n + 1) Lyz 1400% T —
gy it o 160p-MOMZI-PTC
160 L — 320p-MOMZI-PTC /// 1200 ¢ ——— 320p-MOMZI-PTC A
) ?;OP'M,\? M,jlz'lp ;$ e < 640p-MOMZI-PTC /
S 80 i 21000 1280p-MOMZI-PTC /
)] ~ /
(/)] -—
S ol — £ 800 i
IS 256.7 dB 2 7.2x
> 20| £ 600
] 9
S 4ol 3 400
o U o)
gl ~ ILyoon + ILcombiner 200
- : : > g3 | ‘ e
16x16 32x32 64 x64 128128 16x16 32x32 64 x64 128x128
r_natrix size(n) _ matrix size(n)
(a) Propagation loss comparison (b) Footprint comparison

L
{\C ) Results based on AIM photonics PDK, For MZI-ONN, we use thermo-optical MZI switch for weight programming

L@ 4




Open-Source Al: TorchONN o

NeurOLight

On-chip Train

MORR Tape-out

X 0t
xx“m(v' xxmi,:w i MMU X
":-"" X0 00 | 0 4 00
fosdet = T Y X0y PO 0CX
-

O2NN  Mem-Eff ONN
90° Rail R e
[T al Lol Bt | L Cenertr F FTO N P L LT ——
— Lo |l
=
— @) et T
- Lo ape-out
. O Protective Low * Gradient Descent »
O group Lasso robusines: = Unitary Projection .
| _Regularization (Protect == Doscomtimiony / /8
B— O | High & s
— | Coarse e :' Ma:q'er:::, |
| Gradient || _Unitary
S u e e Ze Li ht | Approximation | | Projection |
| —
q g L I

ENSNIO]

’";:: g o }W

MR G A otfrtal

N 1 MeA ,\J{I{r

Al-based Automated

ONN Design

Customized Devices
Efficient Architecture

\ QUL G OLET
ST ] Il LAcr

FFT-ONN

\]

Ge n - 1 2:0::::'\:: ® £Z+T P _-weights ‘bﬁ);: T_"J_’LEI? ‘I’L,:E
. Frozen  § achpaams Ut
Standard Device & nn .
X . i (ST YAV AV N i
CUStomlzed Clrcu’t [-D_ } Aﬁ/ update weights SPL IIHII
. - w update arch params
0 Noise-aware Train g Saperim semn Varaitowas

{ ONN Training

Lo

ADEPT: SuperMesh Training




Photonic Al Library TorchONN

Construction: customized optical Conv/Linear layers

Modeling of various devices
PCM, MZI, MRR, MORR, ...

)/’l

A PyTorch Library for Photonic Integrated Circuit Simulation

and Photonic Al Computing

Support various tensor core designs
MRR weight bank / MORR / MZI / FFT array...
CUDA backend for customized operators...

Mapping: convert from electrical to optical
Decomposition or optimization-based map

Co-design infrastructure
Device quantization & QAT
Noise injection & NAT
Circuit pruning & PAT
On-chip training support

Zeroth-order optimization
Circuit topology search (SuperMesh)

import torchonn as onn
from torchonn.models import ONNBaseModel

class ONNModel(ONNBaseModel):
def init (self, device=torch.device("cuda:9)):

super(). init (device=device)

self.conv = onn.layers.MZIBlockConv2d(
in_channels=1,
out channels=8,
kernel size=3,
stride=1,

padding=1,
dilation=1,

bias=True,

miniblock=4,

. . .:
38w
ot
.......
2
b
....z.:=
(e)
e

mode="usv",
decompose_alg="clements",
photodetect=True,
device=device,

Y _init_py

[9 base_layer.py
[ fftonn_convad.py
[ fftonn_linear.py
% morr_convad.py
3 morr_linear.py
[ mzi_conv2d.py
[N mzi_linear.py
3 pcm_convad.py
[ pcm_linear.py
[ super_conv2d.py
[ super_linear.py

3 super_mesh.py




Tutorial ll:
LightRidge: An End-to-end Agile
Design Framework for Diffractive
Optical Neural Networks

Yingjie Li, Ruiyang Chen, Minhan Lou, Berardi Sensale-
Rodriguez, Weilu Gao, Cunxi Yu

University of Utah

oDy |




New Trends of Computing

» Al's impacts in hardware system design

— The raise of domain-specific computing

— Beaten the trend of Moore’s Law (R.I.P Dr. Moore)
* Doubling every 3.5 months (18 months)

10000000

Data Center

100

10

100

Peak Power (W)

WaveSystenr

A DGX-2 W

1000000 : Chips &
Optical Al System Cards X
Arria GX |150 * -
; an"eDPU DGX-Station
uring
Cambrlcon v 100 Data Center
'g 100000 Cambncon systems
TPUZ

o] ArriaG 11555 Goya GraphCoreNode

o A Nervana liAMD MI60
% [} PU1 dp100
o Q 10000 AMD e tGraphCorCZ
o n 095 K80

Q. (O - Ph|7290F

o o TrueNorth V TraSNgrthSys ’ 2ySkyLakeSP

(D 'Storm A = Phi 721

1000 PuDianNao, b
& MovidiusX Mali 4 11§meCIuster
OQ A Zynq-020, -76&_
'(G"a‘ DianNao -
N

1000 10000

Reuther, A., Michaleas, P., Jones, M., Gadepally, V., Samsi, S., & Kepner, J. Survey and benchmarking of machine learning accelerators. HPEC 2019




Challenges in Optical Al System Design

A Computer Engineering journey to Optical Al System
o Challenge 1: Cross-disciplinary domain knowledge barriers

ML Algorithms & Neural Nets

#define NX 256
#define BATCH 18
#define RANK 1

i"
cufftHandle plan;
cufftComplex =data;

cudaMalloc((voidwx)&data, sizeof(cufftComplex)+NX+BATCH);

cufftPlanMany(&plan, RANK, NX, &iembed, istride, idist,
&oembed, ostride, odist, CUFFT_C2C, BATCH);

High Performance
Programming

wir Wik ®(x) o< y (/M)

z, X; z;
Object plane Le Diffraction Image plane
(Specimen) pattem
X

Optics

Compiler Algorithms

w
HW-SW Co-design




Challenges in Optical Al System Design

A Computer Engineering journey to Optical Al System
o Challenge 1: Cross-disciplinary domain knowledge barriers

o Challenge 2: Lacks high-performance infrastructures for programming, modeling,
training, exploration, fabrication, etc.

¥ XILINX g .5 . g :
A VlTIS EE% = > n > 228 bl ;,,G i/ UPEHRUAD
873 S efabless:

void test (ap_uint <4> in, ap_uint<4> out([3]) { class MLP(nn.Module):
volatile ap uint<d> temp[5]; o

temp[4]=in;
for(i=4;i>0;i--) {

Multilayer Perceptron.
#pragma HLS unroll e
temp[i-1] = temp[i]; def __1n1t__(se1f):
} super().__init__()
out[2]=temp[0]; self.layers = nn.Sequential(

ou =tem : nn.Flatten(),
ouEEéLEeng;: nn.Lin::r(32 *x 32 x 3, 64), .
} nn.ReLU(),
HLS-C/RTL & Compile PyTorch/TF Optical Neural Networks

(e

Data . NNs | Optimizations | | Deployment B
Preparation @j Modeling on DFGs ﬁ]} On HW &tVI [

OF




Challenges in Optical Al System Design

A Computer Engineering journey to Optical Al System
o Challenge 1: Cross-disciplinary domain knowledge barriers

o Challenge 2: Lacks high-performance infrastructures for programming, modeling,
training, exploration, fabrication, etc.

o Challenge 3: Limited studies of physics-to-system co-design to enable seamless
design-to-deployment

me |
3 4-.5 6 f:
ENEREE @ i A
o ‘

Numerical Emulation Physical Measurement




Challenges in Optical Al System Design

A Computer Engineering journey to Diffractive Optical Neural Networks
o Challenge 1: Cross-disciplinary domain knowledge barriers

o Challenge 2: Lacks high-performance infrastructures for programming, modeling,
training, exploration, fabrication, etc.

o Challenge 3: Limited studies of physics-to-system co-design to enable seamless
design-to-deployment

Programming Domain-specific End-to-end
Infrastructure Algorithms Co-design

|
l

LightRidge Design Flow




Background: Diffractive Neural Networks

High

istance Z

D>

Intensity

Conventional NNs

Input Images (Real)

Operator Conv, Dense, Pool, ...

Propagation Digital Computing
Output Digital Output (Real)

Lin, Xing, et al. "All-optical machine learning using diffractive deep
neural networks." Science 361.6406 (2018): 1004-1008.

UBDDEDBDQ&"

BE0E0EEAEng ,Q 1.2
B o3 3
Y 7

Diffractive NNs

Light (Complex)

Light Diffraction and Phase Mod
Light Propagation (Complex)
Light Intensity (CPLEX-2-Real)




Background: Diffractive Neural Networks
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0
O000g uﬁES 0, (x,y)
0:1(x,y)
Q 1
532 nm \\Ho(x, ) ,
p—— w
\// i=v-Lk= PR
() Free-space Diffraction e.g., Fresnel approximation:
1 Distance z _ exp(ikz) ik 2
h(x,y,z) = ————exp{;— (x" + ¥°)}

DiffMod (X (x, y), 8¢) = iFFT,p (FFTzn(Xc(x, y)) X FFT;p(h(xy, Z)))
%—J

Lin, Xing, et al. "All-optical machine learning using diffractive deep

neural networks." Science 361.6406 (2018): 1004-1008. @ nght lefraCtlon




Background: Diffractive Neural Networks

‘ctance Z
Dista >

532 nm

@ Free-space Diffraction

Distance z

v
(2) Phase modulation

O Trainable

¥ parameters

DiffMod (X.(x,y), 8,) = Light Diffraction X (cos@y(x,y) +i-sinBy(x,y)

Lin, Xing, et al. "All-optical machine learning using diffractive deep

neural networks." Science 361.6406 (2018): 1004-1008.

h(x,y,z) =

exp(ikz)
iz
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e.g., Fresnel approximation:

E 2 2
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@ Phase modulation
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Background: Diffractive Neural Networks

. BECECEE 01 2
Distance Z E00 |o% ¢
e 80080mEnQy 0a00aoagg-13 AN _ :
.DDD m! ‘,'.7’_‘ 5 _6 XC —_ A + l * B

—=00Eng lnuuﬂﬁ
1Bfons Y008 ng oemgog | £ 8 9 I(XC) = VA? + B?
engoagcre liieRcien (KO = VAT

q
(KEWO  Computed iteratively for all
stacked diffractive layers
* Trainable parameters

. 0={0¢, 01, 6}
For example, 3-layer forward function:

I(X,, ) =DiffMod ( DiffMod ( DiffMod (X.(x,y), 8,), 61 ), 65 )




Overview of LightRidge Framework

Implementation

Laser and Input Encoding

Optical Neural Operation

Detector and Output

A

DHDDEDEDRX*’

B00B0Eo3
Rt

LightRidge IR

Optimization

Physics Kernels

Runtime

Modularization

Network Container

Differentiation

Training Modules

Fidelity

Co-design

A

Yingjie Li, Ruiyang Chen, Minhan Lou, Berardi Sensale-Rodriguez, Weilu Gao and Cunxi Yu. “LightRidge: An Open-source Compiler Framework for
Diffractive Optical ML Architectures.” Workshop on Open-Source Computer Architecture Research (OSCAR) held in conjunction with ISCA (ISCA’49)




Overview of LightRidge Framework

Design Flow Compiler Code Blocks Physical System
Eimport lightridge as 1r E
Initialization i 1r.utils.data2cplex(DatalLoader) 5
i Ir.init(DatalLoader, wl, z)
E# laser-specific definition é ~#F
i 1r.laser(GaussBeam, wl, power) : l

E# forward definition of DONNs E Y

L i 1r.model.sequential( ;
Model Definition : 1lr.layers.DiffractLayer(‘Fresnel’,..), : .

i 1r.layers.DiffractLayer(‘Fresnel’,..), E “"""I"""‘
E lr.detector(dprofile, regions : o 1 2
;"m"m""m"m"m"musug ................ > eglons Zimz ...................... 1@ [
Elr.train(model, optimizer, loss,..) [;[{[J?

el 7 it B

{ 1r.to(model, [‘cuda:@’, ‘cuda:1’])

Training i # spatial and integrated DSE
Elr.dse(lprofile, wl, size, DatalLoader)
E# e.g, SLM Sys 5
Deployment i model.to_device(amp_func, phase_func, ..)

i # e.g., 3D Print THz Sys




LightRidge APl Example: DiffractivelLayer()

class DiffractivelLayer(torch.nn.Module):

""" Implementation of diffractive layer via co-design.

Args:
- phase_func/intensity fun: Callable device's phase/intensity response
- wavelength: Float representing the wavelength of the laser source
- pixel_size: Float representing the size of each pixel in the diffractive layer
- resolution: Integer representing number of pixels
- distance: Float representing the propagation distance between layers
- amplitude_ factor: Float the scaling factor in complex regularization
- mesh_size: Integer specifying the mesh size used for diffraction approximation
- name: String representing the name of the diffractive layer
- approx: Callab ¥ ¥

- phase _mod: BoolIg€ar

Shape:
- Input: :math:” (*) . Input can be of any shape
- Output: :math: (*) . Output is of the same shape as input
def init (self, phase_func, intensity func, wavelength,
pixel size, resolution, distance, amplitude_factor,
name, approx=1lr.kernel.Fresnel, phase mod=True):
super(DiffractivelLayer, self). init ()




LightRidge APl Example: Forward Function

Example hardware-specific DONNs modeling

o W.r.t 532 nm setups (z =11 inches) and LC 2012 SLMs (HOLOEYE)

Input Image Diffractive Layerl Diffractive Layer2 Diffractive Layer3 Camera

Mpe, e a NS

self.layers[1] = 1lr.layer.DiffractivelLayer(SLM1 phase, SLM1 amp,
wavelength=5.32e-7, pixel size=3.6e-5, resolution=100, distance=0.2794,
amplitude factor=5, name=‘Diffractive Layerl”’)

# a virtual layer for diffraction (w/o phase mod) before detector
self.layers[4] = 1lr.layer.Diffractivelayer(self, .., name=°‘Last Diffraction’
, .. phase mod = False)

# forward example of chain topology of DONNs
def forward(self, x):
for index, layer in enumerate(self.layers):
x = layer(x)
output = self.detector(x)




Training - Example of Classification

80000mEnny Dsammugz’_

;\2geag pooB0RoEg
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lBDﬂDE.ﬂDU ,)g ] ‘2
3
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]
UDDQDﬁES
g
\
l\ Diffraction intensity pattern captured
- . Pre-defined 1 Ground truth label t
» Training via Backprop works! detector region

— Fully tensorized and differentiable Loss function L

phySICS kernels (AUtOgrad) Normalized Light intensity
— Customizable loss w.r.t applications [0.7, 0.05, ..., 0.03,0.1]

-

* e.g., classification, segmentation, etc. argmax = © &

[1,0,.,0, 0]




Miscorrelation in Experimental Measurements

Diffractive Layerl Diffractive Layer2 Diffractive Layer3 Camera

. —_— —— P 5 T il . -

Input Image

o

98% accuracy

—> LightRidge [ 0O
|:7’,

U

ISSUE 8 %
et o
Bt
- Cc :,
— Ur. oS8l SNy o

— Varies from device-to-device,
wavelengths, environment, etc.




Ty T
[T T T
Yoy [/ Jay [ ey [ ey

TS TNSSNN

Co-design Formulation

The formal view of co-design challenges

o Most challenging scenarios
Coupled or not coupled response (phase only)

Individual response for different layer or every pixel
1.04
v 0.9 \ a6a7
El ds
30.8{%0
. <E( ala a4
N 0.7 2
Wi, e
:E:E% /_\ 0 50D _1oov It1590 200
. evice Voltage
SN TR = 4 6§90, )i+ 14 i
WA R = U, 90680 (W), 3)i+ 14 simp)simg (x, y)
.Q. Q * %
WO : P
'Eﬁ Phase modulation n LB
g P4
T2 p3
A=0.9, 6 =0.3m (0.94) N\,
olx * *

0 50 100 150 200
Device Voltage




Co-design Formulation

Discrete “trainable” parameters
o Discrete parameters directly selects voltage index
o Loss function remains unchanged

/— Non-differentiable !

W T T [ T T 7 N
a6a7
© 0.9
N E @s
\DQ 50.8
NARN | v g a a,
Q ‘..D. 0 AT a —O-T| 0.7 za
SR AT T Py e
Q...\Q.QQ 1 aq 1 P1 6 50 100 150 200
‘Qm... . evice Voltage
NSO — .19« |P2 — L
NS =] (P[P he|c 4|7 || arcosps + taysing,
CNNRED
NN % Dy
~~E= 0 0 . . ﬂjp6 7
\ 0 ay \ 0 -p7-__// % Dy
) P3
. *
N )
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Gumbel-Softmax

Gumbel-Softmax (GS) for physics-aware discrete training
A differentiable approximation to sampling discrete data

Straight-through GS (STGS) for differentiable discrete sampling
Discretize GS sample back with argmax in the forward pass
GS sample in the backward pass to approximate the gradients

Class probability 0; O'H

n.
y _ . |‘z = onehot(argmax;|g; + logm; |)
i.i.d sample from /
Gumbef(o’ 1) Differentiable
gi approximation
via Softmax
Voz = V,y
) — exp((log(m;) + g;)/7)
[ |-[ T T © X exp(Qog(my) + g;) /7)

Jang, Eric, Shixiang Gu, and Ben Poole. "Categorical Reparameterization with Gumbel-Softmax." ICLR (2017).




Co-design Formulation

Refine the formulation via Gumbel-Softmax

Trainable \‘
Gumbel ~ g(0,1)

| [ T T ¥ I«
Index for deployment \.l [ 1 i Gradient Approximated
Bl T [ [ 7T 7T I Lo
. 0. &
209
Ao 1 ¢
.....D < a, 4
QRN 0-T - 0T - 0.7
RN 0T %1 01 P LYt
g.=.=Q=Q% 1 aq 1 P1 0 50 100 I150 200
=%E==§EEE — 0 a2 . 0 p2 . Device Vo ta(_je .
Q%::%EEE X (2, Xl [expli-|=[*] . = (11 COSPq + iaq Sinpq
LN
.D=E§§ 0 0 x pe Dy
N \—O— az \_ L0 -p7-// ! A i

Phase

21 P3

P *
()

A list of measurements is all you need !! oM 100 150 200




Domain-specific Complex Regularization

Discrete training via Gumbel-Softmax

Trainable \‘
Gumbel ~ g(0,1)

I [ | 1 T 1 I~
Index for deployment \I ] 1 i Gradient Approximated
Bl T [ T T T J Lo
. 0.
© 0.9
E s
n 1 ¢ 2
L <. a
R AT % 7 Yy e
g.=.=m=%%~ 1 a4 1 P1 0 50 100 I150 200
=%E==§EEE | 0 az " 0 b4 p2 | DeVIceVOta(‘je .
Q§§E=E$EE X oo, y)| e |11 ][ X] [ €XP| T | == (1 COSPq + ia;sinp,
UNROA
i | |- e
4 5
\ Lol lay ol tpd 2 3+
527 113
Physics-aware Complex OH@%

Regularizer 0 \NA0 100 150 200

Device Voltage




Domain-specific Complex Regularization

Regularization is a new hyperparameter
o Varies for different wavelength, depth, and distance

o Tuning needs to combine Gumbel-Softmax temperature
schedule

1.0

0.8 A

o
o

©
N

Testing Accuracy

0.2 A

0.0

0 20 40 60 80 100
Epochs

r Li, Yingjie, Ruiyang Chen, Weilu Gao, and Cunxi Yu. "Physics-aware Differentiable Discrete Codesign for Diffractive Optical
o, Neural Networks." In Proceedings of the 41st IEEE/ACM International Conference on Computer-Aided Design (ICCAD’22). 2022




Comparisons with quantization methods

Comparisons trained with a fitted continuous curve
from a multi-polynomial regression model

Pre-trained
model (float32) X X v
Quantization Round after Ha.ro!ware-awa-re We-lghts sharing
method trainin training loss with with KMeans
g minibatch clipping clustering




Comparisons with quantization methods

0.95 0.89
0.75 0.7 0.7
0.55 0.490.48
O 35
0.35
O 22 O 21
0.15

MNIST-10 (Setupl) FashionMNIST (Setup?2) MNIST-10 (Setup?2) FashionMNIST (Setup?2)

EPTQ = QAT mWSQ mOurs (GS)

# file.csv includes amplitude/phase response in two rows

SLM1 amp, SLM1 phase, .. = lr.utils.load device([slml.csv, slm2.csv,])
# plug-in in the layer definition
lr.layer.DiffractivelLayer(SLM1_phase, SLM1 _amp, wavelength, ..)
lr.layer.Diffractivelayer(SLM2 phase, SLM2 amp, wavelength, ..)

r Li, Yingjie, Ruiyang Chen, Weilu Gao, and Cunxi Yu. "Physics-aware Differentiable Discrete Codesign for Diffractive Optical
o, Neural Networks." In Proceedings of the 41st IEEE/ACM International Conference on Computer-Aided Design (ICCAD’22). 2022




Experiments - Visible Range

Emulation

__Input images Experiment

16 level

Experiment

' e | #
b o7 .
Visible Iiange DONNs éysterh Emulation

Training and hardware setups
— 10 min training on RTX 3090 Ti and straight out-of-box deployment

— 98% accuracy in experimental evaluation on MNIST-10
- Match LightRidge emulation results

Li, Yingjie, Ruiyang Chen, Weilu Gao, and Cunxi Yu. "Physics-aware Differentiable Discrete Codesign for Diffractive Optical
Neural Networks." In Proceedings of the 41st IEEE/ACM International Conference on Computer-Aided Design (ICCAD’22). 2022




>

Experimental Energy Efficiency

Efficiency (FPS/Watt)

FPS/Watt at inference 1000

- Batch=1

— 3 orders vs GPPs 100

_ 50X vs XPU 2326

— CNNs/MLPs acc =0.99 10 188

— DONNSs = 0.98 - M7 152

. [ =
2080 Ti 3090 Ti Intel Xeon Edge TPU

Can be further optimized with VY

mMLPs = CNNs mDONNs

monolithic fabrication and
advance setups

APC Metered Rack Supply PDU

(CPU/GPU/DONNS measurement) Googl Edge

SAFFIe ST L RS SRR e R LR
Multi-stage TPU system

995

Ours

S

U Setup




Experiments - THz Range

Layer 1

Input mask

HE

0.3 THz
Source

detectors

%
diffraction masks

» THz hardware setups
— Laser source 0.3 THz

— 3D printed diffractive layers
+ Pixel dimension 0.5 mm

— 93% accuracy in MNIST-10
— Physical sparsity

Lou, Minhan, Yingjie Li, Cunxi Yu, Berardi Sensale-Rodriguez, and Weilu Gao. "Effects of interlayer reflection and interpixel

® interaction in diffractive optical neural networks." Optics Letters 48, no. 2 (2023): 219-222.
r. Yingjie Li*, Shanglin Zhou*, Minhan Lou, Weilu Gao, Caiwen Ding, Cunxi Yu. “Physics-aware Roughness Optimization for
4 Diffractive Optical Neural Networks®. Design Automation Conference (DAC'23)



LightRidge Runtime Speedups

» LightRidge offers orders of magnitude speedups
— Baseline: LightPipes(2021) and SOTAS [Science’18, Nature Photonics'21]
* SOTAs reported 3-4 days training time for 5-layer DONNs

» Speedups breakdown _ - A
_ DiffractMod are the

~20000§¢
08 {
- -15000.52_ |
most critical i |
[ 5000 = '
- " ' l |
1 ] |' ] l 1o

50 -

&

— Deployment of
cuFFTC2C and cache
planning on h P 3

OrErNwWasve u® o
Runtime (sec)
10,000 fram

per

B rrr2 [ iFFT2 [ ] Complex MM [[] Others DONNs emulation
speedups breakdown

LightPipe
(CPU)
LightRidge
(CPU)

11x

T —————————————— — '
(GPU) "" g
LightRidge 71X ——92x :

P ................
(GPU) e Overall speedups: 80+




Advanced Architecture - All-Optical Segmentation

» All-optical segmentation task
— CityScape dataset '

“Optical skips”
- Better gradient flow

Optical Skip Connection

[RNE 532nm !:I! ! !I! HCamera

— BCELoOss Input Image | Reflection Mirror H LayerNorm (training only) ‘ Output Image (Detector)

for i in range(6) =
self.layers[i] = lr.layer. lefractlveLayer()
self.layers[5].phase_mode = False -

# optical ‘skip connection’
def forward(self, x):

X0 = self.layers[0](x)

x1 = self.layers[1](x0)

x2 = self.layers[2](x1)

x3 = self.layers[3](x2)

# the skip

x4 = self.layers[4](x3) + x©

X = self.layers[5](x4)
1n = torch.nn.LayerNorm()
output = self.detector(ln(x)) Input Image Target Our results Baseline




Advanced Architecture - All-Optical Segmentation

» Preliminary of all-optical autonomous driving

— In-door lane following
— Same architecture as segmentation task

25
50
75
100
125
159

175

Input Label DONNSs




Advanced Architecture - All-Optical Segmentation

» Preliminary of all-optical autonomous driving

— Out-door autonomous driving
« University campus road (summer)

— Same architecture as segmentation task




Adversaries of Light

Diffractive  Diffractive  Diffractive
Input Image Layerl Layer2 Layer3

Image X

SIMO SLM 1 SLM 2 SLM 3

532nm PO Ao (%), Camera

» The space of the adversaries in DONNs

Real Amplitude attack (4 + p)e® = (A + p)cos@ +i-(A+ p)sinb

Complex Phase attack AetO+P) =Acos(6 + p) + i - Asin(0 + p)

Adversarial Perturbation p

rO P, Yingjie Li, and Cunxi Yu. "Physical Adversarial Attacks of Diffractive Deep Neural Networks." Design Automation Conference (DAC’21)



Adversaries of Light

Diffractive  Diffractive  Diffractive
Input Image Layerl Layer2 Layer3

Image X

SLMO SLM 1 SLM 2 SLM 3
5320m PO lA0(3),

Camera

»  Domain-specific generation of adversarial examples
— Restricted space w.r.t physics meanings
— Perturbation engineering needs to be considered in the attack phase

» C-FGSM: Complex fast-gradient-signed-method
— Gumbel-Softmax guided co-design and perturbation engineering

Li, Yingjie, and Cunxi Yu. "Physical Adversarial Attacks of Diffractive Deep Neural Networks." Design Automation Conference (DAC’21)



Evaluations of C-FGSM

Adversarial
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Physical Experimental Validation

Input Image Diffractive Layerl Diffractive Layer2 Diffractive Layer3 Camera

Vulnerability exist and experimentally demonstrated
o Natural counter-measurements -the miscorrelation and device noise

Input Image Simulation Sim. Prob. Experiment Exp. Prob.
FMNIST w/o Atk. Acc. FMNIST w/ Atk. Ac 0.5 oo crma: , 0.4/
— 0, — 0 ) f o 0.44
97% 72% TRCICIPO| €45 [ TROI Opoj £
3 ! I 802
2 TR 966 2 TR 959 i £ 107008 [ 13
8 8 SN 00T 7 1SN : 007
® S © PO Labels  Ebeee===—=== (] Labels
g 2 : 0.43 P \ 0.45
- S ' ] 1 I ]
<C SN << SN - ‘ o 0470.33 0 04 031
wRE @ro| § 024 i TRO.CIPOJ £ o2
TR PO SN TR PO SN 9 5 0? : | 807
. - o
Predicted Labels Predicted Labels £ 1o ;
SN 0.0 " 1 I 0.0 T
1 2 7 | SN I 1 2 7
Labels i) Labels
o
r. Chen, Ruiyang?*, Yingjie Li*, Minhan Lou, Jichao Fan, Yingheng Tang, Berardi Sensale-Rodriguez, Cunxi Yu, and Weilu Gao. "Physics-Aware Machine
A

Learning and Adversarial Attack in Complex-Valued Reconfigurable Diffractive All-Optical Neural Network." Laser & Photonics Reviews (2022).




Other Features

AO:G e o ® o 0 0 ‘. A().6 LI 1‘0
EO-S *® & & & & & @ EO-S . & @ 0-8
ML-assisted DSE ©0.4eveenn- 004« 0.6
503 cesess . 5§03+ 04
Monolithic on-chip DONNs e N ¢ = °* :
P . . .g 0-2 * & & @& 0 . » g 0-2 e & @
Detector Diffractive Layers CW laser beam . .. LRI
(Off-chip) 0. : : : . & s 0 00 0' L L L] 0.2
% SN 10 30 50 70 90110 10 3050 70 90110® 0.0
SEE > Diffraction unit size (A) Diffraction unit size (A)
X N (c) A = 532nm (Predicted) (d) 2 = 532nm (Emulated)
OCQ‘\llog —3 Optical clear adhesle . - .
P R SO Monolithic Integration
Inlermnnedl ::flcl;rac‘:;lsg:s {as _Ez Host Control
- LRGB Encoding Layers | “R* Channel
. uesn Camera
Advanced Architectures G” Channel .

& Multi-task Learning

“B” Channel

# LightRidge

# » Welcome to LightRidge documentation! Lt

Installation

Welcome to LightRidge documentation!

r Yingjie Li, Ruiyang Chen, Minhan Lou, Berardi Sensale-Rodriguez, Weilu Gao and Cunxi Yu. “LightRidge: An End-to-end Agile Design
o, Framework for Diffractive Optical Neural Networks.” ASPLOS’24




Conclusions

A Computer Engineering journey to Diffractive Optical Neural Networks
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Tutorial 1ll: Topology and
physical layout optimization of
photonic networks-on-chip and

PIC variation analysis
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Technical University of Munich TI_ITI
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Topology and physical layout optimization of
photonic networks-on-chip




WRONoC — Wavelength-Routed ONoC
WRONoC Working Mechanism ===

Y VS A

* Usage of microring resonators —
. . Memory
(MRRs) for multiplexing and Photonic Layer

demultiplexing v e

* Dedicated signal path determined E]Ly/ ?/ ?/
in design phase for each tuple

(initiator, target, wavelength)

. light propagation
S S s A

S 3 >
T

* Main constraint: No path overlap ~ — h oA ®A ®A; @A
° direction change
between signals with the same [Cﬁ — -JJ
Wavelength f\\:’.ff'i.".’ﬁ’.ﬁf i 5 ; Z Z f
(=) () < -
90° direction change 270° direction change - = 15 <

89



WRONOoC Pros and Cons

* Advantages:
* No control resource
* No scheduling effort
* No congestion control

* No signal path construction = no
uncertain signal delay

* Disadvantages:

e Extensive usage of MRRs (1 MRR
serves constant #paths) —
Scalability issue! — suitable for
application-specific usage —
need design optimization to save
resources

90



WRONoC Design Features

Topological features: Physical design features: Manual topology
* Waveguide connection structure  * Waveguide routing
* MRR topological locations * MRR placement

MRR resonant wavelengths

e Signal wavelength assighnment

* Signal path routing

All these need to be done during the design phase

— Challenges of efficiency! & beyond human capability! |- { | i "J’

Sources:
1) Engineering a Bandwidth-Scalable Optical Layer for a 3D Multi-core Processor with Awareness of Layout Constraints, NOCS’12, Luca Ramini et al.
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WRONoOC Research at TUM — Since 2018

* Router design and synthesis:

* Topology synthesis
* CustomTopo (ICCAD’18)
 FAST (DATE’21, TCAD*22)
* Topology design
* Light (ASP-DAC’21)
* Physical synthesis
* ToPro (ICCAD’21)
» Topology synthesis + physical synthesis
* PSION (ISPD’19, TCAD’20, ICCAD’20)

e Bandwidth maximization: MaxBW (ASP-DAC’20)



WRONoC Research at TUM

* Router design and synthesis:

* Topology synthesis
* CustomTopo (ICCAD’18)
* FAST (DATE’21, TCAD‘22)
* Topology design
* Light (ASP-DAC’21)
* Physical synthesis
e ToPro (ICCAD’21)
» Topology synthesis + physical synthesis
* PSION (ISPD’19, TCAD’20, ICCAD’20)

e Bandwidth maximization: MaxBW (ASP-DAC’20)
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Separate Design Steps

* Topology generation and then physical
design

* Advantages:
* Natural problem partitioning

* Observable intermediate solution, i.e.
topology

* Fast

e Disadvantages:

* Node position not considered — long
waveguide detours and crossings

Sources:

automatically-synthesized topology

|m | || [m] [ma| [w| [we| [ws]| ||
I 1 I I I I

T
T
T
T
T

\/

M2 H2 H4 M4

 s—

automatically-synthesized layout

1) CustomTopo: A Topology Generation Method for Application-Specific Wavelength-Routed Optical NoCs, ICCAD’18, Mengchu Li et al.
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Topology Synthesis by CustomTopo

H1
H2
H3
H4
M1
M2
M3
M4

Input: communication graph

communication matrix

H1 H2 H3 H4 M1 M2 M3 M4

6 1 3 2 0
1 3 6 0 2
2 1 o 6 3 wavelength for each message determined
6 2 0 3 1 .
. o wavelength for each ADF determined
3. 6 0 #ADF-sharing structures maximized
1 0 6 3
0 1 3 2 )
Sources:

1)

CustomTopo: A Topology Generation Method for Application-Specific Wavelength-Routed Optical NoCs, ICCAD’18, Mengchu Li et al.
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Information in the Communication Matrix

H1
H2
H3
H4
M1
M2
M3
M4

H1

o = W N O

M1

Sources:
CustomTopo: A Topology Generation Method for Application-Specific Wavelength-Routed Optical NoCs, ICCAD’18, Mengchu Li et al.

1)

H2 H3 H4
4 6
1
2 1
2
3 4 0
6 0 4
0 6 3
1 3 2
ADF1 favevararararasusanas

H1

M2

M1 M2 M3 M4
N
1 3 0
3 6 2
4 0 3
0 4 1
ADF sharing
4 M1
y 7
ADF2 }eeeeneessnnnnnnnns ADF3 Jeeensssnnnnees H4
H2 H3

ADF3

H3

Add-drop filter (ADF)
with 2 MRRs

O

O

H4

Dashed lines: components may not be directly connected
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Topology Synthesis by CustomTopo

H1
H2
H3
H4
M1
M2
M3
M4

Input: communication graph

communication matrix

H1 H2 H3 H4

6
1

2 1
6 2

2 3 0
3 6 0

1 0 6 3

0 1 3 2

Sources:

M1

1
3

0

M2

3
6
0

M3

w o O N

M4

0
2
3
1

topology

] [ [ (=] B 0o o) [
pigEisEig R sk
- O HCHEH

T o i
B Y
EX e H physical design (by PROTON)
B ,

M1 H1 ‘ H3 ‘ ‘MB.

wavelength for each message determined
wavelength for each ADF determined

’ B
W netlist determined

#ADF-sharing structures maximized

L

M2 H2 H4 M4

1) CustomTopo: A Topology Generation Method for Application-Specific Wavelength-Routed Optical NoCs, ICCAD’18, Mengchu Li et al.
2) PROTON+: A Placement and Routing Tool for 3D Optical Networks-on-Chip with a Single Optical Layer, JETC'15, Anja von Beuningen et al. 97



Topology Synthesis by FAST

* Reduced from Snake topology Results comparable with
CustomTopo, but much faster
4x4 Snake Comm. Graph Comm. Matrix Entry Revision
I1 12 13 14 RO R1 R2 R3
|O | |O | |O | (4] portIO:><port2 30 1 1 1
@) @) o S1 | 1 1|1 1 2
20 OJO J port 1 «———» port 3 S21 1] 1 » 1 »
9 s3[1]1
i 2
é il Folding Resulting Topology Wavelength Assignment
e RO R1 R2 R3 RO R1 R2 R3
1 1 //,; <0 0, 5 | - o, 5 |
2 » S1 O » S1 O
20 2 O O
({ 215 215
S3— S3—

Sources:

1) Contrasting Wavelength-Routed Optical NoC Topologies for Power-Efficient 3D-stacked Multicore Processors using Physical-Layer Analysis, DATE’13, Luca Ramini et al.
2) FAST: A Fast Automatic Sweeping Topology Customization Method for Application-Specific Wavelength-Routed Optical NoCs, DATE’21, Moyuan Xiao et al.

3) Crosstalk-Aware Automatic Topology Customization and Optimization for Wavelength-Routed Optical NoCs, IEEE TCAD“22, Moyuan Xiao et al.
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WRONoC Research at TUM

* Router design and synthesis:

* Topology synthesis
e CustomTopo (ICCAD’18)
 FAST (DATE’21, TCAD*22)
* Topology design
* Light (ASP-DAC’21)
* Physical synthesis
e ToPro (ICCAD’21)
» Topology synthesis + physical synthesis
* PSION (ISPD’19, TCAD’20, ICCAD’20)

e Bandwidth maximization: MaxBW (ASP-DAC’20)
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Number of signal paths

Light: n X (n — 1) WRONoC Router

* Physical-design-aware x4 A-router 3 Light
* A wide range of signal-to-noise ratio 3 . .
(SNR) distribution — good potential P N B

. . . @ 4§ @

for signal path binding [ ]

SNR distribution among signal paf:ii}i::lljlty;:on_rlicGt;(/i(;/;/ROVNofigtzfologies consisting of 32 IP-cores 8x7 |_|ght
& —

; oy
o g P ‘“ . ¥ s
Sources:

1)  Light: A Scalable and Efficient Wavelength-Routed Optical Networks-On-Chip Topology, ASP-DAC’21, Zhidan Zheng et al.
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Light: Results in detail

Number of paths and their SNR values for different WRONoC topologies supporting 32 IP-Cores

-@-A-router —4-GWOR Light

792 e
/1 All signal paths in A—router have
'similar SNR values around 7dB, which
is much smaller than the avg. SNR

value in Light (10.87dB).

___________________________ More than-90% paths in Light have

880 (899 th GWOR !
(89%) paths in gr aecrrgN values than the avg. SNR

Smalle;;’:R :T_IUE: t?;r\‘éé&eg;}\r/\ oth | A-router (7.285dB) and
L. .ONRofLight{10.86dB). __ -\\/5r (7.7924B)

;78
- 5 33 15 3 16
\Imsz ,,28 16 1 g f‘?lo 6 6 ]07 39 462 f 12 0 34 & o/ 07

SNR/dB
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WRONoC Research at TUM

* Router design and synthesis:

* Topology synthesis
e CustomTopo (ICCAD’18)
* FAST (DATE’21, TCAD22)

* Topology design
* Light (ASP-DAC’21)

* Physical synthesis
e ToPro (ICCAD’21)

» Topology synthesis + physical synthesis
* PSION (ISPD’19, TCAD’20, ICCAD’20)

e Bandwidth maximization: MaxBW (ASP-DAC’20)
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ToPro: Waveguide Router

Router rotation and flip

* Steps:
1. Project a physical-design-aware
topology, e.g. Light, onto the center
of the routing plane

2. Route shortest paths
3. Crossing resolution by path pushing

* Zero-crossing waveguide routing
from router to nodes

e Minimize insertion loss & Maximize
SNR

Sources:
1) ToPro: A Topology Projector and Waveguide Router for Wavelength-Routed Optical Networks-on-Chip, ICCAD’21, Zhidan Zheng et al.
2) Topological routing to maximize routability for package substrate, DAC’08, Shenghua Liu et al. 103




WRONoC Research at TUM

* Router design and synthesis:

* Topology synthesis
e CustomTopo (ICCAD’18)
* FAST (DATE’21, TCAD22)

* Topology design
* Light (ASP-DAC’21)

* Physical synthesis
e ToPro (ICCAD’21)

* Topology synthesis + physical synthesis
* PSION (ISPD’19, TCAD’20, ICCAD’20)

e Bandwidth maximization: MaxBW (ASP-DAC’20)
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PSION: Template-Based Synthesis

MRR Placeholder fraaseaies A R - | .
—— Waveguide Section ‘ b ! ‘
. : : (3) Node 1 (4] ' | | :
Topological features: Physical design features: erUlL " GroB e AR b
* Waveguide connection structure | * Waveguide routing S S | n . E o
* MRR topological locations * MRR placement R e &t T ‘ i
s | '._."'._.' ! : '._o"'._.' ! =
* MRR resonant wavelengths x placeholders ey -:'_':-I-:'_':- =
* Signal wavelength assignment (¥) Node 4 (4)
* Signal path routing
— Waveguide & Node B GRU @ Endpoint
to be determined = 5 T 5 P §
o— B> :ﬁ: o
Q4
4 , | o
o i <o
o o %
C e
Sources:
1) PSION: Combining logical topology and physical layout optimization for Wavelength-Routed ONoCs, ISPD’19, Alexandre Truppel et al.
2) PSION+: Combining logical topology and physical layout optimization for Wavelength-Routed ONoCs, IEEE TCAD 39(12) 2020, Alexandre Truppel et al. 105

3) PSION 2: Optimizing Physical Layout of Wavelength-Routed ONoCs for Laser Power Reduction, Alexandre Truppel et al.



WRONoC Synthesis by PSION

a “Screen Savor” multimedia application WRONOoC router synthesized by PSION
- 1@72KHz y Noded 4
oo . o o .
z I O A
4@76%Hz 157694 — /’ i \: O T T i Message list:
10@769Hz . > v (_—} 23
\ i O g 11—>12 13—>9
@ ” I
PER IS I SER
mp - lo_:
16 nodes, 22 messages ~ r QO jO S NMO) L) | ‘
6— 10
e Full CM would have 240 messages, « — < (=0
- g - g
240 MRRs required for Lambda-router : LT R —
—> \\ ‘ : ‘ - insertion loss
* Here only 27 MRRs are used NI
*Node16f

Sources:
1) PSION: Combining logical topology and physical layout optimization for Wavelength-Routed ONoCs, ISPD’19, Alexandre Truppel et al.
2)  Ascalable, non-interfering, synthesizable Network-on-chip monitor — extended version, Microprocessors and Microsystems’13, Antti Alhonen et al. 106



WRONoC Research at TUM

* Router design and synthesis:

* Topology synthesis
e CustomTopo (ICCAD’18)
* FAST (DATE’21, TCAD22)

* Topology design
* Light (ASP-DAC’21)

* Physical synthesis
e ToPro (ICCAD’21)

» Topology synthesis + physical synthesis
* PSION (ISPD’19, TCAD’20, ICCAD’20)

 Bandwidth maximization: MaxBW (ASP-DAC’20)
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Bandwidth Maximization

Bandwidth requirement (unit: MB/s)
e Convention: “1-bit communication” of an MPEG-4 decoder application

. . . . med
* Periodic transmission spectrum of (Vujo (:f) m @
. . .
microring resonators ~

sdram 250 i C

* Input: a WRONoC topology oof o) \Sraml di
. \4'70 f173\
e Qutput: the same topology with p

maximized communication
parallelism

Transmission spectra of three MRRs.

/ 5 ) A1 A6 | ; ASASJ A2}

Ao A1a ¥ A11 v

A1 )\2)\3 )\4)\5)\6 A7As )\9)\10)\11 )\12)\13)\14 Wavelength T1 T2 LE
XX X X X X

Transmission
Power

Sources:
1) Maximizing the Communication Parallelism for Wavelength-Routed Optical Networks-on-Chips, ASP-DAC’20, Mengchu Li et al.
2)  NoC synthesis flow for customized domain specific multiprocessor systems-on-chip, IEEE TPDS 16(2) 2008, Davide Bertozzi et al. 108



WRONoOC Research at TUM — Since 2018

e Router design and synthesis; Many thanks to the researchers and
: students working with me:
* Topology synthesis

, Tsun-Ming Tseng,
* CustomTopo (ICCAD’18) Mengchu Li, Alexandre Truppel,

* Topology design and to my collaborators:
« Light (ASP-DAC’21) * Prof. Davide Bertozzi (University

of Ferrara, Italy)

* Physical synthesis ) L.
, * Dr. Mahdi Tala (University of
* ToPro (ICCAD’21) Ferrara, Italy)

* Topology synthesis + physical synthesis * Prof. Mahdi Nikdast (Colorado
* PSION (ISPD’19, TCAD’20, ICCAD’20) State University, USA)

e Bandwidth maximization: MaxBW (ASP-DAC’20)

109



PIC variation analysis

Thanks to

Ying Zhu, Bing Li, Grace Li Zhang (TUM)

and to our collaborators

Xunzhao Yin, Cheng Zhuo (Zhejiang),
Huaxi Gu (Xidian),

Tsung-Yi Ho (CUHK)




Mach-Zehnder Interferometer (MZI)

« Component for light signal transformation

* Behavior of optical signals: Mz

* Directional coupler (beam splitter):
split signal by 50:50; append 11/2 in phases of I I
diagonal transmission 2 2

* Phase shifter: thermally controllable phases

Directional coupler
for programming

Thermal-optic phase shifter

transformation matrices
of phase shifters

I A 0o 1|+ L 0 1
V2 V2 V2 V2
transformation matrices
of directional couplers

Ic
Ll

\ -
: matrix-vector
L

' multiplication

LS o e'?sin
1 22629/2 _

—— e - - - P



MZI| Network as Neural Network

* MZIs can be connected to transform L
more signals simultaneously Lo "
T=T¢ Tc,Tc, T, : multiplication of column matrices ke Z

formed from the matrices of MZlIs La
¢y

* Neural networks can be mapped onto
MZI networks by matrix
decomposition

silégnr;tls o> U
W =UXV*

Y. Shen, N. C. Harris, S. Skirlo, et al. Deep learning with coherent nanophotonic circuits. naturephotonics, 2017.

Ly
Ly
Ly

Ly



Process Variations of MZIs

A — k=0.800, b =-0.390

« Same thermal power results IN phase | —Fomezem ),

different phase changes in k=100, 0290

different MZIs due to process ¢ . | _— >

Val‘iationS 2 l _____________________ nominal curve
¢ SR

\/

« Smaller MZI phases have
smaller deviations.

P1 P2 P3 power p

Phase changes vs applied power:
characteristic curves of five MZIs under
process variations

Ma, J. Mower et al. Efficient, compact and low loss thermo-optic phase shifter in silicon. Opt. Express, 2014.
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Accuracy Degradation of Neural
Networks due to Process Variations

e LeNet-5 + Cifar10 30: variation setting, u: mean value of accuracy
- Obvious accuracy drop with | = e = o coione et
0.5%_1% random 20 4 B 30-= 2.0%4=0.6189 WM 30 = 10.0%, y=0.1159 Cifar1i0
variations in the MZ| S5
phases % .0
* With beyond 3% variations y
the optical network ol

becomes unusable_ 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Accuracy No variation: 0.746

Ying Zhu, Grace Li Zhang, Bing Li, Xunzhao Yin, Cheng Zhuo, Huaxi Gu, Tsung-Yi Ho, UIf Schlichtmann. Countering Variations and Thermal Effects for
Accurate Optical Neural Networks. ICCAD, 2020 114



Variation Extraction from I\/IZI Network

_____________________

* Input test pattern: 1 0 0 o Tcpl oi C;j "
ldentity matrix | Pl 0O T YT
B 0010 -+ - M’
—> M - TC4TC3TC2TC1 I 00 0 1 _i_ | | i g}
« Change MZI phases in I T, T, T g,
C0|umn four M'M™! = (Té4TC3TC2TC1)(TC4TC3TC2TC1)_1 - Té4T(ZLI
! / 1 0 0111 O O 1 0 0
_)M — TC4T63TC2TC1[ =10 T¢ Of|0 T¢ 0]= 0 T,T; O
O 0 110 O 1 0 0 1

* Determine MZI variations by
" _ Phase changes in the
curve matching and column comesnonding M2 »
wise Iiterative test

Curve matching to
determine variations



Accuracy Enhancement In
Variation-aware Design

Mean value of accuracy (%)
120

100
82.81

94 g8
80 76.56 7411 808
6
4
2 11.63 11.22 1;6
] ]

FCNN+MNIST LeNet-5+Cifarl0  Aug.LeNet-5+Cifarl10

o

o

o

o

m Software training
®m With variations
® With variation extraction and compensation

#sampled ONNSs: 100; 3¢ of the phases at 2r: 20%; Aug. LeNet-5: LeNet-5 with more convolutional layers

Ying Zhu, Grace Li Zhang, Bing Li, Xunzhao Yin, Cheng Zhuo, Huaxi Gu, Tsung-Yi Ho, UIf Schlichtmann. Countering Variations and Thermal Effects for

Accurate Optical Neural Networks. ICCAD, 2020 16



Future Challenges of Optical Systems

* Design and test of optical networks
» Fault test ©10

* Variation characterization of complex @ | @
MRR and MZI networks P Q, 2

 Fusion of optical interconnects and
computing components

« Optical interconnects can create test ®
paths and enable fault tolerance.

« Overlapped design allows more flexible

® @
@

MZ| network structures. 7 Z4
« Computing in the optical domain 2 Z
* More functions can be integrated into the Z Z

optical domain — optic-electro conversion
as late as possible

« Codesign of optical and electrical systems



WHERE
INNOVATION
BEGINS

Zhengqi Gao, Duane S. Boning
Department of EECS, MIT

July 10t, San Francisco R :
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Terminology
: Photonics ph:sig r;i%i?:tors}dﬁﬂ ¢ S(l))f:x::esoftware
e Configuration libraries . . . . . . .
- /f’""“'\ i :ggygﬁgg;g;;pthms = Contrast to bulk optics (which are individual, discretized)
™" Fibre \ _ 72 > Specialized
N > optca oo =) (e = Integrate multiple optical functions onto a single chip
Balanced :&f‘; il .

s “; ~~~~~~~~ Bl = Several platforms, mostly used: silicon-based CMOS

Integrated Programmable Photonic Circuit

= Active photonic devices (thermal-optic phase shifter)

b Electronics, Programmable . . . .
i paciate ’ ... = Exploit run-time reconfigurability

Programming

connector
FJSB, ethernet)

= Analogy to the concept of FPGA

Fibre array
assembly

RF amplifier
electronics

crciose = Manipulate light (EM wave), instead of electric signal
gloe: hermeic, EMC) : . :
79 Gontrllgic = Physical abstraction is {E, H}, instead of {l, V}.

Figure credit: Wim Bogaerts et al., Nature, 2020, » Simulation more complicated (PDE, Maxwell Equations)
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FPGA Reconfigurability

= Alarge number of logic blocks (e.g., lookup tables, flip-flops, multiplexers)

: : . Hardware side
= An interconnect routing network, which can be programmed

= Program FPGA with HDL (e.g., VHDL, Verilog) ——— Software side

What about an integrated programmable photonic circuit?




Hardware Side

Optical phase shifter

Optical
phase
shifter

50:50
coupler

(Tf Y

Lightwave 7‘
in a waveguide

Input
waveguides
p .

e
g Optica_l phase
Output shifter
waveguides f
v

. v
Power coupling

,\Phase delay Ag

N
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Tunable Basic Unit (TBU)

» An active 2x2 MZI device

= Two degrees of freedom

» Thermal/electric-optical phase shifters
» Three states: bar, cross, partial

» Several implementations (figs. c, d, e)

Remarks: (i) analog computing, (ii) topology difference

Figure credit: Wim Bogaerts et al., Nature, 2020.
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Topology I: Feedforward Mesh

Reck’s design

VOLUME 73, NUMBER 1 PHYSICAL REVIEW LETTERS 4 JuLy 1994

Experimental Realization of Any Discrete IUnitary Operator

Michael Reck and Anton Zeilinger
Institut fiir Ezperimentalphysik, Universitit Innsbruck, Technikerstrasse 25, A~6020 Innsbruck, Austria

Herbert J. Bernstein and Philip Bertani
Hampshire College and ISIS, Amherst, Massachusetts 01002
(Received 11 February 1994)

An algorithmic proof that any discrete finite-dimensional unitary operator can be constructed in
the laboratory using optical devices is given. Our recursive algorithm factorizes any N x N unitary
matrix into a sequence of two-dimensional beam splitter transformations. The experiment is built
from the corresponding devices. This also permits the measurement of the observable corresponding
to any discrete Hermitian matrix. Thus optical experiments with any type of radiation (photons,

l atoms, etc.) exploring higher-dimensional discrete quantum systems become feasible.

One MZI

Remarks: (i) Reck’s design could implement any complex unitary N-by-N matrix with N(N-1)/2 MZIs.

(i) Feedforward: light only propogate from left to right, or vice versa; no loops.
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Topology I: Feedforward Mesh

Clement’s design Optimal design for universal multiport
interferometers

WiLuiam R. CLEMENTS,* PeETER C. HuMPHREYS, BENJAMIN J. METCALF, W. STEVEN KOLTHAMMER, AND
Ian A. WALMSLEY

Clarendon Laboratory, Department of Physics, University of Oxford, Oxford OX1 3PU, UK

*Corresponding author: william.clements@physics.ox.ac.uk

Received 23 May 2016; revised 7 October 2016; accepted 7 October 2016 (Doc. ID 266897); published 6 December 2016

Universal multiport interferometers, which can be programmed to implement any linear transformation between
multiple channels, are emerging as a powerful tool for both classical and ics. These interfer ters
are typically composed of a regular mesh of beam splitters and phase slnfters, allowmg for straightforward fabrication
using integrated photonic architectures and ready scalability. The current, standard design for universal multiport
interferometers is based on work by Reck ez al. [Phys. Rev. Lett. 73, 58 (1994)]. We demonstrate a new design for
universal multiport interfer s based on an alternative arrangement of beam splitters and phase shifters, which
outperforms that by Reck et al. Our design requires half the optical depth of the Reck design and is significantly more
robust to optical losses.

One MZI

Remarks: (i) Similar to Reck’s: N(N-1)/2 MZIs needed; feedforward.

(ii) Difference: better tolerance to error; more compact.
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Topology I: Feedforward Mesh

Singular value decomposition (SVD): M = UXYXV
M is a complex (real) matrix => U and V are unitary (orthogonal) matrices

Motivates a novel DL hardware accelerator: Optical Neural Network

b  Optical input Optical output Lightmatter's photonic Al ambitions

ligh OMB d
| fomfod e o f £ ZIGHTMATTER fohtup an SE0M B roun

JL 0 o‘—‘i—JL
Xin ﬁi v () H ym E}(NL —i Xout ///
/is 0\ o N v/ /4

LIGHTELLIGENCE

Figure credit: Yichen Shen et al., Nature, 2017.




L e
Topology I: Feedforward Mesh

Q1: Let’'s implement an optical ring resonator on a feedforward mesh!
---- We cannot... No closed loops.

Q2: Let’s implement an |IR filter on a feedforward mesh!

Remark: Feedforward mesh is thus

---- Again, we cannot... No closed loops. o
more specialized as DL accelator.

» + >
T l (29 Fora general optical application?
+ z'1 N
Z-l
Ring resonator lIR filter




N Massachusetts
I I Institute of

Technology

Topology Il: Recirculating Mesh (Main Focus)

Common realizations: Square, hexagonal, triangular mesh

A “photonic FPGA”: Fast prototyping integrated silicon photonic circuits

Tunable couii \

g o ——
In1 %y out g 3 R l )
|n2a-_ QU2 ;
[ > l .
‘-{ Waveguide — H r‘[; [ (—
Tunable phase shifter = Mach-Zehnder coupler u S‘ i
Resistor-based heater G

Figure credit: Wim Bogaerts et al., Nature, 2020.

Figure credit: Leimeng Zhuang et al., Optica, 2015.
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Go back to Software Side

= How do we program it?
» Recall: mature tools for electronic FPGA; digital.
= But for programmable photonic circuits, it's analog computing.

» Feedforward mesh (Reck’s and Clement’s) has analytical solution

= This tutorial will focus on recirculating mesh (less touched)
= No analytical solution available

= Take mathematical and algorithmical perspectives

Remark: In a nutshell, we are doing synthesis.




Modeling and Simulation

A time-harmonic chromatic optical signal is represented by: aet(a is complex)

Scattering matrix relation for a TBU

a,0ein

b, O
| 50 ] 2[ ol
bgO) agf)

by Oeint

a0t




Modeling and Simulation

A time-harmonic chromatic optical signal is represented by: aet(a is complex)

Scattering matrix relation for a TBU

3 gt POLA PortB, .
! N i v 1 B | V21 =] [e® 0 ] V2] 1 <] |Gl
L , pO | T 2 [ 1 0 e | 2 |- 1 oD
az(l)eiwi_, - N e b, (O)giwt 2 - " . ~ AR ~ ) 2
Port A, Port B, 2 right DC PSs left DC

Remarks: (i) This is the form usually used in a feedforward case

(i) But more careful treatment needs to be done in a recirculating case

Massachusetts
Institute of
Technology
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Modeling and Simulation

A time-harmonic chromatic optical signal is represented by: aet(a is complex)
Scattering matrix relation for a TBU

Port A, Port B,

Meiwt . s (O)ajwr )
a, 0 b, bgO) B Q 1 —j e —i0 0. ﬁ 1 —j GSI)
@ b(o) -2 —-j 1 0 e3¢ 2 -] 1 o
- 2~ I ) 2

Meiwt ., s (D)ajwt
a,e b,Ve)
Port A, Port B, 2

right DC PSs left DC

Further take waveguide into consideration:

{0, ¢}: tunable phase shifts (design variable)

c: light speed in vaccum

(0) gl W2 [ 1 —j —ié 27 1 —; (1)
[ ‘;}O) ] =l e =C % [ i 1J ] [ eo e9j¢ ] % [ j 1‘] ] [ G%I) Nes(W): effective index of propogating mode
T T - a
2 waveguide '~ - o 2

a: tunable basic unit (TBU) loss

right DC PSs left DC

L: length of waveguide in the TBU




N Massachusetts
I I Institute of

Technology

Modeling and Simulation

A time-harmonic chromatic optical signal is represented by: aet(a is complex)

Scattering matrix relation for a TBU

(Daiwt Port A, Port B, (D)ajwr
ue 0 — b b Lemat V2[ 1 = [e® 0 Jv2[ 1 ]| a”
=x-e e — . _ — . I
b;o) ——— 9 -j 1 0 e —i¢ 2 —j 1 aé )
ot O aivt waveguide ~ -~ - e N -~ )
a,0 Port A, PortB, b, right DC PSs left DC
Remark |: Bar, cross, and partial state
b\ et 107 [al!
Bar state: |0 —¢|=n Example: 6 =0, ¢ =7 — b%O) SC N P a,%”
| Y2 2
0= ) et [0 1] [al”
Cross state: 6 = ¢ Example: 6 = ¢ =—0.57 —) L = e L 0] L
b, g

Other cases are referred to as the partial state
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Modeling and Simulation

A time-harmonic chromatic optical signal is represented by: aet(a is complex)

Scattering matrix relation for a TBU

Port B
a,Oeimt Port A, oS b (O)giwt _ . . 0
! 0 1 p{9) el V2 [ 1 —j e 0 V2 -] a
o | mece N
(eiwt ¢’ (O)pjwt 2 waveguide s i -— 1 ~ .
“ Port A, PortB, b, right DC PSs left DC

Remark II: Why it doesn’t matter in a feedforward case?
— waveguide

— — — a— = s 7TBU

Credit: Saumil Bandyopadhyay et al., Optica, 2021.
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Modeling and Simulation

A time-harmonic chromatic optical signal is represented by: aet(a is complex)

Scattering matrix relation for a TBU

(eiwt Port A, L B]_. (O)ajwi . I
4 . 9 b] o bgo) . —jw iy L \/§ 1 —J e_‘]8 0 ‘\/i _J O}g )
¢ o | TE—"2 | - 1 0 e |2 |- 1]|a
- O)eitwt waveguide ~ S -~ - -~ -
a,)e " PortA, PortB, b, e right DC PSs left DC
Remark II: Why it doesn’t matter in a feedforward case?
: : : : : :/v All signals oc e ¢
— H H H H H H where 6 is the number of columns
— - —t _—— - —t =
| | | | | |
N (! - |
— _i. _i. + .i_ + q:t Thus, we could omit the impact of waveguide
|
gt A/
All signals oc ¢ 1“7 ¢ e—

Figure credit: Saumil Bandyopadhyay et al., Optica, 2021.
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Modeling and Simulation

A time-harmonic chromatic optical signal is represented by: aet(a is complex)

Scattering matrix relation for a TBU

. PortA, Port B, ,
a, et — . — b,(Qeiv b(o) I \/5 1 —j o —if 0 \/i - a,(I)
1 — e W= V2 _ _ _ 1
() —— 2 —-j 1 0 e3¢ 2 —j 1 oD
B ¢ o 2 waveguide . - ~ 2
a0 by e ight DC PS: left DC
Port A, Port B, right s eft

Remark Ill: Why it does matter in a recirculating case?

. dn H-L
pIw =— dependence " ﬂ % e—jwsnﬁ.ﬁL dependence

—
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Modeling and Simulation

A time-harmonic chromatic optical signal is represented by: aet(a is complex)

Scattering matrix relation for a TBU

a, deivt . Port A, Port B‘_. b (O)giwt
6 ! b0 a(" ot V2 Val 1 —i1[al®
=F =a-e ¥ _ — .
. : T e 2y [ SR 7]
a,Ne —— N bz(“]e)wr waveguide - ~ - ~— _
Port A, Port B, nght DC PSs left DC
Remark IV: TBU is a bi-directional device:
_ - _ - {0, ¢}: tunable phase shifts (design variable)
p(O) 24D
o Port A, Port B, ) 1 1 . .
a;eM— —— b,V ) (1) c: light speed in vaccum
6 b; F 0 a,
é o | = [ ] B0 Nes(W): effective index of propogating mode
a,Oeim— —— b,Deim o 1 : :
Port A, Port B, 4,0 p(D a: tunable basic unit (TBU) loss
[ "2 | 2 ]

L: length of waveguide in the TBU
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Modeling and Simulation

Fliby+ Flyby— by =0
Ey by + Fyyby — by =0

A system of linear equations!

b b 1 1
@
e e

o =) = 1 )
by by Fy, Fiyl| |by
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Modeling and Simulation

Frequency-domain scattering matrix simulation
Flllﬂl + Fllgag — ag — 0
Fi.llﬂl -+ FEIEL’LQ —ay =10

2, 2, %, Flby+ Flby — b = 0
d, Ay dg (|
bl
S T R - e e
:ﬂ : ﬂ: |§l —1 6'?2 O 0 Fy 0 Fjp -] ﬂi = g
5 R e 2 a2 fe k)
cr o 4
- | by Al
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Routing Analysis

= Reasonable assumption: all TBUs in bar or cross states because of ‘routing’.

= Example: How to route an optical signal from node Ato node E? -- Fairly easy
. - ., Node E . . o Node E
° ° ° // °
Node D
| l 'L Node C 1
Node B
NOdeA.o o o o. Node A o« °o o o.
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Routing Analysis

= Reasonable assumption: all TBUs in bar or cross states because of ‘routing’.

= Example: How to route an optical signal from node Ato node E? -- Fairly easy
. e Node E Recall the S-matrix of a TBU in bar/cross state:
° // ™ _
Node D | et [10] (o
] 7 o [
Node C [, (0) (1)
. ° b _reil [0 1] |a
o p—"" 1 ® %O) = aqe e %I)
Node B b, LOf fay

. . ‘HL,H.'L
The frequency response of is: (ae “" ¢

)4

‘4’ represents the number of TBUs the trajectory bypasses

Node A o ° o o.




IMlan s
Routing Analysis

= Reasonable assumption: all TBUs in bar or cross states because of ‘routing’.

= Define Path length = #TBUs bypassed

= Analyzing path length is very important
= |t determines the frequency response (previous page)
= Application I: N signals, goes through the programmable photonic circuit, maintaining phases
» Realize N paths with the same path length.

= Application II: Work as time delay element for filtering

» Realize paths with length constructing arithmetic sequence, e.g., {1,3,5,7,...}.




Routing Analysis

Conclusion | (warm up)

Col. 1 Col. 2 Col. M
f A AN A A {_A_\

Rowl < |1 (1,1) | (1,2) 1, M) #TBUs=NM+ 1)+ M (N +1)

- . o # Configs = 2NM + 1)+ M + 1)
Row 2 < 2,1 2,2 2, .

_ @)@ @4 # floating nodes = 4N + 4M

' # non-floating nodes = 4NM
# undirected optical path = 2N + 2M

Row N ‘[ >y N2y - (M)
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Routing Analysis

Conclusion Il: maximum path length = 4NM + 1

Intuition: a path starts and ends both at a floating
Col. 1 Col. 2 Col. M

—A A A node, with non-floating nodes in the middle.
Row 1 { 1, 1) | @,2) (1, M) Path length = #Nodes - 1
: : where #Nodes = 2 + #Non-floating Nodes
Row 2 { 2,1) |22 2, M)
’ ‘ => Max #Nodes = 4NM + 2
=> Max Path length = 4NM + 1
Row N { (N, D |V, 2) (N, M)

*
- 8 N - .
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Routing Analysis

Conclusion IlI: Is any path length x in [1, 4NM+1] realizable on a N-by-M square mesh?  Unluckily, no....

Col.1  Col.2 Col. M Example: Try x = 3 on this 2-by-2 squre mesh
f A )/ A \ (—Aﬁ P Y Y )
Row 1 { (1,1) |1 (1,2) (1, M)
Row 2 { 2,1) (2,2 2, M) . ’
RM{ N1 | (Y, 2) (N, M) Our finding: If both N and M are even,
' —— Any x =0, 1, 2 (mod 4) in [1, 4ANM+1] is realizable




IMlan s
Routing Analysis

Conclusion lll: Is any path length x in [1, 4ANM+1] realizable on a N-by-M square mesh?

Col. 1 Col. 2 Col. M

—A— —— —A Our findings:
{ If both N and M are even,
Row 1 (1,1 1(1,2) (1, M)
: Any x=0, 1, 2 (mod 4) in [1, 4ANM+1] is realizable
Row 2 { 2,1 @2 2, M) If both N is even and M is odd,
Any x=0,1, 2 (mod 4) in [1, 4NM+1] is realizable
Any x =3 (mod 4) in [2M + 1, ANM+1- 2M] is realizable
{ | ] Other cases....
Row N (N, 1) |V, 2) (N, M)
’ - . . . Single path reliazability




Routing Analysis

Row 2

o
!

Row NN {

Col. 1 Col. 2
A A
AT
(1, 1) ||(1,2)
2,1 |22
vV, 1| (N, 2)

L]

*

-

L ]

Col. M

(1, M)

(2, M)

(N, M)
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Other questions when multiple paths considered:

» Recall there are (2N + 2M) paths in total, what are their
sum and standard deviation?
= Given a N-by-M square mesh, and a desired path

length x, how many paths could we realize?

Refer to: https://arxiv.org/abs/2306.12607
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Functional Synthesis

» Route several signals on this programmable photonic circuits?
= Preliminary investigation published in the literature (See Aitor Lopez et al., OE, 2020)
= Qur view: still an open problem, missing strict analysis

= Graph theory might be helpful

= Besides routing, we also want other functions, e.g., splitting, filtering, WDM
= Most demos are hand crafted: < size goes up, realize several functions.
= Can we automatically synthesize light processing function?

= Use analytical synthesis? --- No closed form for recirculating structure




Functional Synthesis

L

Row2 4 |2, | (2.2)

R”“"{ (I, |(1,2)

R““’”{ NV, |V, 2)

L]
L *

Col. M

(1, M)

(2, M)

(N, M)
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#TBUs=NM+1)+M(N+1)
# Phase shifts = 2N(M + 1) + 2M(N + 1) ~ 4NM
We want to adjust phase shifts, to realize a desired function.
Formulate as an optimization problem!
Challenge: high-dimensional space

Efficient solution: Gradient descent w/ analytical gradients




Functional Synthesis
We do a simplification

Col. 0 L1 Col. M-1 Col. M
f C‘ELIH, Cil'z‘ ﬂ: f A A4 Ci \ f_L\f-AW
1 - : —1 Aag A B AO’M
Row 1 =< (1,1 (1,2 (1, M) (1, 1) |1 (1,2) A . (l,M) } Row 1
S oRne—
Row2 < | |(2,1) || (22) (2, M) &b |1@2
B ' Az, 3,1 Ay By a1
' B3,M—l A3,M
Ay 41 I
Row N { l N2y (M) 1| &V,2) (NM) } Row N
Agne10 Az Bovaes -A:2N+1,M

Remark: We consider this simplified case, so that we could derive the transfer function analytically




Functional Synthesis

V matrix: Scattering matrix relation for a vertical TBU

Col0  Col1 Col. M-l Col. M
— —A A ayy ) rb2i-1.j(l) @1, bait,
Boo Ay B, Mﬂ_‘AO'M
s > M- g 5 . S . o o
anflay| o lam } Row 1 (’*ﬁ‘_' f’f D | @GR Jt(MH)
2,2 2, M-1 & - (0) () Q) (O
Asp B a1 @2i,j bZ"J o b2¢,1
12D @22
Az 3,1 Agp By a1
) B3,ﬂl—l A3,M
[ (0) ] [ ()]
. . i j B2i-1,j
. 0 i
A, i béi,j) _|F O béz')—l,j
NV WV,2) N, M): : Row N a9 0 F alD
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V matrix: Scattering matrix relation for a vertical TBU

Col0  Col 1 Col. M-1 Col. M
— — A Ay O byt O ay, © by, O
A AO 1.11{ =J 1':jﬁ‘—p "!.]
00 A, Bi w1 Thet
, " ¥ i 7 - . -
w2 WLt }Rowl @) | |GAD| | ) Jt(;,f )
A B, . : ~ S
Z 1 |22 2, 0)
Aj B3, Ay By st RS 0 0, @
X * * B3,M-1 A3,M
' ' T (0) ] T U o)
x - : A2 Ai-1,] b21’—1,j Ai—1,j
Ay By, 3(0) F 0 p) pO) 20
w1 .2 N, M) Row N o | = | T =V
A Ay Bonpd—— A Dri-1,j 0 F B2ij by;i A3ij
2N+1,0 AN+ M 5(0) pD) (0) (0)
S 7, b\ an.?
[ 72i-1,j 5 21, 2i,j 21,
o
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H matrix: Scattering matrix relation for a horizontal TBU

Col.0  Col 1 Col. M-1 Col. M
f VI ) — A (i, j+1) (@7+1)
A 0 . (0
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. . [ () 1 [ ©) ] [ () i [ (D) ]
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o
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Build the overall scattering matrix iteratively (the j-th to the j+1-th column)

RO O - o
a%éf)ﬂ bczé’; b2i-1, "2i-1
g 2 (0) (0)
a21,;—|—1 —H b21,.} bz:’—l,j —V a2i—1,j
A p) D (I)
2i41,j+1 2i+1,] 2i ] Di,j
70 30) 50) (0)
| 3it1j41 2it1,; | | Do | %
(I) l [ (1) ]
a0,j+1 %o,/
,(0) 4(0) | PRGN
0+1 | 0.1 T/ =Diag(H, - - - ,H)
=> : — TJ : where
; ; Ding( 01, y]01 )
) () S A
AON+1,j+1 AIN+1,j 1.0 10
20 20)
| “2N+1,j+41 [ "2N+1j

¢
April 12, 2022



I I I N Massachusetts

I I Institute of
Technology

Functional Synthesis
Build the overall scattering matrix iteratively (the O-th to the M-th column)

[ (D) ] [ (D] ()] (D)
a%éf)ﬂ bczé’; b2i-1, "2i-1
= " (0) (0)
a21,;—|—1 —H b21,-} b21’—1,j —V QZi—L]‘
70 p) D - (1)
2i+1,j+1 2i+1, 2i,] B3]
70 30) 50) (0)
| Dit1,j+1 2i41,j - % | P2
(I) | [ ()] T ()T T ()]
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(0) (0) (0) (0)
Bo,i41 0, ao,m 40,0
s : _ i - = : =T : where
() (I) Q(U a“)
AIN+1,j+1 AN+1,j fi-’g)nLLM fi-’grlfﬂ T=TM"1... 770
X “gg)+1,j+1 | i ﬂg{)ﬂj i L TN+1,M L f2N+10 -

¢
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Functional Synthesis

We know how to build matrix T, and all operations invovled are differentiable

Define input and output and use a cost function:

Forward

input a,() <

~ a0,0( )

aZ,O( )

a2N-1,0( )

~ a2N+1,0( )

Forward direction

(1, M)

(2, M)

(N, M)

April 12, 2022

— a4y, ©

gy ©

0
«— ONaMm

>

— a2N+1,MO) J

N, grid N

CostrogMag = E z Tk ‘ln ‘“gg),m(wk}l — In Uy, (

k=1 n=1

Backward

input a,,(“)

L AN+1,0
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(D 7
0,0
(0)
0,0

I
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Routing

Functiona

WDM

Filtering

Splitting
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* Local minimum is accpetable
» Random initialization doesn’t impact the synthesized results much

= Even could realize two functions at the same time

0 0 0
Rand %
~ = . o
220 S 20 init. =20
g = O , 5' g'
g 2 g i§!
2 —40 % 40 2 i
. - E740 i1
g % 2] ; i
£ 60 £ 60 = i
5 5 2 —-60 |
: : - |
£ 80 £ 80 2 ; Two
© —80 :
08 -04 00 04 08 08 04 00 04 08 A ‘ , | fqncthns
Normalized frequency Normalized frequency -1.0 0.5 0.0 05 1.0

Normalized frequency

Ref: Zhengqi Gao et al., Photonics Res. 2023. (highlighted as Editor’s pick)
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Online Demo

In previous page, we show how to derive gradients analyticall in a simplified square mesh

What about gradient calculation in any topology (hexagonal, triangular, even mix)?

=> A light-weight Python package, Spode, specialized for programmable photonic circuit

Q Dn I ‘ -D https://colab.research.google.com/drive/1ILw5831I-

cmhHSIOOWGuUc7vPmMOEsSNKog?usp=sharing

A simulator with rammable photonics and
d[FFereE rQZn‘tty emphasis

Remark: The package is for ease of research; integrate simulation, visualization, circuit generator.



https://colab.research.google.com/drive/1lLw5831I-cmhHSIQOWGuc7vPmQEsNKoq?usp=sharing
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Discussions and Future Directions

= |Impact of the photodetector
= Error cascading (See Saumil’'s Optica 2021 paper)
= Provable routing algorithm

=  Hardware demonstration
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