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Abstract Photonic neural networks (PNNs) are proposed to balance the demands between a substantial increase in
computation ability and a decrease in computing power consumption, owing to the superiorities in terms of large
bandwidth, low latency, and low power consumption in optical transmission. Hence, in recent years, PNNs have become
the research hotspot both in academia and industry. By utilizing photons as the physical media, the basic computing units in
artificial neural network algorithms can be built and experimentally demonstrated. In further, PNNs might be adopted as a
new computing architecture with high performances and be applied to solve the practical applications. In this paper, the
working principle and characteristics of the core optical devices in PNNs are described, along with the system architecture
and application scenario. In addition, the present challenges and future development trends of PNNs are discussed, after
reviewing the research progress of PNNs at home and aboard.
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Fig. 2 Optical computing. (a) Classification of optical computing; (b) implementations of optical computing

Book: The
Organizationof ~ Adaptive switching Multi-layer perceptron Deep CNNs VGGNet
Behavior circuits with backpropagation (AlexNet) ook S 203

Hebb, 1549 Widrow & Hoff, 1960 Rumehartetal, 1986 Krizhevksy etal, 2012 ResNet
Computational The Hopfield Self-organized Digit recognition Pakmiglestal 200
model of neuron The perceptron network feature maps with CNNs Deep autoencoder DeepFace GoogleNet
ANN MeCulloeh & Pins, 1943 lbosum‘.lii‘-' Hopfieid 1982 Kohonen, 1982 LeCunetal, 1550 Hinton& Salakhuedingy, 2008 | Talgmanetal, 2004 | Szegedyetal, 2014
| L}
1940 1950 1960 1970 1980 1990 2000 2010 2020
] L
Photonic NN | B I ] 1

Optical Optical Optical Deep learning On-]chlp Neuromorphic 11T0PS Parallel

correlation Interconnections implementation with photonic photonic phiotonic Saoolational

Lugt, 1564 for VLS| systems of the Hopfield nanophotonic synapse networks convolutional Processing

Goodmanetal, 1984 mUdei circuits Chengetal, Taitetal, 2017 Feldmarneral, 2021
Farhat et al, 1585 shenetal, 2017 2047 zz‘ejler?aqtﬁr
ONN with Experimental Adaptive  Optical CNN  All-optical High-bandwidth
nonlinear realization of ~ multilayer Changetal, 2018 diffractive photonic
photoreactive any discrete optical neural neural networks neurosynaptic
crystals unitary operator network Unetal, 2018 network
Psaltisetal, 1950  Recketal, 1004 Psakisetal, 1595 Feldmanetal, 2019
IR | EY S U N i At o Y e 1 B
Fig. 3 Evolution of PNNs™ 77899052 quring the development of ANNs™ '
22 - M, 2 ~ S [ 97 [99] 4 = b
BT S, 1943 4F , 25 [E 0 B2 X McCulloch 257 1957 4, Rosenblatt " #& H B AT HLAS AL (perceptron) , A

AT B Ah B A R IF 9 46 20 A0 M AT A R B R SR TR & WE5E T 5 B AL A 48 ) 45 A5 A
KR T AL TR a4 o MP R, MP HERFEM S4B FN R, 1960 4F , Widrow
AL 3 B I T AT T 4 9 0F5E . 19494, EUONRIN T B IR N 2R T T R — A S U
Oy B4 5K Hebb" ™ 4 25 4 19 Hebb 2% >J B, B ply o B 2% 1 A R 4% FE (S S AR R G b N ) .
250 2 (B 45 4 5k B 1 AR AR R S B R 22 002 S I T T FE K a0 R A T AR 2 )5, Rumelhart %

0600001-3



HEXE- Fik
TEZ 200 28 W 45 LR JE Rl I 32 T 2 2 M4 W 4%
TR v KUEE ) S 1] A5 4 (BP) 2 ) Sk ok 1 2 )2 4f
28 W 45 1Y 2 > [n) R, SI2 56 UE B BP Bk B AR 9 Y 2
21877, 0] LLSE AN [A] 9 2% 20 A8 55, AT ik e 1/F 22 52 B
), SR, 7 20 th 22 90 4R A% —2006 4F , A T4 £ 9
KR 5 RG] T — B UUAHT , 78 0 1 1] TR B 2
2] =41% Hinton,LeCun Fl Bengio" """ 8k ¢+ 25 %
A A BFSE . B & 2006 4, Hinton 25 HE H —Fh A
B 4t ML Cauto-encoder) 1Y 7 4k , 3 43 i U 1 P 22 I 4%
SRR B 8, B I, 2006 4F 8 0 TR BE 2= 2 1Y)
BIGTCHE , ERESWRE S I —H2Z 8% AR AT
N L N SR S = s 7 N B N B L 29 T 5 R I
RGP (E AR SR A TE TR I 4% 1 T
Ap i B O e W B 2R B R st
RPEAE R IL AE R R SR AE T
PR R T N AR R L . 1985 4F = A
2 Je WK 2% Farhat AN 3 T 24 Be (1) Peak i 84
BRERFTHE -DLELIMA LML, %6
P25 2 ST 32 M 28 ot HAH A RO AL Y
EIEEMY X~ RME T AR LT =AW
IR G o 20 20 90 4- AR, S il 28 X 2 ZR A4 1Y)
S R FEAE R AR s Y R R T
22 [E AT . 2017 4F R4 B T 24 B Shen 557 %
F T HT 56 A g FE -1 FE R T WAL (MZD #Fh %

RO B BB M2 26 . IR 2 T B -

] VA B L R As B R SRR UR T 2 )2 R EE AW
AT A TCH S 5 UL ST 06 B ) v A R
76.7% . [AAE EMITET K 2 Tait 55 k£ T HTIF
BRI BRI R 28 (MRR) 4544 18 F 7 BE OG5 2R #
ZeP 4%, [, A4 H K2 Cheng 2517 % 36 1 3k T4 A8
RH(PCM) By AL AT 8 HAE S 2 i Fr B 4ot X
STFURF 53 459 Ry 35 T - 4 A [m] JH S R Aol 28 9 4% e 4
1145 162407 5, o S B PR BE o 4 U RSB IO
M AR T R AT . BEJR 45 RO A A 2 a2
IRH] 2 S K SR T A ) g 5 R

6055 6H1/2023 FE3 A/ B ERBEFEHE

3 O W 2% rh i S BT AR 1 &

H R G 2040 5

AR R 1 ANN G303 22 Fp SE AR o 53 B oT 3 1o
ZREN % B 7 SR A e BeH F A AR B
T R - e Y 2R MR R B BT ARt
WG PREL bk AR DR A M H AR TET
S FAE Ny B AR R B ANN B3 b iy 3k AR 31 5
JG, Fu 5T R PEFL R AR T AE AR AE A | R A R
T S 3R e P AR ) ATTE S 204, I L8 A T 52 B )
R fif D o AR 534 AT ) 2 Bl 6 IO 246 1) S B 7 2%
1 FR G 5 PR T AT AR R R 9 A AR
R 43 BT 2 P 42 ) 2R G5 55 30 rh T I %) Bk i R G
KRR Hoh O TR R B L T
A - ) i e 18 4 M I T 0A I BB e T R 40 5 7
R G5 5 N R, 2B E AR BN A5 [
W T MM RER e kit mi, A L
NG H AR 2 B b W S50 45
PEREVEAS B F S 5080 02 5 PERE VPN A8 R 2R R BT
FAN T T L IE 65 o
3.1 AFEHENEREEERITENHF R IR

ERE%

LRME A BT B N ANN [ E AR 7, il T K
o4y 0 BAT 45 o # I X F GoogleNet ! Al
OverFeat ™# RISk d , e M4 M B F A T
80Y6 ™o DRI, H v 4 Mk A I T B M A R BT L AL
TR R L BT R Z — . MR TR T8,k
2ELME SR BETE A TR B A A AR B )
FEG R T R

2 SRR R B T 2 Sy T S B B - ) i ofe
BRI Y =WxX, WE 4w, Hep , WRhAERE, X
S TR Y Sk e e RO TR TR RS BT
A, BER LIS 32 I T 25 [BDR 45 4 1 6 4 2 i
FEFETT  2) 3T A LA IR B A2 2R R S B T
3) 3T 43 (WDM) AR 1) 62 R v F R 5

(@ <

v W, e Wy
Y=W=X = Y= le{.,-xi ->|: =i i i
= Ylpp W o W, MxN — "Nx1

® () O

1 L

B4 DLt Mo () 28 DG (b) i LA T B2 (¢) WDM AR
Fig. 4 Optical linear matrix multiplication. (a) Free-space optics; (b) integrated coherent optics; (¢) WDM optics

3.1.1 AFwEmikshetdamesrkit i
I F 25 A S5 A 1 G R R SR B A L T

(] I VA i g (SLVD 2 B BB s (DMID)
2R AR S A AR S, AR 5 R

0600001-4



HEXE- -ZR

F605FE 6H/2023F3 A/BAEBEFZHE

EnLight 256, 02/2004

Lens

(e

a4 Zl‘bc“szu"f

optcal Mum\@ 20
:pe=—m & L - a

EnLight Alpha System POC, March 2003

(d) 4f system

oulput plana
{camara sensor)

Fourier plane

input plane lens (phase mask) lens

Standard convolutional layer
output volume

Optical convolutional layer

input tled kemels tiled outputs

input conv kernels

[

Electronic (<<1%)

OLED
display

Imaging

system

Optical

SLM fan-in

Monlingar
oparation

Modelling + Training-

Experimen

1* DMD

1STFL 2DMD 2 FL Camera

Dataflow control and buffer

| Layer1  Layer2 Layer N

\ Diffractive processing unit (DPU)

Optoelectronic implementation

Diffractive deep neural network (D*NN)

5 T2 DGS9 062 R RS . ()~ (O)SLM ™5 (d) (e) DMD™™ s () —(h) Je 2 i A ™

Fig. 5

3Fh E A S SR Y JE T SLM Y G o 2R v S B
BANE 5(a)~ () iR o 2004 4E , U151 Lenslet 23
T SO B R T A AR (ODSP) —
EnLight TM* " W& 5(a) At /s , H 7R T8 Pk 4
FAE T A B RE T, WA AT LAIRAT 8 JT A2 WK 1 e B 2R
Iz B (MAC)#AE b 3558 B2 o 3% 38 5075 5 b 3 2%
BIBCT A% o EnLight TM™ 3£ 240 45 34800 41 14 - B
AT T ) B AR YO0 A Ok AR I R UL AR
(VMM) | 4 Fb BE $h AT 1280 12 ¥k #: V8 10 15) &+ 4b B 2%
(VPU) UL B T & Go s il F LA kb 3827 DSP. o,
VMM J& TG 4k , VPU F1 DSP J& T o 58 4 1 .
2019 4F , s BH B KA ks IR Al ™k R T T
SLM {8 BE I S 2 28 460 1) i [ - [ 2t TR 3%, OF by e A 2

Optical linear matrix multiplications based on free-space optics. (a)-(c) SLM™ " (d) (e) DMD"""*";
()-(h) diffractive optics'

74,80,130]

THWZEEZEM S Mamg, mEs5h) R, H
H BCE HE B G 3R w,; 1T LAFE 10 YR G% AR JR 10 P 3k 31
T95% BYMC E AR A, B A m B IR x, B9 E
WR2Z/NTF0.017. 2022 4F , B 48 IR K 2% Wang 4548
BT — RN T — A6 BT S RSO R A
99 6 1 2 4 8 I 45 B A, AN 1] 5(c) BT o A
1) B - 1) 36 9 th A HIL & O S (OLED) 451 fl
SLM 4 & S2 B, 7] 47 528 505521(711 X 711) I &k
PETREITI .

BEAh B 5(d)  (e) JE/R T 2 Fh i DMD # i)l 2
Af R RGeS B R R R R . 1B 5(d)
J2 7 AR K 2% Wetzstein BREEAL F 2018 48 & 1) 3k
TIHHE BB EDCRIR A B MY . 2T Bk

0600001-5



HEXE -Zid

T MM SRR 4R R G LM E M
(optical correlator) %, BB #6 & T 0. [A i), 7] LA
38 o Y25 2 1 I AR B Y A 7 S 3R I A Ak .
2020 4, I iR 1R B K 2% Sorger R4k £ T H T
Af 62 ZR 50 1) 25 0] P8 U i P S 00 %) W R mT O ot 2 s AR
P22 28 BRAE AN R S5 (e) BiTzs o IR A T Y 4 AR R
el FH = o B8 89 DMD R B i3 5 68 28, AT DA
IKF) 10"k 030 38 IFAT B 78 5 BCF R 0 ik
£ 98 %0 FEH % .

5 () ~ (h) a2 3l B A A SR 09 2 7O 27 107 O
B 0 2 Pk AR B B3 7 58 o o IS CE) & MR 2% i
R348 Ozean PR T 2018 4F & K 1 I 3D 47
EJ 4 AR S BB A AT 56 TR BE R 2 4% (DPNIND o %7
FETEHHFIRX — WM 8y s3] ik 3|
91.75% . FCHEJEFE WRCE 7E ti 3D 4T B 5 A i & 1Y
AT S AR b, SR 3 o A8 AR 25 B T AT S AR AN TR
A7 B 375 5 B2 SR 2R A [ 52 3O 04 AR A7 R AR
b o %L 7 5 A BUE L JE Rayleigh-Sommerfeld
diffraction equation' ™", RJ S BH #i 22 X £ (%) 4k B 3 72

560 H5 6 H1/2023 £ 3 B/HA 5B FEHRE
HRBFEHEIT T 00 2020 4F , W7 VLK 2 BR 21 ik PR A 21
RFT —Fh Al T 65028 5 1 52 3R 2 Air 59 1 2
Z 5 5(g) iR o [ A 2 T Rayleigh-Sommerfeld
diffraction equation, 1% 22 14 F| F 52 G () 2 8 17 6 3% 1
5 AR S IR T D AR R A 4 L, D S B 4 3
LML AR BC S, JF s TOGSEART] BT RS )
BB ALY . 2021 4F T AR R 2 sl B IR A A
KA T KB W] A G H IR AT 0 A B
1 5Ch) o o FH DMD 88 e g fb i A B0 It ok iy
Yo ¥ B A, A8 SLM L3 i 1 il 56 3 1% iR 5k
PRSI R I N LS NG 2 v 1 BU D = U M B I Bk 5
) &A1 R 22 T, [R] I ) 42 R Y 5% i AL EE
AT 5 VR i P
3.1.2 AT H bAaF RIS F &ML LI

I 2 A0 P A D' 42 B Il i v S Y O A 2k
PR BT 82 — B B2 1Y O 2% 40 [ - 1) it Sl Tk SE B O
B HFEGEWILE S T A 4B MZL I
BT e AT L A % e B R L R
7 5 BAST AN AT 25 B2 MZII LA, & 6 Ff s .

\/\/—vx\

FrTUniaryif)

input preparation ODFT op

GridNet linear layer FFTNet linear layer

Electrical controller

tion complex modulati OIDFT operati

J/

lg 6 %EFHMJ:*E TJJ?\EE E@ﬁ‘ﬁ%&lﬁ%ﬁﬁjﬁ“ﬁ o(a)’\‘(d)ﬁj‘gﬁfﬁ MZI%EH\Z&H%’MWH»; ; (e)ﬁ@ﬂﬁﬂ@?ﬁ%fﬁ'ﬂ%ﬁlﬁ]fﬁﬂ%“’”,
(D) EATS BT FI Al g e MZTAH &

Fig. 6 Optical linear matrix multiplications based on integrated coherent optics. (a)-(d) Programmable MZI arrays’™

push-pull modulators™*;

XF T AT 4 R MZTH 8 G 0 A0 T 48 M Sk 10, i
F TV T 0 AT R 0 B A B W, N
FUE R [ W HEA T 0 A S (AL A0 (SVD)™ D R
KHWABHRE U VR MR Y B W=UXV, 4k

82-83,1 ‘;:;J; (e) Conﬁgurable

(f) combination of on-chip diffractive cell and programmable MZI""

i 3 AT g R A MZT D 98K Gy 3K S BT 28 LB 1)
PG R UV, 2R FHAR AL o] 8 9% S 52 B R 40 0 S,
TS BUA T AR B WY B . 2017 4F R B T 2% B
Shen 27 % 3 T 3 F MZT 4 D BE (1) 50 [ - 7] 2 7fe %

0600001-6



HEXE-Fid

BRI FHA TG FIAE B SVD iy 7=, e T H |
AR A O M A Rk K 6(a) fr s . i
TR I #e e A PR AL MZT 9B it i b i 25 R
FHFEHAE 44 J0 ¥ 095 2 B[R] B 1 o A R
XK 76.7%. 20184F LR BHI— L KFLTHT
MRR %E B} 5 MZ1# Fb 0 45 A 1) 6 2 6 BLR 4 W
25 N E 6(b) iR o 1% 284 38 5 MRR 7= A () 4iE fisf
R R, DT R 6 B 4 AR B 2 48 Oy o -1 i of
%, Z 147 1 MRR ZE B F1 MZTH# b 9B 4L A nT 5K
MG REIFATIHE . 2021 4F , B3 TR %%
Liu 358850 40 78 R R 19 MZT 0 $b 2% B 48 6 vh 38 1 Al
A7 PR 9 X — 4R B, 56T T g AR EE R AH A8 1 MZ1 25 4
ST AE RN EBOLEM AW nE 6(c) TR .
IR T 5 B U A HER R T E 90.5% . 5
A, 2 BB T AR T R MZ1R £ B 19 52
Wi, 2019 45 i M AP 5 1) R 27 8L Rp IR 28 W I A 42 1R
Z AR VE I 2E A R 4 48 6(d) B
o i SRV BRI R AT LA R Y B T ) GridNet
AN A FE T Net 28 M S B . 3% T 4F [ i 45 7t
THELGE RS, AT LU SR T2 Z 806 8 14 R 17 1=
ZE5r AT A | % R RS ' 2 B 28 T 2% 1) 378 7 ol 8
ARG IRV BT FEH . 28 BTk, B 6(a)~(d)
B R A 4 SVD i 1 MZTH Fh e 28 0y, AN T
F W AT —JC & w, To Tk X R F AR,
R H TG 2 F PR RS B4 i S s o RS ER  JR  E W
it Z A MZLAR b 908k 0 O 2ok i gt H7E 28 3 6 BF
SVD 43 J () v ] A8 5 55 B (B 56 BF U .V FG ff 56 BE
) o Hov T B Y R O 28T i R TR Y 4y A O
e S X R ) 4 BB A S T A MZT
FhitE 37

ST ATl b R AR B A2 2 B TRD R 3G i 2R ke AE W]
R L R, 3l K2R AR TSGR
2021 4F J 32 1 BE T #E 4 X 0R B U ) 2% S0 0 A O 2 AH
TR R A 6(e) FF/R o 1% 2840 38 5 i 2 nf
A1 A 3 X 2 T S BRI A - 1) R Tk RN S AR
THEE P R 53 5 2, HERR(E e AE 0 [ AT LKA B 280
¥ 2 58 B Sk 1, HACER M P AT — R w,
A FR B 9 2 S R o DY A, Sk S B B Y A
Tl 2k M A B TE 5, B TR TR 2 Liv A4 F
2022 4F R R T BT R b S O S AT BT 2R o0 AT 4 AR
MZUA A BSR40 7 58, % 07 28 e 58 90T A7 B i 722 4
MEBITE i E 6(DFin . iz £, 7T NA
MZT 9% B 5¢ B A0 26 Mk 46 B H 5, T DA 2 4 2 T F 1
P S 1 RS A S BA T A N A MZTS2 I, B R AR
/N T R RAT IR RAR T T FE
3.1.3 AT WDMHB Ruayk &M% % 7+

FeTF WDM $ A 1) A 26 P AR B T 3 — Fh E
R A 1 AT o I K R B T 3R — — X LY
[Fi] B DR AW ABE AT 4 R 1Y) O A7 't o [ - ) e e vk S

F605FE 6H/2023 F£ 3 A/HAEXRBFZHRE
Ko FrAm R X A IR o, 6 W — 4 B AT R e AR e
WA B A G AR R I e X BERR 1Y) G 24 A S [
W 570 5% G 4 A7 AN [) 0% i 2 901, DT S B % o A A5 5

EWM%W%ZiﬁwLO%$WDM&*m%$%

P B ARG B S B O 2L 4 3 T R B Bk
MRRY2 pCM T 2 B RS K #8 (SOA) ™
EHOGE RO AR 7R

E 7(a) . (b) k3 F I BB MRR (1) )6 2% L R
FETT SR o 2014 4F 5 AR K 2% Tait & T
T IF B MRR 19 #2480 BUE FF 47 e B 204, 4
7 (a) BT s o ZZR M 8w 24 o8 ) B - A D7 ik
(broadcast and weight) , H: v, &4~ %i A JC & 7] DL gl
ST AT R S A IR T 2017 AF R
T RX — HE R 1 S G I A S R T ORGSR 4
W26 B S B . 2020 4F % R A 3 i % i A TG ok
A7 53 B kb 38 DL R % 26 B 1A 26 I - 1) o A 5 N R HE
TEX — 40 S8 T 62 B & 7(b) FiR .

B 7(c)~(e) R T 3Fh ML A (1) 3 F PCM Y 2%
2R PR JE B TR K . 2018 4F, TR A AR R I K 2
Miscuglio %" & % T 3 F PCM 0% 7 7k & & , 1
B 7Ce) frs o A 1) b s o O 28 g 65, 5K A%
i A R IOBLER g T R A Uk 5 B E IR S R B PCM
Sk BL, JE I F G AR g (PD) #EAT JEAR TR A, H
L ER OB FH DA S AN [R] K i BE L 3E B R PCM
FH VA ZE AT BUE ) AR RS . 2019 4F 7 [ B 3 4 K2
Pernice iR 41" & & T 5 T PCM Al MRR 4 456
Mg mE 7(d) FroR o o, B PCM A MRR 55 81
TAEBE RN ITTENEE , B B% LB PCM Al
MRR B T AR G B 4t AR Mg . 20214,
TERE K 2R 2 BRI R R T T PCM M 26
BRI N E 7(e) BTk o B A ) o R Al AR Ot
A (VOA) SE I 4 15 , 4 FU AE 2 B A AL i (SIN)
P g 1A B PCM A7 455 5 48t DA 17 S I AN A L 5, e
L] S 6 7 LU ARG B Y S B A B

T3 b, 2% % 2R K 2 Stabile B8 4N T
2020 4FSE BT 3 T HE L (InP) SOA [ £ i I 17 4 3%
PER 2w W NP 7D TR o 2R 0 e 2R 2k
FE T B 00 S8y 2R < 3 2 [ 9 O el CAWG) X
B2k B 2 K AT B — K A B R A —
A SOA LAWK EBE , )5 th PD T2
TISRAT [RIAR T8 A6 K 2 MR 2 A R A 35 1 6
ok vy a7 e S B AT S A B R A [ Y TC B, A
T 52 P4 1 F2 0 e 2 ph 2 W 457 A 7(g) TR o 1%
TR B A% O S ) G £F (o HIORE PR S B PR R i
WA IFATAE AT BB TOLHIR A W e &
2%

P 7(h) | (1) 2 79 b il 7R %) 36 T 6 A0 0 Ol 2 4R 1k
FEBEF A A o 7 (h) 2 E B TR R 2

0600001-7



HEXE- -4ZR

% 605% 6H1/2023 £ 3 B/ ERBFEHE

@)

et s
L
1Ll

(& ek  Dowsy  Pogssr  Meree ®) Input Kernel
Inputs| Outputs)
@ ok
—— laser diodes
— — Ay
s — o
== Ay — -
a —0-%* ] aT ' M :
. J
(c)

Lo 8 o eenten

+ S

()

D= Ao Bog . Agy 1) Byg+ Agz () Bag+ Agy M Byy

2 &) &) 2

Xir=fu (Wi Xid Y= (Woia Xai)

7 T WDM AR B R PR B (a) (b) I LI B9 MRRs™ 5 (¢)~(e) PCMs™ "5 (f) SOA™ 5 (@) B er™;
(h)(i)fﬁﬁﬁ@ﬁioxm]

Fig. 7

(g) dispersion fiber'””; (h) (i) optical frequency combs'

Pernice I BUZ1" F 2021 47 &k 3 1 3 T S5 6 45 i 0
PCM W& AT 2B A M . & QEA
Bl GO 72 AR AL |, B2 A1t 2 AL i 75 1 s B2 0T AT Y 2 ik
KA, I VOA S8 A ) 5 19 G i 5 m X n Fi
By EMACIH & IS EEKAE S & PCM 5
A IC & o 4 B BT 58 B 107k MAC 15 .
JFil 4, R A S 07 AR B K 2% Moss BRI R R T
Ty — i BE T O R 1 O 2 R B BRI A L
B 7D TR o I 484 b R0l 6 A0 1) i o 3 2ot
S Th k- 8 i R 3 ) 2% (EOM) 52 B i 2 30 ), 1 T 7
£ e S BRI K AR A (o RIS B DT S AR A )
Pk BB . O R WA I 10 TOPS, B4
B 5E i 107 MAC I8, il LLSE AL 7% 2.5 X 10° 4>
BRWEBEPITE .

Optical linear matrix multiplications based on WDM optics. (a) (b) The cascaded MRRs™***; (¢)-(e) PCMs"™"*"*; () SOA™;

93-94]

i b rig , H AT HGE OGS VR M R T
VR DB AN 52 BT N A 1 8 TS mDe s A BT
JE PR WDM R 45 3R, A LR xix 3255 X
HEAT TS 0 ik 1R o Horp Jk T s D 45
oy 4 ' 2 2 R B 3 R 58 0 A O 7 = 4 L g
T3, AR T OCAE A s () i R IR AT 1 2 T i A
[5] 14 25 [ A Joi 52 B 00 06 37 1) W B FAR A2 98 o o EL o A7
A8 F BRI TAS B2 R AN 5 SR 0 o0 T S AN AT
2 T A o 25 [R] R O A AR AR F- CMOS (N A A7 77
filf Al 9 55 ) B R R T A BRI . R TR B
JEBRT WDM A 1) 349 75 58 LA nl i 5 B ] 4
FEPE ] BECF AT S R AT B SRR . BT R BT
i B ) O 2 2R R o B MR T R I i R 22 2
B MZI b GRR T 22 B, ELAE R MU B3 8 o 52

0600001-8



HEXE- -ZR

6055 6H1/2023 F£ 3 A/ ENEFEHRE

F 1 RFEDG LM R 590 07 X)L
Table 1 Comparison among different implementations of optical linear matrix multiplication
Implementation ~ Coherent computing  Integration Weight configuration Advantage Limitation
Based on . . Manufacture precision,
. Both No One-one High parallelism . o
free-space optics peripheral circuit performance
Based on SVD, Extensibility and . .
. Yes Yes . . Error accumulation, wafer size
coherent optics programmable control  reconfigurability
Based on N v One-one, Extensibility and Wavelength alignment,
o es
WDM optics programmable control  reconfigurability system control

2k B RSF R BRI . 5350, 2T WDM 9 484 J5 58 m]
LSS B 2 W) PR T MU A M T R A 1] BT R
A AR —— X L, Xof SRk Bl I RO ARG . (EL: LA
P ABC B 1R BEOG A Y B TT Y 2 PR 5L X Al
T2 R A R A % I 42 ) X J3E TR . 1E R e
TR S T7 A 2R B 7 e 45 H RO B, R
2 I 25 1) 1A B A AE ST
3.2 AFEMENEHIFELEHERHOFRIARKAN
RRES
Xt A AT AT AR 2k BT R BT ANIN SR 3, B
Y B EAF A 2 R RN e, T 24> AR 4 3
0 205 SRATE R — A~ B — B R, AT R0 7 5 RS AR

TEZEM O TR ANN H & 58 3% 10 1T FRUE 5 b 3
AE 1, AR L R RO Hoh AN ] s D B SR AR 1 48
HAL S T ANN AR A 6 B AR 2k R0 R RO R
AR O TS B A 28 R 2% R LR T A 1Y
Jeo SEBL R R AN ] A o SR, A HFITR IE B O o b
2P SR BT b AR Sk ek BOE R AR SR
W CPU B DSP I, 3k 5 Z RSN 5| A BORE /A6 850 5 e 45
T OCHL /L EHE e dn AU A 3K 3l ri i 25 4, G
BE IS ARG S AR JE (N HE DR . [A I, ] 52 B
IR T FE AR AR L )™ A AR | i M) o5k 5 ) e B A
A AR AL A% A T Ot M 22 N 28 0F 5 T i AL Bk
A ) 2 —

10 Sigmoid 10 Tanh 10 ReLU
@ (®) ©
08 o o 8 ., i
fay— 0.5 7, P} -exp(- fir)= {“ -
1+exp(—x) E explr) x, =0
R 0.6 6
> =
= = 0
0.4 = s 4
02 6 2
0 -10 0
-10 -5 0 5 10 -10 -b 10 -10 -5 0 5 10
x I
Leaky ReLU Swish
" 12 10
(@ (@ ®
8 10 8 r
i | 0 Jx)=log (1+exp(x)) fix)= e
6 Slx)= : " 8 6 +exp(-x)
T 4 o |
S g6 O’
2 4 2
0 2 0
29 i 0 -2
-10 -5 0 5 10 -10 -5 0 5 10 -10 -5 0 b 10
x x G

E8  ANN HvE FH A AE L PR 3% i % (a) Sigmoid; (b) Tanh; (¢) RelLU; (d) Leaky RelLU; (e) Softplus; (f) Swish
Fig. 8 Typical expressions of nonlinear activation functions in ANNs. (a) Sigmoid; (b) Tanh; (c) Relu; (d) Leaky Relu; (e) Softpuls; (f) Swish

H A E 38 9 27 3R 22 M 0 RS B B 5 Ot
T -HL -6 (O-E-O) B 19 R 4 720 g
VN
3.21 ATOE-O##BMHILFERERES

2019 4F , FF IR 12 B0l K 2 Sorger IR 4 R #K T
F T R IR A 9 1 75 (EAMD) A 3R 2R P 376 7%, 401 9(a)
FiR o % TAESREUT 5 RPN [E] 28 2 EAM (1) 46 1 i £k

I E B H = A B AS [) FE 26 % oA BRCTE G2 4 28 I 25 o (1)
PERE IE B 3L T B T BE 0 EAM 76 T 5 807 35590 6
FREIR R 96% MU MERE R, HINFE K F 4R 1.7 X
10" J/MAC, [A4E IZIRBH " IRIE T % T A bW
B (ITO) W EAM, WE 9(b) iR o % W i 5O F
SRR A TR IO A 2 M TR eR BT F B R IR
B RE IR B 9700 M MERR R L 53 Ah W AK Ak 2

0600001-9



HEXE- -4ZR

£ 6055 6H1/2023 F£ 3 A/ ENEFEHE

(& _
%nput Optical Neuron
CW Laser

- | Activation Function

f(x)

Modulator

v+ /
i b
- _Tphotodu)de . j_ -

(b)

¥ e
WDM _
I Qutput nuy GND

4 i
v
PO \-—#
(d)

optical-to-electrical

£

Ve —@®

oz

Vine | NS onase NS
- —p

Mach-Zehnder interferometer )

v1—azZ
directional
coupler Tt

B9 3T O-E-O R a2 aE 2 VB0 45 0 () (b) B R HIEE 1 (o) R P 485 (1) Bk Al Bh Mz
Fig. 9 Optical nonlinear activators based on O-E-O conversion. (a)(b) Electro-optic modulators™*"; (¢) MRR modulator™*"";
(d) feedback-assisted MZI™"*

Prucnal i 41" % & T 3 F MRR V8 il #§ 52 8 A4k
SRR TG PR, W R 9 (o) BT 7R o % &5 44 I 7= A= 1S []
AW £ e 1 1 28 pR 2R T O D% KO MIRR 38 R 0% K =2 1]
BB K R R e E . 2020 4, B dH R OK 2E A
GenXComm 28 B B & & 3 T F T /65 B MZ1 %
FEAR MR AR, WM 9() FrR o %% 1:99
B 5 1] A A # (DC) A MZI RS R, 4 35 B 2 57 /9 B A
A 28 P ok T O 5 A0 MZT I ) R Y A R T
DC #4715 219 120 ot 68 & ok o IR 06 % 1 i JE 2
ICME BT 75 1 MZY 8 ) F R, DT S B0 AR o ) I 2
PRIET Y

S B R Y T i O-E-O B 4 52 B O o AR L
PTE A D AEFE 1 6 HL AR 5 BRG]kt A L B
Rt 2 2 I 45 0 S S R BN R R U AR S IE R
FRAEAY J7 IR AE s LT SE AR T R AR AE Lk
A AR LA B e Wi o S B8 ) I 2 1 0SB T I R R R
EICF LM T RS
3.2.2 AkELAMEER

H H 2L R84 4G 4 M 300G 28 45 3 e il ik
BRI SO AT D) R MRRY A 3RS
WK 10 frws . Hp [/ 10(a) ~ () J& 6 fl A S 1
B 3 2 AL AR O AE L G A . B 10(a) ~
() 43 ) 2 VR R0 MR AT A R ) A R R A A T 3 T
HL B % 535 B (ETT ) B B AR B 5 Ty o3 g iz il 2k, 3
3 bk bl T B A R et R Lt RO .
B 10(d) S — X 4 9 Kok 7 v ik AR T SR &5
P G R T 5 R G AR A, R B AR U S R AR
B A AN TR RE 77 A2 R TR T IR B A Lk e 8. 55 4b
E 10(e) () N PR £ T PCM ) CMOS T. 2 & 1Y
AR AR

B 10(g) ~ (1) J& 3 A 4 F SOA 1 4t Al £ 1 ik

Th AU fap 2% % R 7R TR K 2% Stabile B 4 T
2019 4F Gl T 3 F oA R LRk SOA 1 9% K 28 4 T g
SR AR Lk R AL, B 10(g) i . dEZRE
SOA T LK SR F 5 1 22 3 A5 85 40 20087 19 D% K i
A B X — g B g B ] LA LS S Tanh 26 4%, [R] i
Al LA I A SOA B 3K 3 L i ok I il 35 26 1 oR £k
R DU SE T AT AR Lk R . [R)AE A i ZE B
Je F W B+ £ K 2% Mourgias-Alexandris B % £
KT —Fh 2250 B SOA-MZIFT SOA 28 X 4 25 94
1T LA S5 R, % 45 R T LA SE B Sigmoid PREL,
E10Ch) rs o 45 BE H T 5T WDM 4% R k2%
MR T AR b SRS R T AR PR IR T AL
ARG SE B e T BB 1. 2021 4, %€
IRYEE DL JR A% S48 K Gvozdic IR "W R R T HT
A1 FE (injection-locked ) BY 2 A HL-3H 2 06 — W 4
(FP-LD) 45 #) 52 Bl i 2 Sigmoid 1 PReL U A £& 7k p&i
B, 10G) B o g5 R LD W MU A& R OF
T AT T A S R A AR 2 R A 1Y A R
RV F S I P AS [T IR A I e P pR B

FAN L 10() ~ (D JBR T 383 F MRR 45 #) H.
CMOS T. A AR 2GR s s 14t 7ok
2R 2 M BRSO 2R P A A B A Ol T 4 A ]
RSB AR A B — D S A s W 4, H
H, & 10 () J2& 38 AR W 5 K % Prucnal B4 F
2020 4F$& B T A R AR MRS A% o AR R
F MRR 77 78 B 800 F CROSON , &3 T nl 4 F2 1
MZT i B 8 MRR 45 ¥ , 2 45 ¥4 38 1 98 795 5y A6 B9 #
A H RA i A B K A MIRR 38 4R 9 1 10 I 7% &, AT
e 5 ok 4 o AN [R] ) I 2k ok B, DA T U S TR 1) o 2
M2 45 T ok SR IZ R T 2022 4E R R T —
Pl I F6E A B ES A RJE L MRR, a0 & 10(k) fiF

0600001-10



HEXE- -ZR

% 605% 6H1/2023 £ 3 B/ ERBFEHE

1 P [mW] 2
Coupling beam @g

102 10" w®  w' w0?
Input fluence fulfem?)

C e T
N (9 ‘ )
,“ - =1
< )= % 3
#‘\_\M ° 8
v sRoMOTa b4 2 w
g = i. 3 + == heam 1
¢ \ o. - === beam 2 3
Glass cell i ) i . — ggam 3 |
2 2 i ¥ —_— am 4 2
T ! w et wt o w’
Probe beam @) 0 1 2 3 Power Density (Wien'2)
_ Coupling input
! 0 Backward ‘
Q == Exponential £
1 Contrast 9 68
44 I\
i
PR
o
o e = 0 W0 200 300 400 500 600 TOO

(i) bias current

Pulse energy (p)

(h)

Activation Unit

'
| ™" *ﬂﬁ A
P =

JReLU[aAS 03 m, - 043)  Sigmoid [A\ & 08 am, 1= 0.0)

iV, 1 3"[;

Sasiufsaeofamr0Y)  Seftphusfdds.tdnm £ 0.5)

input injection-locked tunable
signal FP-LD band-pass
filter (BPF)

®)

000 002 OO4 006 008 010
Input perturbation amplitude [au |

| v &L

-

= | Radial basis functi

=

2

:

51 A

& B

=3 C
0 2 4 6

Input power{mW] /

FI10 ARk i 25 K w28 o (a) ~ (D) s A AL 070 ()~ (1) SOAS ™5 (j)~(1) MRRs
Fig. 10 All-optical nonlinear activators and the corresponding response curves. (a)-(f) Custom-defined materials™" """,
(g)*(i) SOAS[M&M&]; (])7(1) MRRs! 7

TR A% 25 T A BRI A RE T SR 1Y AR LM ROV R S A 1Y
i) 07 3 B A LA B GHz g . 4R 4 rp B K2 gk
B R R T T GE(Ge/SDIR A MR B
T A MRR B4 AR 2R M 308 2% , & 10D s 3
F Ge £ 1550 nm i1 K Bt HAT B R #O6 R 80, %07
FSZI T W N AE R 0. 75 mW By 3PS [ IE £R P e
B, NS T — R CMOS T A A AR 4
A A 1 0 AR LR MR BT A

33 AFHMENKLRGERMELAHHFRARKMN
RRES

PE— 20 FBL T O 2 4 AR G o B eI
TR WA TR o Obse 22 M 4% R G Bt 5 58
BB T IRJZ BOL 2R TT a1 Ot 2 R 51 42
Fy Ot LR A B At R GEAK AR B R )Y 2 E bR N
MY vt 55 i, &R R k&
i R = BR A 2 ] LA R Al H b

0600001-11



HEXE- -4ZR

% 605% 6H1/2023 £ 3 B/ ERBFEHE

datasets from  J [ 016 collected
open source and labeled
e.2, MNIST, iri nicaets
imagenet

= e e

operation

number of
bits

FLI1 Lol [ 2% R G0 058 B AR

Fig. 11 Design process of photonic neural networks

N B 2 B bR R S B0 4R 5 1 fE DR A LR
250 5 PERE VAR B BT AT
SCERAE 6 AN . Horp B — 5 I TR R ) R AR
PG IR GN T & 11, ATk S SR i 48 W 4% R G R
PSSR A LR S o T

AT EVAL, T R RN TR e 8 R E FE AL 48 AL
B, A Bl 2 30 AT R AN RS W A 45 S S AR B T
AR N, TS A R T HE KA BE 0 RN U () T
Bl o JE A KA S — PO B AT TSR R R 2R A
LV FH 3 5t T DA PR A5 401 35800 347 40 8 3 O T 32 1) 40 08
W ARZERIHGNEGES T B RS HREE 6 2 N 2%
W S, an B 12 s o Hodp B 12(a) ~(e) B R
T 25 0 4 A TR A AT B — 6 LR 4%
B & Y Ak 2R A0, 4 0 S MNIST F 5 %5 i)
S EMG L ARG B R AE (Tris) 0 MR AR
LM BT ERMBIRE " A E 120D ~() 1l
JE IR T G R e W 45 AE s Y B sh =
(OAM) W& A E R Db\ 15 2 &
FEEF Y AR 2 P AN A R X 2 B TS 4 B R
FEBAE T« 2 /7N W7 B A Ol 2 s 25 R AR N T
BRE Ry R E N b, FEAb BE R RE A B8R A T
Ivi] Bt 13 7 38 ) R b R B R A BRI

PO 2% 38 T 5, A £ 0 5 3 R T M RE A A O R
UGS B TR B0 S N RN 2 B B R T i D R
A B S TR b A RD e S B TG . 3K 3R AR AT
FHF X FE I E O AN [R) 2844 1R Dl 22 i 2 48 7 (935
PERE

gL, FETC IE 8 TR RO b 22 9 2% AR
GERZ Lo HRIR A HER I X Ar e . WAE 285 3T
b R IR 5 B0 T 58 A P RE I, LR L R 4t 7 Ak P
JEIhFE TR SRS B b T AR B 2T
TR UL, AT TR L, g R iR 2 T
b ST RS O T RSO A e T R A, U
FE o3 S 4 O AL BT HL A 1 e E i (RS GR R BE AR A
DLH, i B v P BE T 5 A 1 Ak B g 4RI L T
FEAAT RGOS L MR TR L KOG 2
@A GRYL, 2O I BB, AT AR
T8 20 155 ifp DR 4 TR0, 49 - oy 52 BRI D AR AR AR 2t
7 A L e R N R Y R B A e AR Rk T A
JL7 QAT AR RN A 46 TSR b S B v G R (R A 2
Un PR A 7] 2 BE B9 O 2 B 1 B LR B R e i
TE 8 Fr v 2 BUAR D AR L 35 W] B A A9 v O B 10
FE

0600001-12



HEXE- -ZR

F£ 6055 6H/2023F 3 /Bt EBEFZHE

© Chip Chip @
peai i  Sepallength xi1 0 ¥ S !
R SN Sepal width x. Sl
o 2_..; @ ,qal v,
Petal length x3 1, /" @ b 1,/ 5%
Sepal Pemiuﬂdrhx.,..""' 1 58
a‘im@ a

10

9
18 3 s
15 (10 05 G0 05 10 15 L5 10 05 00 0% 10 15 49 93 09 05
n n n

®

N

-

i
Vsll)ﬁ.lﬂ.c:anl-ilﬁ NLC with PN O = 0,94 3B NLC with ANN. O = 9.09 d8
jJeees ;. eene| ;:leese
jisses (. sess .[sese
[eese [-sens [leess
f.lesse ‘. enee T lenee
o e T )

12 Stop b2 2 i R )5 T o (a) ~ Ce) PR Ak BRI P42 L1
(h) 24 s 5

Fig. 12 Typical applications of photonic neural networks. (a)-(e) Image processing or recognition

(g) OAM multiplexing and demultiplexing"*"; (h) logic operation™; (i) fiber nonlinearity compensation

4 HEfGH

H 2017 40 78 N 5% 4% A1) O A6 A% o e mp A7
FE 6 5 A8 A S B RE T D RE RSO E R R A%
B BB S AR o OGTHR ROt A I 2% N
JeH T R T e BE UG R R S IR
JE Tl 5 (9 28 XCAE BRI ST 18], H T BRSO
THEE RO 22 0 25 59 SRR A 8T QDL T (o
AR Dt B R O R AR LIS ) RS B
I[N/ BN =S il T D oy g e X R o8 [N WA K7

0600001

LI (D JTEF R () OAM B T S iR T
v(l)%g:l:j'igz'ﬁﬂ\%[lm]

[xz,92-94.134.1361; (f) ]

5

vowel recognition”
[154]

ENPYIE P /S RS TE SO (< RO i iy % (VS P Al
JCTH R RO 2 2R, R AR R e
5 BE L A7 A W B 1 1) BRI e IR 2 A e 7 3R
BUR) 26 0T 52 B il 5 1 TH 3 oA Bk . [R] I, 7
FRBA SRR RO AT B R S et R
PRGN A RGBT L B RIS ST T35k, 41X
YL L bR RE AR T, 5 15 [R] — B WL TR 48— 48
XFEH R GEBEAT A BURERO [ o BRSSO
[ ST ATE 5 5 ) 3L [R]85 1, e T E 3 e Ol e 22 19 2% BE 52
B R

-13



HEXE- -4ZR

£ 6055 6H1/2023 F£ 3 A/ ENEFEHE

(1]

(3]

(4]

(6]

(7]

(8]

(9]

Z X X #

McCarthy J, Minsky M L, Rochester N, et al. A
proposal for the Dartmouth summer research project on
artificial intelligence, August 31, 1955[J]. Al Magazine,
2006, 27(4): 12-14.

Leijnen S, van Veen F. The neural network zoo[J].
Proceedings, 2020, 47(1): 9.

Ouyang J, Wu E, Wang J, et al. XPU: a programmable
FPGA accelerator for diverse workloads[EB/OL]. [2022-
03-06]. https://old. hotchips. org/wp-content/uploads/
he_archives/hc29/HC29.21-Monday-Pub/HC29.21.40-
Processors-Pub/HC29.21.410-XPU-FPGA-Ouyang-
Baidu.pdf.

Jouppi N P, Young C, Patil N, et al. In-datacenter
performance analysis of a tensor processing unit[EB/
OL]. (2017-04-16) [2022-03-06]. https://arxiv. org/abs/
1704.04760.

Chen T S, DuZ D, Sun N H, et al. DianNao: a small-
footprint  high-throughput accelerator for ubiquitous
machine-learning[J].  ACM  SIGARCH
Architecture News, 2014, 42(1): 269-284.
Zhang S J, Du Z D, Zhang L, et al. Cambricon-X:
an accelerator for sparse neural networks[C]/2016
49th Annual IEEE/ACM International Symposium on

Computer

Microarchitecture (MICRO), October 15-19, 2016,
Taipei, China. New York: [IEEE Press, 2016.
Merolla P A, Arthur J V, Alvarez-Icaza R, et al.

Artificial brains. A million spiking-neuron integrated
circuit with a scalable communication network and
interface[J]. Science, 2014, 345(6197): 668-673.

Pei J, Deng L., Song S, et al. Towards artificial general
intelligence with hybrid Tianjic chip architecture[J].
Nature, 2019, 572(7767): 106-111.

Lohn A J, Musser M. How much longer can computing
power, drive artificial intelligence progress? [EB/OL].
[2022-10-08]. https://cset. georgetown. edu/wp-content/
uploads/Al-and-Compute-How-Much-I.onger-Can-Computing-
Power-Drive-Artificial-Intelligence-Progress_v2.pdf.
Hernandez D, Brown T B. Measuring the algorithmic
efficiency of neural networks[EB/OL]. (2020-05-08)
[2022-03-06]. https://arxiv.org/abs/2005.04305.
Waldrop M M. More than moore[J]. Nature, 2016, 530
(7589): 144-148.

Ambs P. Optical computing: a 60-year adventure[J].
Advances in Optical Technologies, 2010, 2010: 372652.
Kneale W. Iv. Boole and the revival of logic[J]. Mind,
1948, LVII(226): 149-175.

Jain K, Pratt G W. Optical transistor[J]. Applied Physics
Letters, 1976, 28(12): 719-721.

Athale R A, Lee S H. Development of an optical parallel
logic device and a half-adder circuit for digital optical
processing[J]. Optical Engineering, 1979, 18(5): 513-517.
Jenkins B K, Sawchuk A A, Strand T C,
Sequential optical logic implementation[J]. Applied Optics,
1984, 23(19): 3455-3464.

Tanida J, Ichioka Y. Optical-logic-array processor using

et al.

(18]

[19]

(23]

(24]

[25]

[26]

[30]

[31]

[32]

[33]

[34]

0600001-14

shadowgrams III Parallel neighborhood operations and an
architecture of an optical digital-computing system[J].
Journal of the Optical Society of America A, 1985, 2(8):
1245-1253.

Tanida J, Ichioka Y. OPALS: optical parallel array logic
system[J]. Applied Optics, 1986, 25(10): 1565-1570.
Main T, Jordan H F, et al.
Implementation of a general-purpose
digital optical computer[J]. Applied Optics, 1994, 33(8):
1619-1628.

Miller D, Smith S, Seaton C. Optical bistability in
semiconductors[J]. IEEE Journal of Quantum Electronics,
1981, 17(3): 312-317.

Miller D A B. Are optical transistors the logical next
step? [J]. Nature Photonics, 2010, 4(1): 3-5.

Zhuang 1. M, Roeloffzen C G H, Hoekman M, et al.
Programmable

Feuerstein R 7T,

stored-program

photonic  signal processor

2015,

chip for

radiofrequency applications[J]. Optica, 2(10):
854-859.

Pérez D, Gasulla I, Capmany J, et al. Reconfigurable
lattice mesh designs for programmable photonic processors
[J]. Optics Express, 2016, 24(11): 12093-12106.

Lu W L, Li M, A fully
reconfigurable photonic integrated signal processor[J].
Nature Photonics, 2016, 10(3): 190-195.

Pérez D, Gasulla I, Crudgington L, et al. Multipurpose

Guzzon R S, et al.

silicon photonics signal processor core[J]. Nature
Communications, 2017, 8: 636.

Perez D, Gasulla I, Fraile F J, et al. Silicon photonics
rectangular universal interferometer[J]. Laser &. Photonics
Reviews, 2017, 11(6): 1700219.

Bogaerts W, Pérez D, Capmany J, et al. Programmable
photonic circuits[J]. Nature, 2020, 586(7828): 207-216.
Zhou H L, Zhao Y H, Wang X, et al. Self-configuring
and reconfigurable silicon photonic signal processor[J].
ACS Photonics, 2020, 7(3): 792-799.

Pérez-Lopez D, Gutiérrez A, Capmany J. Silicon nitride
programmable photonic processor with folded heaters[J].
Optics Express, 2021, 29(6): 9043-9059.

Wang 7, Marandi A, Wen K, et al. Coherent Ising
machine based on degenerate optical parametric oscillators
[J]. Physical Review A, 2013, 88(6): 063853.

Marandi A, Wang Z, Takata K, et al. Network of time-
multiplexed optical parametric oscillators as a coherent
Ising machine[J]. Nature Photonics, 2014, 8(12): 937-942.
McMahon P L, Marandi A, Haribara Y, et al. A fully
programmable 100-spin coherent Ising machine with all-
to-all connections[J]. Science, 2016, 354(6312): 614-617.
Inagaki T, Inaba K, Hamerly R, et al. Large-scale Ising
spin network based on degenerate optical parametric
oscillators[J]. Nature Photonics, 2016, 10(6): 415-419.
Takesue H, Inagaki T. 10 GHz clock time-multiplexed
degenerate optical parametric oscillators for a photonic
Ising spin network[J]. Optics Letters, 2016, 41(18):
4273-4276.

Yamamoto Y, Aihara K, Leleu T, et al. Coherent Ising
machines:

optical neural networks operating at the


https://old.hotchips.org/wp-content/uploads/hc_archives/hc29/HC29.21-Monday-Pub/HC29.21.40-Processors-Pub/HC29.21.410-XPU-FPGA-Ouyang-Baidu.pdf
https://old.hotchips.org/wp-content/uploads/hc_archives/hc29/HC29.21-Monday-Pub/HC29.21.40-Processors-Pub/HC29.21.410-XPU-FPGA-Ouyang-Baidu.pdf
https://old.hotchips.org/wp-content/uploads/hc_archives/hc29/HC29.21-Monday-Pub/HC29.21.40-Processors-Pub/HC29.21.410-XPU-FPGA-Ouyang-Baidu.pdf
https://arxiv.org/abs/1704.04760
https://arxiv.org/abs/1704.04760
https://arxiv.org/abs/2005.04305

HEXE- -ZR

6055 6H1/2023 F£ 3 A/ ENEFEHRE

(42]

[43]

[44]

[47]

(48]

quantum limit[J]. Npj Quantum Information, 2017, 3: 49.

Takesue H, Inagaki T, Inaba K, et al. Large-scale
coherent Ising machine[J]. Journal of the Physical Society
of Japan, 2019, 88(6): 061014.

T, McMahon P L, et al
Experimental investigation of performance differences

Hamerly R, Inagaki
between coherent Ising machines and a quantum annealer
[J]. Science Advances, 2019, 5(5): eaau0823.

Cen QZ, Hao T F, Ding H, et al. Microwave photonic
Ising machine[EB/OL]. (2020-09-19)[2022-03-05]. https://
arxiv.org/abs/2011.00064.

Bohm F, Verschaffelt G, Van der Sande G. A poor
man’s coherent Ising machine based on opto-electronic
feedback systems for solving optimization problems[J].
Nature Communications, 2019, 10(1): 3538.

Babaeian M, Nguyen D T, Demir V, et al. A single shot
coherent Ising machine based on a network of injection-
locked multicore fiber lasers[J]. Nature Communications,
2019, 10: 3516.

Pierangeli D, Marcucci G, Conti C. Large-scale photonic
Ising machine by spatial light modulation[J]. Physical
Review Letters, 2019, 122(21): 213902.

Pierangeli D, Marcucci G, Conti C. Adiabatic evolution
on a spatial-photonic Ising machine[J]. Optica, 2020, 7
(11): 1535-1543.

Prabhu M, Roques-Carmes C, Shen Y C,
Accelerating recurrent Ising machines in photonic
integrated circuits[J]. Optica, 2020, 7(5): 551-558.
Okawachi Y, Yu M J, Jang J K, et al. Demonstration of
chip-based

et al.

coupled degenerate optical parametric
oscillators for realizing a nanophotonic spin-glass[J].
Nature Communications, 2020, 11:4119.

Tait A N, Nahmias M A, Tian Y, et al. Photonic
neuromorphic signal processing and computing[M]/
Naruse M. Nanophotonic information physics. Nano-
optics and nanophotonics. Heidelberg: Springer, 2013:
183-222.

Tait A N, Nahmias M A, Shastri B J, et al. Broadcast
and weight: an integrated network for scalable photonic
spike processing[J]. Journal of Lightwave Technology,
2014, 32(21): 3427-3439.

Shastri B J, Nahmias M A, Tait A N, et al. Spike
processing with a graphene excitable laser[J]. Scientific
Reports, 2016, 6: 19126.

Nahmias M A, Peng H T, de Lima T F, et al. A
TeraMAC neuromorphic photonic processor[C]/2018
IEEE Photonics Conference, September 30-October 4,
2018, Reston, VA, USA. New York: IEEE Press,
2018.

Chakraborty I, Saha G, Sengupta A, et al. Toward fast
neural computing using all-photonic phase change spiking
neurons[J]. Scientific Reports, 2018, 8: 12980.

Shainline J M, Buckley S M, McCaughan A N, et al.
Circuit designs for superconducting optoelectronic loop
neurons[J]. Journal of Applied Physics, 2018, 124(15):
152130.

Feldmann J, Youngblood N, Wright C D, et al. All-

[52]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

0600001-15

optical spiking neurosynaptic networks with self-learning
capabilities[J]. Nature, 2019, 569(7755): 208-214.
Mehrabian A, Sorger V J, El-Ghazawi T. A design
methodology for post-Moore’s law accelerators: the case
of a photonic neuromorphic processor[C]/2020 IEEE
31st International Conference on Application-specific
Systems, Architectures and Processors, July 6-8, 2020,
Manchester, UK. New York: IEEE Press, 2020:
113-116.

Miscuglio M, Meng J W, Yesiliurt O, et al. Artificial
synapse with mnemonic functionality using GSST-based
integrated memory[C]//2020
Applied Computational Electromagnetics Society Symposium
(ACES), July 27-31, 2020, Monterey, CA, USA. New
York: IEEE Press, 2020.

Skontranis M, Sarantoglou G, Deligiannidis S, et al.

photonic International

Time-multiplexed spiking convolutional neural network
based on VCSELs for unsupervised image classification
[J]. Applied Sciences, 2021, 11(4): 1383.

Appeltant L., Soriano M C, Van der Sande G, et al.
Information processing using a single dynamical node as
complex system[J]. Nature Communications, 2011, 2: 468.
Vandoorne K. Photonic reservoir computing with a
network of coupled semiconductor optical amplifiers[D].
Ghent: Ghent University, 2011.

Vandoorne K, Dambre J, Verstraeten D, et al. Parallel
reservoir computing using optical amplifiers[J]. IEEE
Transactions on Neural Networks, 2011, 22(9): 1469-1481.
Paquot Y, Duport F, Smerieri A, et al. Optoelectronic
reservoir computing[J]. Scientific Reports, 2012, 2: 287.

Fiers M A A, van Vaerenbergh T, Wyffels F, et al.
Nanophotonic reservoir computing with photonic crystal
cavities to generate periodic patterns[J]. IEEE Transactions
on Neural Networks and Learning Systems, 2014, 25(2):
344-355.

Vandoorne K, Mechet P, van Vaerenbergh T, et al.
Experimental demonstration of reservoir computing on a
silicon photonics chip[J]. Nature Communications, 2014,
5: 3541.

Vinckier Q, Duport F, Smerieri A, et al. High-
performance photonic reservoir computer based on a
coherently driven passive cavity[J]. Optica, 2015, 2(5):
438-446.

Bueno J, Brunner D, Soriano M C, et al. Conditions for
reservoir computing performance using semiconductor
lasers with delayed optical feedback[J]. Optics Express,
2017, 25(3): 2401-2412.

Katumba A, Freiberger M, Bienstman P, et al. A
multiple-input strategy to efficient integrated photonic
reservoir computing[J]. Cognitive Computation, 2017, 9
(3): 307-314.

Freiberger M, Katumba A, Bienstman P, et al. Training
passive photonic reservoirs with integrated optical readout
[J]. IEEE Transactions on Neural Networks and
Learning Systems, 2019, 30(7): 1943-1953.

Coarer F D L, Sciamanna M, Katumba A, et al. All-
optical reservoir computing on a photonic chip using


https://arxiv.org/abs/2011.00064
https://arxiv.org/abs/2011.00064

HEXE- -4ZR

£ 6055 6H1/2023 F£ 3 A/ ENEFEHE

[68]

[69]

silicon-based ring resonators[J]. IEEE Journal of Selected
Topics in Quantum Electronics, 2018, 24(6): 7600108.
Katumba A, Heyvaert J, Schneider B, et al. Low-loss

photonic reservoir computing with multimode photonic
integrated circuits[J]. Scientific Reports, 2018, 8: 2653.

Katumba A,
Neuromorphic computing based on silicon photonics and

Freiberger M, Laporte F, et al
reservoir computing[J]. IEEE Journal of Selected Topics
in Quantum Electronics, 2018, 24(6): 8300310.

Brunner D, Soriano M C, van der Sande G. Photonic
reservoir computing[M]. Berlin: De Gruyter, 2019, 8: 19.
Laporte F, Dambre J, Bienstman P. Highly parallel
simulation and optimization of photonic circuits in time
and frequency domain based on the deep-learning
framework PyTorch[J]. Scientific Reports, 2019, 9(1):
5918.

Tanaka G, Yamane T, Héroux J B,
advances in physical reservoir computing: a review[J].
Neural Networks, 2019, 115: 100-123.

Mesaritakis C, Syvridis D. Reservoir computing based

et al. Recent

on transverse modes in a single optical waveguide[J].
Optics Letters, 2019, 44(5): 1218-1221.

Laporte F. Novel architectures for brain-inspired photonic
computers[D]. Ghent: Ghent University, 2020.

Shen Y C, Harris N C, Skirlo S, et al. Deep learning
with coherent nanophotonic circuits[J]. Nature Photonics,
2017, 11(7): 441-446.

Lin X, Rivenson Y, Yardimci N T, et al. All-optical
machine learning using diffractive deep neural networks
[J]. Science, 2018, 361(6406): 1004-1008.

Hamerly R, Bernstein L, Sludds A, et al. Large-
scale optical neural networks based on photoelectric
multiplication[J]. Physical Review X, 2019, 9(2):
021032.

Zuo Y, Li B H, Zhao Y J, et al. All-optical neural
network with nonlinear activation functions[J]. Optica,
2019, 6(9): 1132-1137.

Shi B, Calabretta N, Stabile R. Image classification with
a 3-layer SOA-based photonic integrated neural network
[C]/2019 24th OptoElectronics and Communications
Conference (OECC) and 2019 International Conference
on Photonics in Switching and Computing (PSC), July 7-
11, 2019, Fukuoka, Japan. New York: IEEE Press, 2019.
Abel S, Horst F, Stark P, et al. Silicon photonics
integration technologies for future computing systems
[C]/2019 24th OptoElectronics and Communications
Conference (OECC) and 2019 International Conference
on Photonics in Switching and Computing (PSC), July 7-
11, 2019, Fukuoka, Japan. New York: IEEE Press,
2019.

Zhang T, Wang J, Dan Y H, et al. Efficient training and
design of photonic neural network through neuroevolution
[J]. Optics Express, 2019, 27(26): 37150-37163.

Qian C, Lin X, Lin X B, et al. Performing optical logic
operations by a diffractive neural network[J]. Light:
Science & Applications, 2020, 9: 59.

Miscuglio M, Sorger V J. Photonic tensor cores for

[82]

[83]

[84]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

0600001-16

machine learning[J]. Applied Physics Reviews, 2020, 7
(3): 031404.

Zhang H, Gu M, Jiang X D, et al. An optical neural chip
for implementing complex-valued neural network[J].
Nature Communications, 2021, 12: 457.

Bagherian H, Skirlo S, Shen Y C, et al. On-chip optical
convolutional neural networks[EB/OL]. (2018-08-09)
[2022-03-02]. https://arxiv.org/abs/1808.03303.
Mehrabian A, Al-Kabani Y, Sorger V J, et al. PCNNA:
a photonic convolutional neural network accelerator[C ]/
2018 31st IEEE International System-on-Chip Conference,
September 4-7, 2018, Arlington, VA, USA. New
York: IEEE Press, 2018: 169-173.

Chang J L, Sitzmann V, Dun X, et al. Hybrid optical-
electronic convolutional neural networks with optimized
diffractive optics for image classification[J]. Scientific
Reports, 2018, 8: 12324.

Liu W C, Liu W Y, Ye Y C, et al. HolyLight: a
nanophotonic accelerator for deep learning in data centers
[C]/2019 Design, Automation &. Test in Europe
Conference &. Exhibition (DATE), March 25-29, 2019,
Florence, Italy. New York: IEEE Press, 2019: 1483-
1488.

Xu S F, Wang J, Wang R, et al. High-accuracy optical
convolution unit architecture for convolutional neural
networks by cascaded acousto-optical modulator arrays
[J]. Optics Express, 2019, 27(14): 19778-19787.

Wagner K H, McComb S. Optical rectifying linear units
for back-propagation learning in a deep holographic
network[J]. IEEE Journal of
Selected Topics in Quantum Electronics, 2020, 26(1):
7701318.

Bangari V, Marquez B A, Miller H, et al. Digital
electronics and analog photonics for convolutional neural
networks (DEAP-CNNs) [J]. IEEE Journal of Selected
Topics in Quantum Electronics, 2020, 26(1): 7701213.
Mehrabian A, Miscuglio M, Alkabani Y, et al. A
winograd-based

convolutional neural

integrated photonics accelerator for
convolutional IEEE Journal of
Selected Topics in Quantum Electronics, 2020, 26(1):
6100312.

Ahmed M, Al-Hadeethi Y, Bakry A, et al. Integrated
photonic FFT for photonic tensor operations towards

neural networks[J].

efficient and high-speed neural networks[J]. Nanophotonics,
2020, 9(13): 4097-4108.

WuC M, YuHS, Lee S, et al. Programmable phase-
change metasurfaces

on waveguides for multimode

photonic  convolutional neural network[J]. Nature
Communications, 2021, 12(1): 96.

Feldmann J, Youngblood N, Karpov M, et al. Parallel
convolutional processing using an integrated photonic
tensor core[J]. Nature, 2021, 589(7840): 52-58.

Xu X Y, Tan M X, Corcoran B, et al. 11 TOPS
photonic convolutional accelerator for optical neural
networks[J]. Nature, 2021, 589(7840): 44-51.

Zhu H H, Zou J, Zhang H, et al. Space-efficient optical

computing with an integrated chip diffractive neural


https://arxiv.org/abs/1808.03303

HEXE- -ZR

6055 6H1/2023 F£ 3 A/ ENEFEHRE

[97]

[98]

[100]

[101]

[102]

[103]

[104]

[106]

[107]

[108]

[109]

[110]

network[J]. Nature Communications, 2022, 13: 1044.
Woeginger G J. Exact algorithms for NP-hard problems:

a survey[M]/Jinger M, Reinelt G, Rinaldi G.
Combinatorial optimization: eureka, you shrink! Lecture
notes in computer science. Heidelberg: Springer, 2003,
2570: 185-207.

McCulloch W S, Pitts W. A logical calculus of the ideas
immanent in nervous activity[J]. Bulletin of Mathematical
Biology, 1990, 52(1/2): 99-115.

Hebb D O. The
neuropsychological theory[M]. London: Psychology Press,
2005.
Rosenblatt

organization of behavior: a

F. The
recognizing automaton project

perceptron, a perceiving and

para, report: cornell
aeronautical laboratory, cornell aeronautical laboratory
[EB/OL]. [2022-03-06]. https://books.google.pl/books.
Widrow B, Hoff M E. Adaptive switching circuits[R].
Stanford: Stanford Univ Ca Stanford Electronics Labs,
1960.

Hopfield J J. Neural networks and physical systems with
emergent collective computational abilities[J]. Proceedings
of the National Academy of Sciences of the United States
of America, 1982, 79(8): 2554-2558.

Kohonen T. Self-organized formation of topologically
correct feature maps[J]. Biological Cybernetics, 1982, 43
(1): 59-69.

Rumelhart D E, Hinton G E, Williams R J. Learning
representations by back-propagating errors[J]. Nature,
1986, 323(6088): 533-536.

LeCun Y, Boser B, Denker J, et al. Handwritten digit
network[C ]/
Advances in Neural Information Processing Systems 2,
NIPS Conference, November 27-30, 1989, Denver,
Colorado, USA. San Francisco: Morgan Kaufmann, 1990.
LeCun Y, Bottou L., Bengio Y, et al. Gradient-based
learning applied to document recognition[J]. Proceedings
of the IEEE, 1998, 86(11): 2278-2324.

LeCun Y, Bengio Y, Hinton G. Deep learning[J].
Nature, 2015, 521(7553): 436-444.

Hinton G E, Salakhutdinov R R. Reducing the
dimensionality of data with neural networks[J]. Science,
2006, 313(5786): 504-507.

Krizhevsky A, Sutskever I, Hinton G E. ImageNet
classification with deep convolutional neural networks
[C]/NIPS'12: Proceedings of the 25th International
Conference on Neural Information Processing Systems-
Volume 1, December 3-6, 2012, Lake Tahoe, Nevada,
USA. New York: ACM Press, 2012: 1097-1105.
Taigman Y, Yang M, Ranzato M, et al. DeepFace:

recognition with a back-propagation

closing the gap to human-level performance in face
verification[C]//2014 IEEE Conference on Computer
Vision and Pattern Recognition, June 23-28, 2014,
Columbus, OH, USA. New York: IEEE Press, 2014:
1701-1708.

Simonyan K, Zisserman A. Very deep convolutional
networks for large-scale image recognition[EB/OL].
(2014-09-04)[2022-03-04]. https://arxiv.org/abs/1409.1556.

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

0600001-17

Szegedy C, Liu W, Jia Y Q, et al. Going deeper with
convolutions[C]//2015 TEEE Conference on Computer
Vision and Pattern Recognition, June 7-12, 2015,
Boston, MA. New York: IEEE Press, 2015.

He K M, Zhang X Y, Ren S Q, et al. Deep residual
learning for image recognition[C]//2016 IEEE Conference
on Computer Vision and Pattern Recognition, June 27-30,
2016, Las Vegas, NV, USA. New York: IEEE Press,
2016: 770-778.

Lugt A V. Signal detection by complex spatial filtering
[J]. IEEE Transactions on Information Theory, 1964, 10
(2): 139-145.

Reck M, Zeilinger A, Bernstein H J, et al. Experimental
realization of any discrete unitary operator[J]. Physical
Review Letters, 1994, 73(1): 58-61.

Clements W R, Humphreys P C, Metcalf B J, et al.
Optimal design for universal multiport interferometers[J].
Optica, 2016, 3(12): 1460-1465.

Psaltis D, Brady D, Gu X G, et al. Holography in
artificial neural networks[M]/Yeh P, Gu C. Landmark
papers on photorefractive nonlinear optics. Singapore:
World Scientific, 1995: 541-546.

Goodman J W, Leonberger F J, Kung S Y, et al. Optical
interconnections for VLSI systems[J]. Proceedings of the
IEEE, 1984, 72(7): 850-866.

Farhat N H, Psaltis D, Prata A, et al. Optical
implementation of the Hopfield model[J]. Applied
Optics, 1985, 24(10): 1469-1475.

YuF T, Lu T, Yang X, et al. Optical neural network
with pocket-sized liquid-crystal televisions[J].
Letters, 1990, 15(15): 863-865.

Jang J S, Shin S G, Yuk S W, et al. Dynamic optical
interconnections using holographic lenslet arrays for

Optics

adaptive neural networks[J]. Optical Engineering, 1993,
32(1): 80-87.

Saxena I ', Fiesler E. Adaptive multilayer optical neural
network with optical thresholding[J]. Optical Engineering,
1995, 34(8): 2435-2440.

Tait AN, de Lima T F, Zhou E, et al. Neuromorphic
photonic networks using silicon photonic weight banks[J].
Scientific Reports, 2017, 7: 7430.

Cheng Z G, Rios C, Pernice W H P, et al. On-chip
photonic synapse[J]. Science Advances, 2017, 3(9):
€1700160.

Sarle W S. Neural networks and statistical models[EB/
OL]. [2022-03-06]. htips://sss1. bnu. edu. cn/~pguo/
¢s229/public_html/ann/pdfs/neurall.pdf.

Sermanet P, Eigen D, Zhang X,
integrated recognition, localization and detection using
convolutional networks[EB/OL]. (2013-12-21)[2022-03-
06]. https://arxiv.org/abs/1312.6229.

Li X Q, Zhang G Y, Huang H H, et al. Performance
analysis of GPU-based convolutional neural networks
[C]//2016 45th International Conference on Parallel
Processing (ICPP), August 16-19, 2016, Philadelphia,
PA, USA. New York: IEEE Press, 2016: 67-76.
Graham A D. Obtaining high precision results from low

et al. OverFeat:


https://books.google.pl/books
https://arxiv.org/abs/1409.1556
https://sss1.bnu.edu.cn/~pguo/cs229/public_html/ann/pdfs/neural1.pdf
https://sss1.bnu.edu.cn/~pguo/cs229/public_html/ann/pdfs/neural1.pdf
https://arxiv.org/abs/1312.6229

HEXE- -4ZR

£ 6055 6H1/2023 F£ 3 A/ ENEFEHE

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

[144]

precision hardware[EB/OL]. (2005-12) [2022-06-01].
https://trace. tennessee. edu/cgi/viewcontent. cgi? article=
32748.context=utk _gradthes.

Wang T Y, Ma S Y, Wright L G, et al. An optical
neural network using less than 1 photon per multiplication
[J]. Nature Communications, 2022, 13(1): 123.

Miscuglio M, Hu Z B, Li S R, et al. Massively-parallel
amplitude-only Fourier neural network[J]. Optica, 2020,
7(12): 1812-1819.

Zhou T K, Lin X, Wu J M,
neuromorphic optoelectronic computing with a reconfigurable

et al. Large-scale

diffractive processing unit[J]. Nature Photonics, 2021, 15
(5): 367-373.

Huggins E. Introduction to Fourier optics[J]. The Physics
Teacher, 2007, 45(6): 364-368.

Raeker B O, Grbic A.
amplitude and phase control of wave fronts[J]. Physical
Review Letters, 2019, 122(11): 113901.

Fang M Y S, Manipatruni S, Wierzynski C, et al.
Design of optical neural networks with component
imprecisions[J]. Optics Express, 2019, 27(10): 14009-
14029.

Xu S F, Wang J, Shu H W, et al. Optical coherent dot-
product chip for sophisticated deep learning regression[J].
Light: Science &. Applications, 2021, 10: 221.

Lawson C L, Hanson R J. Solving least squares problems
[M]. Philadelphia: Society for Industrial and Applied
Mathematics, 1995.

Shi B, Calabretta N, Stabile R. Deep neural network
through an InP SOA-based photonic integrated cross-

Compound metaoptics for

connect[J]. IEEE Journal of Selected Topics in Quantum
Electronics, 2020, 26(1): 7701111.

Zang Y B, Chen M H, Yang S G, et al. Electro-optical
neural networks based on time-stretch method[J]. IEEE
Journal of Selected Topics in Quantum Electronics,
2020, 26(1): 7701410.

Mahjoubfar A, Churkin D V, Barland S, et al. Time
stretch and its applications[J]. Nature Photonics, 2017,
11(6): 341-351.

Leshno M, Lin V Y, Pinkus A, et al. Multilayer
feedforward networks with a nonpolynomial activation
function can approximate any function[J]. Neural Networks,
1993, 6(6): 861-867.

George J K, Mechrabian A, Amin R, et al. Neuromorphic
photonics  with electro-absorption modulators[J].
Express, 2019, 27(4): 5181-5191.

Amin R, George J K, Sun S, et al. ITO-based electro-
absorption modulator for photonic neural
function[J]. APL Materials, 2019, 7(8): 081112.
Tait A N, de Lima T F, Nahmias M A, et al. Silicon
photonic modulator neuron[J]. Physical Review Applied,
2019, 11(6): 064043.

Fard M M P, Williamson I A D, Edwards M, et al.

Experimental realization of arbitrary activation functions

Optics

activation

for optical neural networks[J]. Optics Express, 2020, 28
(8): 12138-12148.
Dejonckheere A, Duport F, Smerieri A, et al. All-

[146]

[147]

[148]

[149]

[150]

[153]

[156]

[157]

0600001-18

optical reservoir computer based on saturation of absorption
[J]. Optics Express, 2014, 22(9): 10868-10881.
Miscuglio M, Mehrabian A, Hu Z B, et al. All-optical
nonlinear activation function for photonic neural networks
[J]. Optical Materials Express, 2018, 8(12): 3851-3863.
Shi B, Calabretta N, Stabile R. First demonstration of a
two-layer all-optical neural network by using photonic
integrated chips and SOAs[C]//45th European Conference
on Optical Communication (ECOC 2019), September 22-
26, 2019, Dublin, Ireland. New York: IET, 2019.
Crnjanski J, Krstic M, Totovic A, et al. Adaptive
sigmoid-like and PReL.U activation functions for all-
optical perceptron[J]. Optics Letters, 2021, 46(9): 2003-
2006.
Mourgias-Alexandris G, Tsakyridis A, Passalis N, et al.
An all-optical neuron with sigmoid activation function[J].
Optics Express, 2019, 27(7): 9620-9630.
Jha A, Huang C R, Peng H T, et al. Photonic spiking
neural networks and graphene-on-silicon spiking neurons
[J]. Journal of Lightwave Technology, 2022, 40(9):
2901-2914.
Wu B, Li H K, Tong W Y, et al. Low-threshold all-
optical nonlinear activation function based on a Ge/Si
hybrid structure in a microring resonator[J]. Optical
Materials Express, 2022, 12(3): 970-980.
Jha A, Huang C R, Prucnal P R. Reconfigurable all-
optical nonlinear activation functions for neuromorphic
photonics[J]. Optics Letters, 2020, 45(17): 4819-4822.
Huang C R, Jha A, de Lima T F, et al. On-chip
programmable nonlinear optical signal processor and its
applications[J]. IEEE Journal of Selected Topics in
Quantum Electronics, 2021, 27(2): 6100211.
Wang P P, Xiong W J, Huang Z B, et al. Diffractive
deep neural network for optical orbital angular
IEEE
Journal of Selected Topics in Quantum Electronics,

2022, 28(4): 7500111.
Huang C R, Fujisawa S, de Lima T F, et al. A silicon

momentum multiplexing and demultiplexing[J].

photonic-electronic neural network for fibre nonlinearity
compensation[J]. Nature Electronics, 2021, 4(11): 837-844.
W e . BRAK . G E 7K bt 28 I8 24 F 5 o e (7). v L U
Jt, 2021, 48(19): 1906001.

Yang L Y, Zhang L. Recent progress in photonic
reservoir neural network[J]. Chinese Journal of Lasers,
2021, 48(19): 1906001.

XIREK, dkdt 200, 45 BT & b i 5 00 ok
R B O % @ R s U] EOE , 2022, 49(18):
1806001.

Liu J Y, Zhang J G, Li C Y, et al

communication via laser chaos synchronization based on

Secure

reservoir computing[J]. Chinese Journal of Lasers, 2022,
49(18): 1806001.

XIHES , B, BRE R, & L TR it B BE b A
SE R[], e2EE M, 2022, 42(19): 1920002.

Liu Y M, Guo H X, Chen Y H, et al. Random singular
value decomposition based on optical computation[J].
Acta Optica Sinica, 2022, 42(19): 1920002.


https://trace.tennessee.edu/cgi/viewcontent.cgi?article=3274&context=utk_gradthes
https://trace.tennessee.edu/cgi/viewcontent.cgi?article=3274&context=utk_gradthes
https://trace.tennessee.edu/cgi/viewcontent.cgi?article=3274&context=utk_gradthes

	2　光计算及光学神经网络简介
	3　光学神经网络中的关键光子器件及其系统架构与应用
	3.1　光学神经网络中线性矩阵计算的研究现状和发展趋势

	3.1.1　基于空间光结构的光学线性矩阵计算
	3.1.2　基于片上相干原理的光学线性矩阵计算
	3.1.3　基于WDM技术的光学线性矩阵计算
	3.2　光学神经网络中非线性激活器的研究现状和发展趋势

	3.2.1　基于O-E-O转换的光学非线性激活器
	3.2.2　全光非线性激活器
	3.3　光学神经网络系统架构与应用的研究现状和发展趋势

	4　结束语

