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Abstract
Nonlinear functions play a crucial role in neural networks by introducing nonlinearity into neurons,
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enabling the network to approximate arbitrary nonlinear mappings. However, as the scale of neural
networks continues to grow, the associated training time and computational costs have become in-
creasingly prohibitive. Although several optimization strategies based on electronic computing have
been proposed, they still suffer from limited scalability and restricted computational flexibility. To
address these challenges, this paper proposes a photonic computing approach based on a large num-
ber of programmable optical neurons to perform nonlinear computations with high robustness and
precision. Specifically, nonlinear functions such as Tanh and Sigmoid are implemented using a dif-
fractive optical structure. Experimental results demonstrate that the proposed diffraction-based
nonlinear computing module exhibits strong generalization capabilities when applied to neural
network tasks. For a 5 x 5 input dimension, the Sigmoid function achieved a loss 0f 9.66 x 10-4, while
the Tanh function yielded a loss of 1.02 x 10-3. Furthermore, evaluation on the MNIST handwritten
digit classification task shows that the proposed architecture maintains considerable stability and
robustness in the presence of practical disturbances such as Gaussian noise during transmission.
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1. 518

LR A B BRI EION T PR 22 IR 28 2 ) BRAR AR L M pR B0 5 AR, PP I 4518 i 704 48 G (1 % H B
FBOERBGI NAELIER R, (A N2 i) DUE T AT (TR LG R [1]. X T A8, — AN Gk
(I AEZEE eR B AT DL 2 i 2 A RE T DR PERE, tTT DARS e JL YNGR A2, i i ek S o 52 3 Ok Bl AR
YERAT A AT U8R [2] » Sigmoid H1 Tanh BRI HR T AR 205 Bl L T 8% i 28 I 28 A58 v f e 1tk s
BREL[3] [4]. Tanh BRETE RNN &5 M2 1A — 16 5 X0 FREHE A3 A 21 2L 4E FH[5], Sigmoid eR L 7E %
T2 2% (CNN) You Only Look Once (Yolo) #5574 (1) £ R4 il logistics 4325 #5[6] i IS4 22 24 (LSTM)
BTN (T T BT B )48) [6] [7]H RS EE/EM . HH T ARB I E R ELEE S
5HAT, B DARYE BE R e, T SR R R BEREA T Gt A7 B A R BRI, o2 2 R
28 B 5K (1 75 5K [8]-[10] -

RO T ARG T AL Eg T R, A L T L (RBRE . i WA R MR R S A R A AL
PR S AT, TR RAE(R S AR . B R 4 I 4% 7 T A 4 S EERE[11] [12]. H ATEFE 4]
et VWG RO, AT SRR R R A [13], DA ARZME D B R T 14 [14] [15] . AT
22 M 4% (Diffractive Neural Network, D?NN), & — R HUHL &5 5% > IR0 B 206 i 2 45 HEZR[16],  AR%E
THEFRIARE, B AT R WA FIRE, BE XN CR. BETATH RS T ER S
IR R . RO E DR T3 PR [11] o TR R ET T DPNN FIBF St 72 248 1 VF 2 R, AT LUk A%
Gt H IR ZE S AT ERRE, [RBTG5 5 A B0 S A5 B Bk I 25 58 R R L 43 AT 5[ 17] -
[20], MHGZEITE R SRR T —Fh o i SR B

ASCEAT T — PP T8 2% 21 J7 ik A 5 Ab B 5. T (Diffractive Processing Unit, DPU) [21]1#1 6 FEELE
PETHRRE . XA ] =N 2R M6 22 E AT B S (A E S e nt FE S eR B, i T gm R A 2 T kA
4 Sigmoid A1 Tanh PIFPIELRMEBUE K. SCIRL K, X T 5 x b HARHALERE, Sigmoid B 1
9.66 x 10* iR ZEMIK, Tanh RESLHL T 1.02 x 103 (4. thab, BEEHNZIELEE N 3 x 3 %] 9 x

+
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9, Sigmoid PRELIRZEIRM 8.46 x 10743 INEI T 1.18x 103, [AFE, XFT Tanh B%L, BEFE MU RSP
Ix3IWINF| 9x9, IREMIM 9.12x 10N 17 1.33x 103, - H, £ MNIST FE5HFnIE5% L,
T SO 6 UE T AL T XA v v g P SR S TR R TP B R 2 f R e R R

2. (EAMH
2.1 SLESHKE

A SIS IR EE T PyTorch 1.12.1 #E42. Python 3.9 LAz CUDA 11.3.58. f#ifific & GPU & navida
GeForce 3050, Ram Z& &4 12 GB, #:¥£%4 12 th Gen Inter (R) Core (TM) i7-12700H. 7ESZI6 i fEr,
25, A 277 5 22 (Mean Square Error, MSE)/E ik i, Hit B A&

MSE =%Zi":1(xi -Y,)’ )
Hort X\ Y 3 AAAT A2 N 25 1 th 5 SR IR B B AR SSAE . I HON Tk — P BRI SRR B e 2, S
11 FH Adam 12 A6 2 R AR 3 FAA 27 1 28 7E Sigmoid Y125, 2 3T 2B BN 2058 N B Liarn = Logrren X107
Fort Lo 22 4TI 2R, AF 20 A epoch JEHEAT—VK N FF; AE Tanh Y&, 223 R EFFEE NS 20
BFBE, IR EN Lam = Laren X107

RS, A2 BT FH W] g e 2 ph 2 oo - BENL I IE A . SCT HAlAH R I 28k, 2R S bR e
WA T SHHICE, Hr R, &2 R T i e g o FHBENI I A . ESREe T, (K
£ 532 nm FIEOEEAE RGIE, & IE R K/DEE 16 pum x 16 um, FHHHFE(E DPU & F &R
LR E N5 x 5, BEATHERIDGRFME T E R E Y 200 x 200 A, G ERARIES A I HT H H
4% 15 cm. TEATIZ IR S50 X B SC i L 10 e B 40 A1 45 AL AT P XY, DK R BRI A B R A
B AT B .

22. BIBESTLERE

FENZRT, AT MR RDG A4 70 R ZE IR AR AR AL, 0 0k pr o o b e i RUMR O S5 0B
IR EIRAFE] . AR NIIZRE B2 I 5 AR BRI GR MR B o8 AT 10 v 20 AL v A8l R AR R B
AT A R RN T IOREERTERE,  FIGAERE RNl B BN 32, 520 720 92, IR, SRk
704 16000 3000, 1000 MEAS. EUGEEH ANy T 52 = AT S NI B RS 2, AETIACEE okt B
GHEAT PR A (K SR E AT A B [22], HdRE e 1R

Hds
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Figure 1. Schematic diagram of zero-padding
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FTIAFE(Zerp Padding) FERLIM ) Hy 2 (AL R vh o2 A T R B Z 7 50, R T3IANTHE
LB R MDA S SBOT R AEERIEIN . B TTE N T AR RIZ — IR Y S N R A T T
I A E RN T TS SRS HOR R G RIRZE, WD R

FEMNRAE L E T SR A ERE (07 b 2 ZEH MNIST F 588l %, ZHuRE%E S 60,000 7Kl
ZRIEIE A 10,000 SRIMAEIE, BIKEERI T Hi50y 28 x 28 53K . O T LIZX L EMEERE DPU TP ATHHZ
PR, T B B AT AR E A A B, A R BRI R, s/ P el T8O T 3 S B 52 o

3. EZRMITESITHHE MK BRE
3.1 E&MTEER

Tanh R #0F Sigmoid B8 ELF ZH FHIZE M4 1535 . Sigmoid A A :
1

Sigmoid (x) :m

)
Hor x N IR . Sigmoid BRI R IR 5 7E(0, 1) 2 18], BA BB AR R S, IIEEEaH T
b HAT AR BT, U R AE A S n) i b A D Y RO R B Tanh i BOHRA
_exp(x)—exp(-x)

B exp(x)+exp(—x)

Hrp x AR E. Tanh BREEIREEL, Db, BANREMESERR S, EREEH TR
REAIER R IG5 B ERE . 5 Sigmoid BBUHEL, Tanh eRHOE R f A S 2 5B 5 1IEE H X
), Befs A RO R BRI 77 I P RE L, AWMIERFERIE B RALS, JF H AR A R i R i
ZINTIT S B3O PS5 31 2 I R S o S 6 ) 1A B P 308 5 o 5 o 448 P 8 AR ) 75 SR T 1AL

3.2. (T RIEEEERIE
T R M523 T Rayleigh-Sommerfeld RIS AR r A 2, R AL B A AR Z T, HOLHBON:

z-z( 1 1 j2nr
w(x,y,z)= rz'[§;F+~IZjexp(Jj§—j (4)

B 2 T= (=% ) (Y= ) +(2=2) » G=V1e SAICHERIE S, SRR
AEAEEE BE AR50 T PRI B RS, e SRR 9, SRR 5 &
{1 R ARAERE B T F e i 5

DPU i85 E [ £ L FRE AR 57 X S0 Rayleigh-Sommerfeld 754 /7. 2 g At )t
RS T S RO TR, 43 S A BB A ARSI . 28 1 e e
kT LA

Tanh(x) (3)

u(i)utput = q)(ﬁti)utput) = ¢’(Zm Wima; exp( ng )) (5)
Sk m AR M AMIZE T, exp( 07 ) FaH m A SLM ARGL AT YIZEAR 6L 0
3.3. HENMEZEPRNIRER 5%

T JE P BRI S HOE T L B IR AR 5 R AR AL NEAT N AAEIE,  Fa 5l ZRur
M HE 2 DPU o BRI, 1L FALEEI R SR m A2 M4 )5, & B e oRIE s — = (0%
5 B BRI AT I e AR iR T — R, SRt E A B TS R, R AR A

DOI: 10.12677/m0s.2025.145424 673 5 1 A


https://doi.org/10.12677/mos.2025.145424

yIZfI(WIyI_1+bI) (6)
b, yYREF I ErEL, yIRELE BB, W RS | ERAESERE, bR | RN RE &,
fLR5 | 2B R, 0 ReLU. Sigmoid £ . XN 31 A7 55 425 0 28 b ) 5 5637 (O HR R 435 Sl A 5407
HSHHT IE B, Rk
AE(X), F(9)=FH(F(A (0, F () H(F (). T () )
e, A(F(x), £ (y)) DB SR, H(f(x), f (y))=exp(jkz\/1—(/1f (x))" ~(Af (y))zj | iR

I71) A 43— PRI 3 R FH 457 2 B R XS T I 28 v 2 50 (497 S B R v L) FRD s SR AN AR TR B S 4, AT
o &5 SRR 22 B /b . BARE] DPU (1INl sk F2 o 2 i ot it PG S5 0 28 R 1350 7 1 22 SR 1T S AR 42 T
KPS . I AL 3 FL ARG R AT AR IR A

5=V Lo £(z') (8)

ﬁ*vy.L?ﬂi‘jﬁﬁi@iﬁlXﬁﬁtﬂﬂ‘J%fE, f"(z')?’ﬂﬁ’cﬂ%?ﬁ%ﬁ@i&ﬁ‘]@%&, S NEIHEMRZED. MAAR
(DFAF(8), 7 LML RET 2 | ERiR ZRIEN:
OE (¢! 2 .
( )=£zk(xk—xk) ~Real{(mk) %} 9)

og! k og'

OE (4
Horr, (¢' ) REFEHHEEOCIHIRRE, m RoRmil—Z0%H .

og!
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4. DPU B 4&
4.1. DPU X RILE1ERE ST 4T

Figure 2. (a) Schematic diagram of DPU cascade diffraction neural network structure; (b) Schematic diagram of DPU structure
& 2. (a) DPU REXTHIRE ML LEMRERE; (b) DPU EHREE
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DPU R R] LA AN A — AN 1l LU e Al A AR 5 B AT S ATH S, il — R M & oA
—RIDCRIRGGEATHT ML R, R AR A TCIE G R B A SRR AR IE . DPU KI5 I4 K F-AT 16 7kt

I BAbE, FOsEAMKE T BT 4, BT DUs AT HER . £ =2 MATHE T, &J2F 200 x
200 MGEEFHZ TG, IE T DPU AHEL T45 45 o 10 48 0 48 76 I 1) 25026 07 T 2 2 A 35 . DPU ZR0BEAT 5o
2 W 25 45K A DPU 15 R &l 2 iR .

FEHLM DPU H, 8 S $e 7 (Digital Micro-Mirror Device, DMD) K4t N5 2 4w 5 A T 63 ITRIE
, ARG 2 [EDG I HI 2% (Spatial Light Modulator, SLM) S AN /341 S AT B AR T2 18] R IR $ 2
I H A DG EATH L, A SLM ST BIPRINES T [ AT ST R T IR SZ BT o AR 38T
b, Bl E AN R A SR L %28 (Scientific Complementary Metal Oxide Semiconductor, SCMOS) | &
SHHIRIE 7 B0 5, I SN M7 SR R A R

KT AR[F%HNEGK/NT Sigmoid AT Tanh Yl Zkxt bt A2 > fh2ean < 3. & 4 s, BRI
AN, FEYIZREIRT 20 Batches o 45 4T AR .

WHER b)) B b AR

i-'llll.]i!

Figure 3. Comparison of training results for 5 x 5 image sizes: (a) Sigmoid; (b) Tanh
3.5 x 5 BB RTIIZLERITLL : () Sigmoid; (b) Tanh
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Figure 4. (a) Sigmoid mode training and validation MSE curve; (b) Tanh mode training and validation MSE curve

4. (a) Sigmoid #EIVIIZREY MSE Bh%k; (b) Tanh JIIZRE0 MSE Hh%k

£ 3 x 3 fll 5 x 5 g NKRAE LT, AR B R S AR R 2 B R B AR BLEE . R R SGEAE
BN N JEE I RE S B A M ST IRARZR R R, (R FF R I EARCR, Sigmoid AR &I ZR IR R
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8.46 x 104 f19.66 x 104, Tanh #5514 9.12 x 1041 1.02 x 103, R ANBIELEFIRKZE 7 x 7 A
9 x 9, MAIREORFF AR R REFIE, (ARG EAR T/ RSN G T TR, kAT
DL, INgrid RE A sk, Sigmoid #Ex0H5i56 A 1.08 x 103 1 1.08 x 1073, Tanh i 7+2 1.19
x 10371 1.33 x 10°3,

N TP BRI R PR R 1 RE R I, SE56%T Sigmoid AT Tanh bR E7EAS [R5 45 FE T (1)
FEFEPRIAT T X Bk S, BT EI R ZE . A WA R BORUB 5 R PRl FR AR,
ARG R E G EANG . SRR SO AR B T T 2 5. SRR, TEAFER
N, DPU AR M TR bR s R B e i (v i o, B0AIE T R NGRS R M GE . 36
g 1 s,

Table 1. System resulting data of standard experiment

= 1 AEREARGER

BRI P R R Bz GERARAUE RSSIEER
3x3 8.46 x 1074 0.9083 0.1435
5x5 9.66 x 10 0.8779 0.1633
Sigmoid
7x7 1.08x 1072 0.8402 0.1796
9x9 1.18 x 10~ 0.8179 0.2041
3x3 9.12x 10 0.8913 0.1562
5x5 1.02 x 1073 0.8530 0.1703
Tanh
7x7 1.19x 1073 0.8133 0.1920
9x9 1.33x10° 0.8029 0.2107

B EL G AT RE A 1 TAT S R (070 HE AR O A K RS I 2 2 28 28 50 . IR 2 75 208
AT E AR, ATAE R N R SRR, P EUE S AL ERRCR N B XA LA ISR AR I
S, RO RL I 6 2 Bl i AN s RT3 I B, AT R 2R 1) 5 S e . AR BN AR R (1
SR PEANR VL LZANGRR Z G 2R, BN RS IR A s BE 05 76 6“7 48 X B (T AR Vi i A 35
5, WRMABE TR E m, AR Aol 12, IR R R RIORRE M. 1Ak, BORRAS
(o N\ Bt A AR B 22 [E AR R P AT RE 2 BV RISRE X & 4, I HAE e 24 BIE v Re A7 e ™ &
UpUEE SRR IR

4.2. NEIRHX MLt aE D RIR M

AFJZEL DPU FRHE Bt T AR Lk s U RS R R AT S . SRR S5 R 7R, X Sigmoid Al Tanh 5
K, 12 DPU JZHUBUD I, P2 LRI ZRad R podk A Rt 22 ST AR A SRR AR iR &, S BEUm 45
R IRZERR . &SI AR BRENS & SR T ML IR INE /1 5 3RIKRE ST, IR NG A AT R 4530
SN LTSRS ARG E R, B TR AR RIARE I SF R A R, TSRS RS
MG ROR . SLIRSERERY], B DPU JZEUNIEIN, REU AR R Bl ks B B & 3271 . 24 DPU
JRRED IS, R E R 2R AR VERFIE IS (0t 45 R S PR R B KR 2. X — IRt B,
e B R, BT A R R R, e KA AL AIREE R RE 0 AR 5, R GEeT
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CLHA R 1 s ORI RE /7, AIMTAE UL AR Lt R A R B B4 45 2R . 3@l 1 % 3 J= DPU #£
WA EIRARL N RO RN I PERER DL, A Hrolt 2 A B2 HO0 AR 2 1 s Bt S ROR I . A R £
AT R AR LN B R A FIHR AR N I A5 R 2 Fom

Table 2. Effects of nonlinear ability of different diffraction layers
= 2. TEIE#HITH EXTIEL R 52

PRI % = BT SE AR
12 1.50 x 1073 0.8757
Sigmoid 22 8.97 x 10 0.8834
32 8.46 x 1074 0.9083
1z 1.66 x 1072 0.8521
Tanh 2z 1.02x10°® 0.8745
3 9.12x10™* 0.8913

5. MNIST 43 384F 553l

AT IR DPU ZRIRAT S AR 25 (P32 AL RE 71, SESG AR T —ANEIIHE A Sigmoid F1 Tanh &7 5¢
R R TF ST AT S, HEE AR SEPR AT SRR IR . MK EH 3 ZLM)E, EM
2T 2 E LR 52 %% Sigmoid BT Tanh 87, 7EM4 5 = 240 B 5 %3 f T SoftMax #E47
Ab3E, L% LB 5 TR .

‘ema  REE FERETE 5

-

Figure 5. Schematic diagram of MNIST classification task structure based on diffractive neural network
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Figure 6. Performance comparison of MNIST classification tasks with different replacement schemes
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S AR RE], EMEHERE AT, LI RE s R INRZE(MSE = 4 x 1091500
TIEROT MNIST HHRERI 7> AT . FIRTERATN T X5 E A FH A [R1 A0 H pR U HT X 26 68 775 K (1)
S, Bk T A E e Sigmoid BRI 4 Tanh BT MESVE ST IR, SRat gl R W], 7E(E AR EUE
B, 2RI 4R BEMS FE R/ N R 22 (MSE = 4 x 1073) (4550 R 52 Ut MINIST $id 5 1973 28455 .
[ B g T 5% B A A R 0 o R R OB Bt X 2 e i SR B RE A, 1B0TE T 43 il & 4 Sigmoid BRI %R Tanh
BRI TSR X IR, A B 4 Tanh BER BRI L 2 T 2 Z I HWMSE=3 % 10°%). %KT7
g s 6 frs.

6. MERREM S BN

e AR AR SR AN R S A LIS T, Blini s VB B AL . JRIAR ZEZHES . Tt
BALRZE. b e s S, R EFON TR RBUT AT RO (PR S, PTLER
BRPEIF, 0 A GIN i A R L AR MR P AN [R] PR IR S S 2 PR 1O T SRR L BE 5
Mo P P P M e ST R 7 BN PERL G S 5B AT, ST SATA R, TR R GER RF LA
GARPERLEERIMINIRE T 10 X PR 22 B AT RS MR B AU, FrA SHREHR IR ZY K, i
RARORGFENE T B AE MR (K, 38T TR R 7 F A5 R L (SNR) R PG e 75 (1532, 70l v
AR A7 168 LY DX T0] PRy 5 st B AR (R SRR o s T P () 0 A B8 A (e, o) € RPO2° . o R A
(0 )FIBRHEZ (o YRR S N K RO AT DPU RORSVESDZS TR RE,  DARR DR AEAS 5] N BCs RS e 7 Sl )
— B PR LA S MR RS BRI AR5 O B R OB A 3R SN L IR L W] LA K IR (R AR P 2% i
T SE AR L AR AL, AEL RN s B IAE A AN TSR S B . IZRRI B A R IR 0y 8 oz BRI
&, DB BOW 0%k 4 fry 6 . 10 7 12 AT 16 7 FEARFAR A BB HEAT T B AL RCR I Bt

a b
. g, o § =
= [?
0.974 3 0.970
0.1 Sigmoid 0.1 Tanh
(c) (d
1.00
0251 — Sigmoid
—— Sigmoid Tanh
095 Tanh -
0.20 -
X0.90
% @ 0.15}
o
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& '
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onsl 000} | , , . . . .
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fEMEEE (SNR) LEARFIR

Figure 7. (a) Gaussian noise heat map in Sigmoid mode; (b) Gaussian noise heat map in Tanh mode; (c) Comparison of two
calculation modes with different SNR for white noise; (d) Comparison of two calculation modes with different bit depths

[# 7. (a) Sigmoid RN TSHIRAEHREE; (b) Tanh BR TSHIREREE; (o) 2 Mt ERER T BREEREEERELRT
EE; (d) 2 Mt BERN T AREL R EXT L
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e e A AR S SR, I R AR () AR (0 ) S ARG RER B3 R, (HAE— &30
] PAY (1) e B e s ot S R B AA R S M A G /N o R GUBE ARG i e s L — 2 I 52 8 700 1 I s A
W, RGN ISPERERES (SR LU AR (b RO A B 2 5. Wl 7(0) R, TERINE M LLE R 40 dB
F| 5dB PR Mg AR, I R SR BRI N, (2R TR R BN T AT R R AL, RATEA
(EM LSS AN RE ORI R M AT 5P . LUARRAR B SRIR 45 SRR B, U LR E L 8 (i, RGUAMRIL
HEE RIS . X IR WU, 1Z RGN A W LR R B — @ & N, IF AR s LR R S
TADREIRFFASE M PERE . TR RS L R A R LREIR FE A R ] 7 B

T MNIST 73 ot Rt N4 &t STae v, AR Lt B A5 7Y S8 v 7 i v 07 gt 7
L e s SRS TR R AT A SE 06 . ER e A N B I R R R R R R, TR I L3S
Mo R EURRAZERIE AR, 2 REATH R RS RAL, BTSSR, AT 0]
ANGRIR X 28 T 537 1) T ) A 1 7 A 7 A o A AR 1 7 43 Tl B B 1% 5% 10% 1 1 75 L5 (Salt-
Pepper Ratio, SPR)ZFATINA, =i s B bR e 22 o S5 FMe o BE, MHAYE [ 43928 0.03. 0.06. 0.10.
SRS AE RN 3 BT .

Table 3. System resulting data of noise test
2 3. MR LE

e 75 Mg 75 558 55 BIriR%E SERE AR HER 1%
Jo g I 0.0041 0.9632 93.2
0=0.03 0.0040 0.9593 93.0
T T e 7 c=0.06 0.0053 0.9516 91.1
=01 0.0072 0.9478 89.6
1% 0.0046 0.9412 91.4
e 5% 0.0072 0.9352 88.7
10% 0.0129 0.8933 86.3
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FERL R P RO T S REOR R AS I PE e«

7. REERE

AR SCHEETF AT E A T AR R T DPU I R GRS AN R B TS AR 2t e 2. @ e
B, ASCHTHE IR AR Vs SRR AE AR [ JE 2R M s B RR SR T A 50, ATRARASRSFE . (RAREFER
77 305 Sigmoid 1 Tanh 12 5. BRFTRILIIBR X R 5 R ISR T AT A2 M2 EAFTHEFR K
N EELME R B 3R o R B A G i T R N s AR T SRR . 7 BRI B AR R B SR 4R, i
FAAS TR A i NSt R EE I 1 2 AR 2R T H S v R, #E Sigmoid B IIZRd 2, AR
3x 315 x5, mALNIKIIHH 8.46x 104F19.66 x 1074, HEFILFIRIRIRZ, TN T2 7 x
THI9x9 I, HIRETE 1.08x10°%, FAERBCRHES): AT Tanh B, AR~ 3x3 Al 5x5 I,
5 9.12 x 10741 1.02 x 1073, (HAEF KA 7 x 7 819 x 9 I, itz 1.19 x 103 A1 1.33 x
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