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Fig. 1 Schematic of the single hidden layer NN equalizers

12 MEREEIELEEE

TEAff it RNNE B PERERT ,Br T BERIE A — M EHEN S eI BRILE R E . B§ A% R Z
FNNE 5L E 2 B . ook thnik & 2245 2, it DL 34 — 455 07 5 2 10 AT 09 Tl 1k OB ok 3=
FNNE MR ZE " . R TIRE — D555 8 (A8 0 SR FE P 5 VE i AR 200, SR 5 38 1 n 4> BRI 2
M ITTHTHE 38—t o ZEE 1 ENNE 1, &A™ B2 M 2 oo 8 ol LA O — A5 e oo, st
AT LARIR N

w—f(i:wfxz-—l—é) (1)

S,y o 25 BB P 220 B Y o, X o AU b R M . w A O Bl IR A . £ ()
T PR, SR ST AAE M . ReLL U ) 45 44 157 B, [] o b BB AR A 3 % D IM/DD 3 4 th (i A 4R 1 L 1 Ry i
i PR, HeR s 0N

1206001-2



XTS5 T T R B DG B T ) B0 TR B 8 IR 2% 4% Al i

ReLLU(x)=max(0,x) (2)

BT Rel.U( 2 ) bR 50 7 22 50757 2 00 7, LA 2% 3 mT L 22086 A 3o ARIE X (1) o] RATT 580 1 — A4 Bt J2 ol

oo I BRI A T A M AT A E Lt 2o TR R RS T E— B A H n.
FNNE B — A5 5 75 2 00 75 B N 55 T B0 28 70 36 1k 19 IR BURVRT, 7T 3R

Npw =+ 1)n (3)

AL, B RERTE RNNE (953 125 52 2% B2 o A 1 S 4 — DA 5 5 22 10 T 12 OB N s, 811 1 RNNE

5 FNNE A [a] 9 2 - By A #0282 0B T AB 4B 0 RAFE T3 81 &, L 46 I DL St 75 5 o, Herh — A RO 2 W 4800 i

THE A LLRIR

l k
w=f Zw,»x,»+zuvjdj+b) (4)
i=1 j=1

HR4E 3 (4) , RNNE B4 B2 i 46 50 b 3fe ik B3 T AP & on BB (k) R ABCE S (k)
7 FNNE #H4 . RNNE B — 4455 75 22 1Y e 1 S N [T ABCH R (14 £) 1 FNNE AH4E , 7] 7R 8
New=(/{+ %+ 1)n (5)
Z P = RNNE Z5#8 qn 141 2, 55 ¢ )2 B )2 i i 22008 B S n,(i=1,2, ...,m) , Hoh 2 — 2 B2 i 22T
TR (D FR L R G=2, .,m) B2 P & o0k T %R

yf—f(zwjy?”l erf) (6)
=1

A,y R 12 RO Z 5 A2 T Y w,, 6,08 R A R R . ARE 3 (4) A=K (6) BT LU
2 BRURUZ RNNE 8.5 &2 28 B — B, nl s

m—1
Nisw=({+k)n,+ > (0, X n,1) + n, (7)
i=1
Input layer  x, X, ess X d am... &
(=
Hidden layer /7
h] hZ LN ] hn
m : : s Z XXy 7
layers . . 4
hl hz LN ] hnm
Output layer % -

B2 % # 2 RNNE# 44
Fig. 2 Schematic of the multiple hidden layers RNNE

FRIR ML Y5 2R LT B B AR By = n, = ... =n,, = n, (D) AT LR
New=(/+k+1)n+(m—1)n* (8)

1.3 RNNE B %1% 46 F1)ll 2

X TN [F) 45 #4 i RNNE 76 2 8 {5 5 2 00 75 2238 1 I 25K 1 Ak 34 5 28 10 S 40, X S8 S 506 45 BT A i AL
M 22 o X F—A> m 2 B2 2 RNNE — AL 55 m+1 A AR &, 20 0 067 F 5 A2 FROEL 2 | RO )2 AR
)2, Ba 2 R 1 2 22 6] o FE I 2R Z R, R B0 ik S S AT BE LR b Ak, 4R 5 3 2o S ) A% 46 R Adam
s AT /ANIE R B EE N R 25 . ISR S BN E 22 ) R E N 107, F KRB R E K 100, /NIL 46
JET BRI 16 BB IR A5 46 )5 3T 58 07 1R 22 Ly, HRIBHN

= 2
LMS}::?Z<.}U_3’1> (9)

i

1206001-3



T o AR

s Ry N BB BT B AR RN, 3, S — RS AR AN BRS84S
15 B Ly I #EAT B I A5 8, 15 508 AR A0 B DA S /MY O iR 22 0 FE R R A58 0 8 RNNE 4351 3
Hr I 2k A AN AR A EE L 19 B S A S, JF TS BER . B R AR IS N, ZECR WAL, Ly
B2 A0S AR A BER W ok B/ o I T BER R # T BEAS, 2845 1 07357, ik st T BER &
PIE B 8 24 45 e 2 0

FIEA B2 RNNE (I Z5AH L, 22 BROt 2 250 15 25 19 152 22 oR 5 W 802 A8 22 3 2 Je vk o8, ffi 45 2831 100
BB H B A B9 RNNE A REZE N4 A3 2 BEAR ) BER . 38 32 4% 58 vk nl A 158 22 o B SIOK ff P 3xX A4~ 7]
R ABLYI G B A 2 AR R 15 00, i DA I 2 Bt A A S 2% 20 T AS 2 Bl i 3 kAR . TEIE RS ) B T I
T, AT DL S kAR ORI 2R A5 A B T DR AIE R R 4 8 NN YITZRE (] o [a] — > NN 25 48 76 AN [ 47 &
THEB I NA MM C SR A SO I HE 2 F — 37 5 T AR NN S5 48, 76 1 25 2 )23 Ba )2
RNNE i, $5 2 22 1 ZR 4 14 5 B3 80= RNNE A9 58 — 20 59 A A i B Chay AR FER — )2 BROB0UZ 2 ) K AH 25 2
J2 B2 RNNE %I A7 & (9 24, 3% AF 2 )2 B2 RNNE 7] LR LIRS RNNE /9 280 - gk sk i fk, ¥
e 22 ) LA PR b W S5, AT R A48 il 1T 2 e i S 1) 2R AR U, i N 2 T 5 LA IR TR o 2SR, X6 o )22 B
JZ RNNE 125 , a7 L ELHE 8000 17 m—1 )2 B2 RNNE 8981 22— 1 2H B9 A i
1.4 tIMDD T E T AER

T 22 RO )2 RNNE B9 BER & 2% B2 4 68, 8 i VPItransmissionMaker 13.1 44 # (9 5 5 F- 5 W %]
3o ERIKSSON T A S5t HE AL 2 > 9 24 i o (9 M e T BE B Al 17, B 76 08 ) £ L — 2B 1) LL 4
J¥ %1 (Pseudo—random Bit Sequence, PRBS) JIl i A AU AL T, NN AJ L5 PRBS £l i 455 5K, DA 25 45 51
FRPERE o P, 7 & B HLAL 200 000 PAM -4 £F5 tH MATLAB B #LAE 5, H b 50 000 HF 125, A
T . PAM-4{5 5 Zoad 445 FoRBEFITR B R B0 0.1 14 2% 28 W K5 08 I 38 0E J5 3l 1o B0 &% 4 2% ( Digital to
Analog Converter, DAC)ZZ WA 48145 5, B8 fL W Y 18 i) #5 ( Electro-absorption Modulator, EAM ) 1 il £
1 550 nm A W BOG E o 864 16 1E 5 2 bR e B BDE 4T (Standard Single-mode Fiber, SSMF ) 1% fii
20 km 2 3k $2 Ucms o AE B0, vT AR % 3 Il A (Variable Optical Attenuator, VOA) ¥ 3 0% T % (Received
Optical Power, ROP) 83 21| & 1& A9 /K, Y615 5 9k 0w 3 BF A7 0.65 A/ W B9 56 B I 2% (Photo-detector,
PD) W72 R 5 5, SR 5 8 33 SR AE R N 224 GSa/s . 43 ¥R R 8 f A B B 5% 4t 2% (Analog to Digital
Converter, ADC)ZE B F 155 , i Ja iF A B 07 {7 5 4b B (Digital Signal Processing, DSP)BIH . %4
B A FE DU FC U U FRAE CRNNE #85 fl BERIH5 . 5 KR RS 83k 1.

20 km SSMF
PAM-4 — DAC |— Driver |— EAM M i— ADC Resampling
VoA  “pp -

Laser

(———
BER counting

B 3 AT 112 Gbps PAM-4 5t 4 % 8y % & # & RNNE 8y 35 iE % &
Fig. 3 Verification setup of the multiple hidden layers RNNE for a 112-Gbps optical PAM~-4 link

®1 PAM4XEBRNTESH
Table 1 Parameters of optical PAM-4 link

Parameter Value
Modulation PAM-4
Signal bit rate 112 Gbps

Wavelength 1550 nm
Fiber length 20 km
Dispersion coefficient 16 ps/(nmekm)
Fiber attenuation 0.16 dB/km
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Table 2 Ny\ of multiple hidden layers RNNE at different thresholds

BER threshold Ny of Nyt Newof
one hidden layer two hidden layers three hidden layers
10 * 204 187 189
3.8X10 * 283 239 247
107 429 329 349

R3 REERMETHEMEFNZ RS RNNE 8 BER #£8¢
Table 3 BER of multiple hidden layers RNNE with the same hidden neurons number

BER of BER of BER of
Number of neurons per layer . ) )
one hidden layer two hidden layers three hidden layers
6 1.22x107* 4.85X107° 2.80x107"
7 6.90x10~" 1.80x10°* 1.30x10°*
8 5.00<10* 1.10X10°° 7.11<10°*
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Fig. 6 Comparison of multiplication numbers of multiple hidden layers RNNE with the same hidden neurons number
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Fig. 7 BER vs. received optical power for single and two hidden layers RNNEs
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Hidden-layers Extended Recurrent Neural Network Equalizer for Short
Reach Optical Interconnects

LIU Caoyang', SUN Lin', XIAO Jiawang', MAO Bangning’, LIU Ning'
(1 Jiangsu New Optical Fiber Technology and Communication Network Engineering Research Center, School of
Electronic and Information Engineering, Soochow University, Suzhou Jiangsu 215006, China)
(2 College of Optical and Electronic Technology, China Jiliang University, Hangzhou 310018, China)

Abstract: There has been a lot of interest in the installation of high—-speed short-reach optical interconnect
systems recently because of the growth of 5G and the Internet of Things (IoT) , which have caused the
data traffic between and within data centres to expand quickly. In data centres, optical transmission systems
frequently use optical Intensity Modulation and Direct Detection (IM/DD) to save cost and power
consumption. However, loss of optical phase from square law detection and fiber dispersion cause a
nonlinear distortion in the optical IM/DD system. Moreover, the nonlinear responses of modulator and
driver/amplifier also cause serious nonlinear distortions at the same time, which seriously reduce the optical
IM/DD system's transmission range and capacity. Various equalization algorithms have been proposed to
eliminate them. A classical equalization scheme is the combination of feedforward and decision feedback
equalizer, but the nonlinear distortions can not be effectively equalized. Volterra Nonlinear Equalizer
(VNE) can correct for nonlinear distortions, nevertheless, higher-order VNE items in strongly nonlinear
settings result in a significant increase in complexity. On the other hand, nonlinear equalizers based on
neural networks were also widely investigated in optical communication recently, which includes
feedforward neural network, radial basis function neural networks, convolutional neural network and
recurrent neural network. In contrast to the feedforward equalizer and VNE, feedforward neural network
equalizer exhibits stronger equalization performances, but also brings a higher complexity in order to
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compensate for strong nonlinear impairments in optical IM/DD system. Moreover, equalizers based on
auto—regressive recurrent neural network have higher complexity, however, better performance thanks to
the involvement of additional feedback neurons. These equalisers, however, only employ one or two
hidden-layers. In optical IM/DD systems, the influence of the number of hidden-layers as well as the
number of neurons in every hidden layer on the performance of the equalizer remains unknown. Also, the
optimal structure of neural network equalizer is worth exploring. Thus, we constructed a 112-Gbps 20-km
four-level pulse-amplitude modulation optical IM/DD transmission simulation platform to investigate the
influence of the number of hidden-layers and the number of neurons in every hidden layer on Recurrent
Neural Network Equalizer (RNNE) performance. Also, to seek the most efficient equalization scheme
with better complexity and Bit Error Rate (BER) performance. The effects of the number of hidden layers
and the number of hidden neurons on the performance of RNNE are studied quantitatively to determine the
ideal structure for RNNE. Initially, the performance of the RNNE with different numbers of neuron in the
second hidden layer has been compared when the number of neurons in the first hidden layer is fixed. The
results show that when RNNE has a comparable number of neurons in each hidden layer, the BER and
complexity performance is optimized. Then, as for the RNNE with multiple hidden layers, we
quantitatively examined the influence of the number of hidden—layer on the BER and complexity of RNNE.
According to the results, the two—hidden—layer RNNE outperform RNNE with three-hidden-layer. The
complexity of two-hidden-layer RNNE is 23.3% less complex than a single-hidden-layer RNNE. With
similar algorithm complexities, the power budget of the two—hidden—layer RNNE is approximately 1 dB
higher as compared to the single-hidden-layer RNNE at 7% -OH FEC threshold. This optimization
strategy provides a reference for the selection of the number of hidden-layer number as well as the number
of hidden neuron while using RNNE to compensate for nonlinear distortions in the optical IM/DD system.
Key words: Optical fiber communication; Recurrent neural network; Nonlinear equalization; Intensity
modulation/direct detection; Dispersion compensation
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