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Nonlinear self-interference cancellation based on complex-valued
neural networks for co-platform

WANG Xiaobo"*', ZHANG Yunlong’, ZHANG Yidan', and ZHAO Hongzhi'
(1. National Key Laboratory of Wireless Communications, University of Electronic Science and Technology of China, Chengdu 611731, China;
2. China Telecom Artificial Intelligence Technology Co., Ltd., Beijing 100010, China)

Abstract: In the contest for electromagnetic spectrum dominance, multifunctional integrated platforms face
the challenge of co-platform self-interference (SI) caused by simultaneous signal transmission and reception, which
significantly degrades the performance of multifunctional systems. Traditional SI cancellation (SIC) methods
employ polynomial models. However, due to their large number of parameters and high complexity, these methods
are difficult to deploy widely in practical scenarios. To address this issue, a novel method based on a complex-
valued convolutional neural network with Mish activation function (M-CVCNN) is proposed. M-CVCNN can
simultaneously exploit information in both the amplitude and phase of signals, ensuring effective cancellation
performance while significantly reducing the number of model parameters. Experimental results demonstrate that
the M-CVCNN canceller successfully reduces the power of nonlinear SI signals by 7.16 dB with only 178
parameters.
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FIEE 5 UK %S (low noise amplifier, LNA) %%,
PR R A, AT 2 DU R R AR R 2
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FHERH TR T HAM L (neural network, NN)
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AR NL0T — 2821 AR T AR IR N
Fsia (n) = gl{xiq(n), xiq(n—1),--- ,xiq(n =T+ D} (7)
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S S ETIE S THERME 211G Sk %E
y(m), A PAR IR N
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Fpoly = Fpoly,mul + Fpoly,add (13)
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NP BN AL [ KB e ), R Mish

BRI B A I 45 R 0TS R Y, b R RO 10
FLOPs!"", Mish i b8 #0T AR N -

Mish (x) = xtanh(In (1 +¢7¥)) (22)

2.5 M-CVCNN FHxHEREE S

X T EB—YEERMNGE, F— R R R R
A LA

F; = 8N;(mul) + 2N, (add) + 2CL FALL (23)
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P =2C (Cl Ll +1) (24)
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3.1 HEK
A SCASFH SRR [7] FSCHR [24] H A TF R s
o B AR 1 AR AR 2 bl [ A ofie R B A 0 K
KRR, M Ty 10 MHz Al 20 MHz
B IE 22 B4 2 B (orthogonal frequency division
multiplexing, OFDM) {55, JfRH IEAZAHB H =
(quadrature phase shift keying, QPSK) 1T il .
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FETFHRIPHIR B
- AR ES 1§
0 0.1 0.3 0.5 0.7 0.9
BUMELAL 7.10 7.10 7.12 7.14 7.12 7.03
MR 7.10 7.11 7.13 7.16 7.14 7.06

ZHI A1 2 8E FARE2 S HE
7= QPSKifiilOFDM QPSKifii|OFDM
5571 5/ MHz 10 20
EEA 1024 2048
KAE#/MHz 20 80
P D)% /dBm 10 32
BB /dB 53 15
F LA /dB N/A 50
S HIH]/dB 53 65
WOk R KR LR 1M LR 1Y
EICTE PN 20 480 20 480

34 HIR&E1HESR

WFHERE |, WEARGICIZEE =131, %
PRHOMRER 2 V5 N SEB0 UM s M-CVCNN 1
BUR FAS A B BE ALY 46 16 S 50347 T 10 Ol 45,
AR AN BT AL R B 4058 3 Fiom o

%3 M-CVCNN RS ¥ EER

*ﬁﬁ! Coulst %ﬁ% Tl'ﬁgx%ﬁ{

M-CVCNN [2.8,3,3,3.3,1,2] 152 2 280+62x10
M-CVCNN#URBLEL  [6,8,8,3,8,3,1,2] 846 12 640+170x10
M-CVCNNZUMER2  [6,4,8,484,1,4] 1054 26 400+298x10
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M-CVCNN + #£ XJ 7§ #% & | Python 3.10 Jf
K> ¥ H TensorFlow Fl Keras T ELAFE AR 25 - & Al
W TR, YIZRdFERH 0.001 F5 )%, fm b
N 512, HAESEIN KN 1000, 11 Adam it

F 4 T A A 2 X 25 B S AR TS R A
BFE T AR RN SHREMTEE. K40
DLEH, fidmiRZ&ME, M-CVCNN (KD) #f
XTT M-CVCNN, £ S 308 A 52 R B2
AIEE FHEFE T 0.06 dB FELR 1% B T R A0
KD-MCNN base # # #f| L, 7F 2 # & X N KD-
MCNN base # 7 S %0 73.86% HITEH R, 345 T4
7] (AR LA E A i 1 B .
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#*4 M-CVCNN S;MBEBYR RS ZRE XL

HR AR A LL/dB SR THE SR AL/ % SR IR L%

Z IR (p=5) 6.59 312 1558 — —
KD-MCNN tiny1 6.15 139 416 —55.44 -73.30
KD-MCNN tiny2 6.33 145 436 -53.53 -72.02
MWGS (12,5) 6.54 212 1026 -32.05 -34.15
HCRDNN (5,12) 6.55 223 725 -28.53 —53.47
DN-2HLNN (2-6) 6.58 130 608 -58.33 —60.98
HCRDNN (7,11) 6.58 248 700 -20.51 -55.07
LWGS (9) 6.62 162 782 —48.08 —49.81
CV-TDNN (7) 6.64 238 1166 -23.72 -25.16
HCRNN (9) 6.64 229 745 —26.60 -52.18
DN-2HLNN (2-7) 6.64 138 638 -55.77 —58.54
DN-2HLNN (2-4-5) 6.65 166 782 —46.79 —49.81
KD-MCNN minil 6.71 157 634 —49.68 -59.31
CV-TDNN (4-4-4) 6.77 228 1106 -26.92 -29.01
RV-TDNN (10-10-10) 6.87 538 1120 +72.44 -28.11
KD-MCNN mini2 6.87 175 686 4391 -55.97
RV-TDNN (18) 6.90 550 1156 +76.28 -25.80
Polynomial (P=7) 6.94 520 2598 +66.67 +66.75
KD-MCNN small 7.04 201 790 -32.37 —49.29
RNN (20) 7.08 528 1210 +69.23 -22.34
M-CVCNN 7.10 178 2720 4295 +66.24
KD-MCNN base 7.16 241 1000 -22.76 -35.82
M-CVCNN (KD) 7.16 178 3030 -42.95 +94.48
Deep RNN (16-16-16) 7.41 1420 3106 +355.13 499.36
KD-MCNN large 7.42 354 1390 +13.46 -10.78
KD-MCNN huge 7.59 535 2110 +71.47 +35.43
KD-MCNN teacher 7.70 996 3318 +218.23 +112.97

ME 47T LIE H, 755 KD-MCNN mini2 24
EMAEN T, M-CVCNN (KD) #7587 0.30dB
2 M T P4 4 25, X AERH T M-CVCNN
TEAR T S 05 T ARk . BdE4E 1 JEk T
P15 5 £ M-CVCNN (KD) J H fth = % & i

77 ¢
76 t
75 t
74 t+
73 t
72 _Proposedx
7.1 + -
70
6.9
6.8
6.7 e P

6.6 v *
6.5
6.4
63
62

AELLNE A T Le/dB

eV AP A0 n

LR 28 N J

B S, HIpFEEEWE s i, £
N 200 KHz i, M-CVCNN (KD) %} F 5 Ffr
Z WA, ThER % BB K T 29 1 dBm/Hz;
A X F KD-MCNN mini2 #58,  Th 3R 3 B R T £
0.2 dBm/Hz.

+

Polynomial-5 + RNN(20)
CV_TDNN(7) « RNN(16-16-16)
2HLNN(2-7) 8 M-CVCNN(KD)
DN _2HLNN(2-6) ® KD-MCNN tinyl
DN 2HLNN(2-7) v KD-MCNN tiny2
CV_TDNN(4-4-4) - KD-MCNN minil
2HLNN(2-4-5)  «KD-MCNN mini2
3HLNN(2-4-5)  » KD-MCNN small

LWGS(9) ® KD-MCNN base
MWGS(12,5)  ®KD-MCNN large
HCRNN(9) © KD-MCNN huge
HCRNN(7-11)  * KD-MCNN teacher
HCRNN(5-12)

L X (2

6.1 L 1

4 5 6 7 8 9101112131415
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-110 # 6 M-CVCNN S EHERMRE RS ZExEE"
M JRsm i ELn P
120 . T Rkt S ﬁrﬁ"ﬁ i ‘ETE
I EL/dB i Lk/dB JRPE /% B/ %
N % A
T -130 30.36 11.25 144 718 -40.00 —40.07
g (p=5)
3 Z Y
i —140 ‘ 30.75 11.65 240 1198 — —
K L L : (p=T)
ﬁg L..042...014._0J6._0.18..0.20_.0.22 M-CVCNN
- —150 a 31.74 12.64 102 1200 —57.50 +0.17
R (KD) small
HCRDNN
33.74 14.63 158 405 —34.17 —66.19
(4,9)
RV-TDNN
ol 34.07 14.96 184 386 2333 —67.78
-10-9-8-7-6-5-4-3-2-1 0 /1 2345678910 (8-6)
Frequency/MHz
—— Received SI signal (—42.74 dBm) DN-2HLNN(2-6) (-87.19 dBm) HCRDNN 34.61 15.50 208 506 -13.33 -57.76
Linear digital cancellation (~80.60 dBm)—— DN-2HLNN(2-7) (-87.25 dBm) (3’7,] 1)
—— Measured noise floor (—90.79 dBm) —— KD-MCNN mini2 (-87.47 dBm)
—— Polynomial-5 (~87.19 dBm) —— M-CVCNN(KD) (—87.76 dBm) RV-TDNN 3524 16.13 242 510 10.83 5743
Bl S HORER 1 JRLM B T HONE G D3k FE K )
HCRNN
(412 35.67 16.56 236 558 —1.67 —53.42
35 SURS 2 (HRER CV-IDNN 5 78 1667 158 684 —34.17 —41.90
NTHAEE 2, BEASRICILIRE T=6, M- (4-4-4) : ' ' '

CVCNN #& B R HY A (7] 14 B8 BL 9T 46 A6 2 2o AT
T 10 I G, ki A 2R M T A R G B dn % S
B

%5 M-CVCNN HESHAELER

it Cout, Lk S TSR
M-CVCNN small [2,3,4,3,1,2] 90 800+34x10
M-CVCNN base [3,3106,3,1,2] 170 1560+50x10
M-CVCNN large [4,3,8,3,1,2] 274 2 560+66x10
M-CVCNNZUTiE A [5,3,10,3,1,2] 402 3 800+82x10

RNN (20D 36.53 17.42 514 1040 +114.16 -13.19

KD-MCNN
36.69 17.58 215 780 —10.42 —34.89

base
HCRDNN
36.77 17.66 284 645 +18.33 —46.16
(4,9,12)
M-CVCNN
37.25 18.14 182 2120 —24.17 +76.96
(KD) base
RV-TDNN
37.53 18.42 372 760  +55.00 —58.26
(12-10-6)
M-CVCNN
38.52 19.41 286 3280 +19.17 +173.79
(KD) large
RV-TDNN
39.11 20.00 964 1920 +301.67 +60.27
(12-10-6)

6 A W2 S A R B A
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7 3.18 dB; M-CVCNN large #5754, 7£5 HCRDNN
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F 7 1.75 dB. #H¥E4L 2 A TFIESEIEARTEL
PEFIHI A, H D) FAE % R Kl 6 Fis,
M-CVCNN (KD) large £ H T 90l 5, 7EMR
N5 MHz &b, AHXFT 7 B 2 IR, 1) etk
fE %MK 7 8 dBm/Hz; AH X} T KD-MCNN base 4
A, PFFK T 29 2 dBm/Hz.

*ZKHCRNN. HCRDNN. RNNAFIRC-TDNNA, #iKFReLUfE
RS R A

-110

-120

L
W
S

2. 3., 4. .5..86_.7..8._9__10

)AL 2 /dBm-Hz !
|
=
3

-40 -30 20 -10 0 10 20 30 40
Frequency/MHZ
— Received SI signal (~43.27 dBm) RV-TDNN(8-6) (~77.46 dBm)
Linear digital cancellation (-60.38 dBm) — HCRNN(4, 12) (~79.03 dBm)
—— KD-MCNN base (~79.97 dBm)
— M-CVCNN(KD) large (-81.73 dBm)

— Measured noise floor (—85.34 dBm)
—— Polynomial-7 (~74.49 dBm)

B6 Bl 2 AERNE T IS T2 i 3 B ]
3.6 M-CVCNN SSIE Z:E ik

HF M-CVCNN R H — S HEHR ML, K
INIAL A, SEPl R o] DL S 22 A7 R



6 ]

EABG S BT EHRAEME RIS IELE B T 959

LA RO R R, MWBER I HR A .
K7 FTos 50 X, BRI/ ZE T35 S
Y,, P EAF Y, AR R S5 R, ]
g BT, BRESTE, BRGHEE: Bl

Y,

666@QO©§§
00000868

—HEFHERNEFEG], BRI KN=33,5

7 — 45 B R 4 o ) 4 S A 2

X FEdE S 1 AT M-CVCNN # 8, @i
FIN 26 NERERIE, fifE 13 NEHEER, KR
oK E 28 1 F P 3B 4 10 R 4% B 3030
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960 FLOPs; #iX} KD-MCNN base #&7%4, 7£3%75
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¥ 5 2 BT M9 2 19 M-CVCNN small. M-CVCNN
base 1 M-CVCNN large iX 3 /MR, )8 5 5]
A 16, 24 F1 32 MEfE I, BRI A M-CVCNN
R SR A A 500, 930 A1 1480, AR 5IA
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