2021

love_minmin926 @hufs.ac.kr, *tantheta@hufs.ac.kr

Decoding technology using machine learning
in the MISO-NOMA broadcast system

Min Jeong Kang, Jung Hoon Leex*
Department of Electronics Engineering Hankuk University of Foreign studies

2 °

o

5G T MIMO ¢ 22 A F4 F2l Al 2="lelA =
1 5 <% (nonorthogonal multiple access, NOMA)7| &

EAE ;L Aol TR FAZ oAFRY. B =FoA = multiple-input single—output (MISO) NOMA
broadcast AlZ=®ldA 7zt §AE 7t AlE AP S o83l HHo HE FAE Tt HAgd #HEd
< %%a 535 7]|es Ak,

kel
T

kel
<

Fog EER FEWE J1E F ol ug
8% ¢4 et Yisol webd, AHel BE

1.4 & © A= ud

W Aal# g (machine learning)2 <A3FAF 7€ HA M antennas h
7% F sheln], Fz AWEARLS ¥ vpge 1
HO]EOHH Alzdle]l BREE UEa d5S I
A3 7|E 2 AFRE 3L Ul 5G, multiple—input multiple- J/ '._D User,
outputMMIMO)$} 2 AAMY FA B2 A|xd M=
71712 o JEC] STt mE =2 AlAY BREE
HalHds &835te] W= A7 o] FofA A Atk

v|A . 45 A% (nonorthogonal multiple access, Tx
NOMA) 7|&2 FalddlA Fa4 a&S FIA 717
3 BE FAES $AE7 F3H A Y (superposition
coding, SO)¥ FHEZ FAMNEE FAdst FAHAES
FRMNZAA AAY AT E D7 HE SAAZAA
A ET Ald o]Feo] v fAEY AEE WA K
ot AASE HHEE FI A4l AsE I ¥
=214 743 A A(successive interference cancellation, -

@] Usery
hy

2y 1 Al=E B

a9 1 2 B =wddA 2Este Al2E Rdot), &
Ho] fA47F S5 FAGS M (=K)7M e SHHYE
=k S MISO Al=®WE AestR=R, SAITAE
maximum ratio transmission (MRT)E A}&3}o]

=2 A Q =l 2~ o >~ =0 = - _
SIOE JIEAE TIEITNOMAL TAT AR LT fael s045E Agdn Aga. oA 471
T T B - JIE

THE YT Z2A] W= A = e 7
S}QO]X]D]’ E‘i ‘/r:}“ioﬂ ujra‘l, /14]}_—_ _1:];(]_7]_ EA=N=4 TR = AlR=X yk =] _} hETEE_ (1)
ZINOMA Alz="Ho| A HAH< BT £A5 g AL L Vi = hx e i
Tza A= O]qﬁﬂﬂ]ri | s h, € "= kA 49 AEs guisiH, 2t FAHES
o o : AL 15 (Ihyl? 2 2 |l BEATHT TR,

B oeRe 44 S8 599 S deHdE 2
. = T4 S - N
shife]l FAlwka 7+7h E}U:Q]EO]-E{]UFE 7} 1 oq,oj(/\ n ~CN(0,1)E kHA FA7F Zb= o] 0 o] #A4ko]
o) ;-q;]Ltﬂ ol g ;Vaako] 21]‘%}&] & A So] ;Z]T;}—‘; 1 91 additive white complex Gaussian noise ©]t}. 3t
N o on o x ECM = FANETE gu|ata x= YK wx, =

multiple-input single-output(MISO) NOMA broadcast ARG, £N005 x2 TAGE w, € CXT8h = 77}

AzRAN 7 fAE e Ad AEHE ol gl

A7 B wAE Tohz wAd vAege gga <N A s Ybeamlorming | ME S 2
%5 142 AdE. AE oA mae Aye g R ME W w= b/l e
MERoz T HAe Bz xe Zﬂ S /\Ja‘é TE }2;&17 |wk||0—1 : #_fﬂ‘:}. kHMIH &7 9
Uﬂ]_g_ ] o]_oq _—]_L?‘;l_ E{ﬁ. Tf:/q H _% 9}]\_15_ Eﬂo]]ﬂ ﬁ'&‘o R E]"c_fjﬂr 7EO] ﬁ?ﬂ%‘“/}[?]m]
Z dole Ases mas Ei Aza. R = log, <1+ Ll ) @
Liere Iy wil?p; +1
P kWA §A AEe ofula, §A50] Az
I. ge S& & gle Ao delr Al y A ul, A4 A
HEo|qit B wmRod mels Ax8 wde g PO kWA FAVE A& 5 gl Ad A8 de
Al Aokas maed wE Gtz 9 As dza  e°l AdEd
W es e, pes @ -0 Inwlp+1)/Adlpo. @

0108



2021

EF, prtotpe=PE VHIL B o=
Ko FA7F £AE W, FAE kel
olg3te] Ao F dlelH AEFe %
wAE RonR Jbed T BE
doh b, s WA HE5 e A
dlolE AEge u} 7 o] EAHT

I[h 0| 1PPis.0)
Risq) = 1°gz T
| (sq)h(sl.)l
l$q

+1
The, )”2 D(si)

A @l mE™, s HA 55 FAolA g HA {4
dole] dFae ?3}71 AaM = A2 HE F A
kel A oS53 7+ FAES AHd Olcol st
wheba, sk Al *oi”" Hetll= & Adels

G ¥ (K*+k)y/2 77k 9 =R 7‘ FAELS

Aol dHolg HEF y 01‘5}i HAd dloly AFFS
e+ Yome s WA BE eAlA ¢ WA WA
A7 A @Y we 5 b Ade 08w ol
A2k et
h
v _ | (.0 (Sl)|
(2 1) 2#11 [Th, )”2 P +1
Ps.q) < 2 . (5)
||h(s.q)|| P(s.q)
s Al 535 FAdA 73 5 e A5 F ol
AEFn fAE9 98 B2 27 RyH Py @ W,
fAZe A W Py <P Jb Ah @A, @
el et e Hd T dlolH dASHE e
A7e) By AL ded 2o

imize R qy.
maximize R (6)

@ Alrahe My we

2 =ToA Actsie wWAlyY Rde A5 AAW
(deep neural network, DNN) F-Zo]u K™He| H#7}
EA4g W signal to noise(SNR)¥ 3= Ad

FAAE el F Adols ¢ o W F 535 FA
SdA HAH HIE FAE Fshe HAge SL&ETh
webd, Ee=g s 247 g+1709 SR
TAHEY, LAY 249SH NIl 2Hw=EE Zte

DNN #x2 #aleyd 2dlo|2 2 gradient 9 %ko] 0 9]
He #@4ES BXE7] fste] Sdxese S4FgTEE
rectified linear unit(ReLU) 345 AF&stt). mgH
softmax & FH w9 ST E A&t 57H«]
5E &4 F MF w2 &9 dolHE #E 53
TAE HAY HE #AR Al &4 ?:L‘F (loss
function) & wx AEZF F5E AMEIIGL %7
StEES 0.001 = AA3 adaptive momentum(adam)
H s dugE&S A&t &4 gho] 9AT AL
gh5s 7IHEESIY BARE WA e FEEE

o= ==

WA % 59 §A7 EAStD 7 fA5ol
Aoz de & At Aol wolE AEF yol 1 =
24 A E‘MH Agkshe waled mue Ave
wEAoR o A By eAsh vy mae
oJg3te] TH AHe BH #AERH A F doly
AsFe dastel PFAYth 1Y 2 & wRHom

0109

TR HAHe HZ eMERRE de Fodoly deE
oz WAYY BAS o g3e] T HAAY B #A
2 de T vy HAEFS Garsie Aot
1 T T
0.995
0.99
S 0.9854
14
£
@ 098
°
o]
N 0975
©
£
S 0.97
=z
0.965 - —A— 1000 samples
—&— 10000 samples
0.96 — — — 100000 samples | |
optimal
0.955 ! 3 ! :
0 5 10 15 20 25
Transmit SNR(dB)
a4 2. Aarst 3 F dolE ASH
m A

B == NOMA MISO broadcast A]2:ElejlA
FAEC] HUZE & F AT FH dHeoly AFTo]
A= S o, FAE 7H AY FIAHS 1H 5
o dolH AFHS e HA9 I SAE S

: =

o] BAEE %E7] A AN BEE 25
&S A, HAEAow MEgon T3k HA9

dolH A&ee wael

=
RS 2t A Gelsd.

ACKNOWLEDGMENT

This work was supported by the National Research
Foundation of Korea(NRF) grant funded by the Korea
government(MSIT) (No. NRF-2021R1H1A1010858)

a1 EE

[1] M. K. Hasan, M. Shahjalal, M. M. Alam, M. F. Ahmed, Y.
M. Jang, “The Role of Deep Learning in NOMA for 5G and
Beyond Communications,” In Proceedings of the
Conference on Artificial Intelligence in Information and
Communications (ICAIIC), Fukuoka, Japan, pp. 19-21, Feb.
2020
H. Al-Obiedollah, K. Cumanan, J. Thiyagalingam, A. G.
Burr, Z. Ding, and O. A. Dobre, “Energy efficiency
fairness beamforming design for MISO NOMA systems,”
in Proc. IEEE Wireless Communication Networking
Conference(WCNC), Jul. 2019, pp. 1-7
[3] M. Zeng, A. Yadav, O. A. Dobre, G. I. Tsiropoulos, and H.
V. Poor,“On the sum rate of MIMO-NOMA and MIMO-
OMA systems,” IEEE Wireless Communication Letter, vol.
6, no. 4, pp. 534-537, Aug. 2017

—
Do
[}





