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ABSTRACT

In this paper, we investigate the deep neural
network (DNN) based resource allocation scheme for
cellular network with wunderlaid device-to-device
(D2D) communication which can be executed in a
fully distributed manner. Through simulation, we
confirm that the considered scheme can achieve near
optimal performance and the fair usage of radio

resource among users is also validated.
I.M B

dti#e] 7]4ke] Tzt EkiRadl

(device-to-device, D2D)llA= <48 wi7lg] 24
A0S +Asp o A Asd 52 P
A7 4 SIe. D2D Al S ASE 2071 4]
4= b #H(transmit pair, TP)ZES] 741 128}
of FAALS Wah Ao] Bl HAHAe
]9 FAz1E Y FAl+= non-convex TAE FE
A B olF shdsr] 913 Tl WekEe] A
o}goqr/pl]
= TUEARelNe AT )
23l A1=A17d 7K deep neural network, DNN)el| 7|5k
& 3 Aiabiio] ARSI, 1 walolil
universal approximation theorem=- 7|Hko. 2 %2 2]
A ELS DNNG o]-45t0] mApgoza] e
AR HAe) 2T APPIEE TR
e 2]elrs Almskrs o]45te] WMMSE
71e] A FG-S DNNCE 2ARIST, (3519 o
Tl HIAESE ol 83 RIS Al
ke AR, AT lEe] AFelNE T2
Fo 154 (centralized) APl ] 1]
913 D2D E4lo] o]Fo]R]= AL E e thak e
7} o] olFelxl) kel
E el [51elA] A= A S 7Hke
2 @ 2o 45 AT} D] 7 Arse] Ao
A Aoz 7 Ade] AEAES A
DNN 7]3F 54k Aledaier 7]-s
Al EHo]dE Bl aelgh Adsete] Ao &
A Aes BS Feld 5 sl oEe] 7E
A7 514991 249 9
FAHARIE AT - AE wT Seskch

1,

o

O 12 2 ellA] aEElial gl AlawlRd
% DNNTES HofFrh 94l 3 =pelld aefdt
Al2=Hlef X = MHE] D2D TP7F K7He] S o] &
slo] Hlo]E S HEshs D2D AlAES sl
Z+ A doll= AE2] AR} (cellular user equipment,
CUE)7} D2D TPE3} RIS &-frdte] fi-=a=
7] A]=H(base station, BS)°l|7] dlo|e]E A% 7}
A3lgdel. D2D TP ;9] $-A17|(transmitter, Tx)<}
D2D TP 7] A17|(receiver, Rx)AF0]2] Ad kel 4]

¥ o] Aik= 20219 % AR |EA REAN Q] Ao FhadEaite] 2|18 whol 8] @179 (No. NRF-2021R1F1A1046932).
+° First and Corresponding Author : (ORCID:0000-0002-9431-7804)Gyeongsang National University, Department of Information and
Communication Engineering, Institute of Marine Industry, wslee@gnu.ac.kr, ¥-25, A3]¢]
& 0 202108-213-A-LU, Received August 23, 2021; Revised September 16, 2021; Accepted September 16, 2021

2159

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences "21-12 Vol.46 No.12

..................................

El =
EEE
Local CSI

DNNs are trained jointly but can
be executed in distributed manner
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Fig. 1. Considered system model and DNN structure.
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Fig. 2. Spectral efficiency vs. size of area.
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Fig. 3. QoS violation probability vs. size of area.
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Fig. 4. Transmit power of D2D TPs according to the
channel condition.
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