2021

Deep Reinforcement Learning & ©|-83F Adaptive Modulation selection 7]

jaeik@korea.ac.kr, tkddnjs3510@korea.ac.kr, inkyu@korea.ac.kr
A method of Adaptive Modulation selection using Deep Reinforcement Learning
Approach

Jaeik Kim, Sangwon Hwang, Inkyu Lee
Korea Univ.

ok

8 ¢

=52 Single Cell FAEA s34 g W3lo] w2 Adaptive Modulation selection 7]l sl 71<3c). A
Swro] Wl ue} fEd Wx WAS MeEslE EAo ] Deep Reinforcement Learning < 3] 55208
g3kl 71¥ 7I'H di¥] Spectral Efficiency #HolA o] 5] & BT}

A= o]714 z, & AWGN noise AlZon, 2 AdL
Ge §7A BN AzsuA AW e we et @l wddEn.
- - S-1
Hx 7IHE Gt A&ste B Ee] dE AMEEH I UE nUE BS nBS  j2a fiT,
grf. BA BAGAE U ke A5EE 271 99 H, =\ p 2 Ve (8,70, vas (87070 )e ™

. o = 0
Modulation order ¢} code rate & % o] path loss 2 ETSI ¢ UMa NLOS

i}

= Ay =i

Modulation and Coding(AMC) 7]% o] g AMRH p = AL
gtk dwrHow CQlI S Fgste] MY S FE=E 2as AREPR, § = A multi path o F, 181
@& Modulation and Coding Scheme(MCS)E look- $.,0,, = 22t UE s BS ¢ path 8 ez
up table o oJ&g Wrow MHeEsA H=d, 343 o
A Swre] W} Alxwle) H] HAFH ad g wEztelth EF, f = i WA path 9 doppler
wslol] fA3tA tiAsty] ofHe @] Ut - L=

. = o ! frequency, 7. ¥ symbol period & e, 992tz

A Deep Learning (DL)S &-&3F A5 A 7]H o] d YT .y P .D% ° *
RHEAS H|Rd oe] Ropd|d TikatA AH 1 EEZ}OH] =3 multl antlenna 9] ULA (Uniform Linear

. . =] =N Kol T E

9ltl. 1 Fd A% Reinforcement Learning(RL)E off- Array) W= et o] mdd.
line training 43 5S Y3 data-set ©] HQ3HA (j%(sinﬂﬁsSin@,ﬁs’rmsafis))
grol MCS 418l Falell glo] 443 e sdati=) v (45505 = 1 |Le ,
Zgtslo] RL S A LA e dE5o] H3r o] BS \Fit Zit \/M (j(M—l)%(sinﬂﬁssinﬁ,’f‘tsﬂos&i’ff))

gy, 18yt Colored Noise ¢ #& A3z

-
FEAMT s o5& HolAu(1], Monte Carlo JAD N ~

) - ul E\:ﬂ 1
rn & E3 A% Ao 1Ak [2] Zﬁo %3t Qg 2o we}, fading ¥ Doppler effect 7}
pZS

. _ EAetE MISO 3794 UE mobility 9 3&71A
¥ =RolA 487 Deep Q-NetworkDANE B8 Loy 4y oo 488 Modulation Order &

WAL dubAQl Q-table WA WG 53 S AT Aase A7 9o

Holi= Aow dej4 glom, RL 9| 3ol el 49 e o

gEdols Fal H ASol AHFHA Far shEol
N = . . 2.2D -Network

7hegh walolth. ©]& Modulation Order selection ©ll i ;ep I(C/)[odflz;Nti(;l;l o modowm wasty] o

&35kl Spectral Efficiency #HAolA o v Ag& e | ol A fe .

16 b Yy = = o "a=lol S

StFA171aL 71E9]  table-base WA oWl g DON_ & A&et%ith DAN & Markov Decision

o e 501:0—}@;} e e Process(MDP)& th& 23 o] #8¥r}.[4]

o o= (=EE=T IS % .

N Q(St,At)<—Q(St,At)+a(RM+}/m{f}XQ(St+1,a')—Q(St,At))
o1 A e 4ol® MDP ol dl8l State( S, )i ®l Aol
% %_qurxi_‘i‘EM 7H9] TX Antenna % 77%_‘1_—_; MISO CQI %%% [_5,40](dB)?—Z_]:Oﬂ EH?'SH 15 %—T,‘:_'——S]—O% 3—1]%6_}‘

Single  Cell 374elA  28GHz 99  center a1, A8 7H5E Action( 4, )E QPSK, 16QAM, 64QAM,

frequency & 2= multi path Al=®lS aref 3t 256QAM 9] 4 71X 2 T34 @ = learning rate,

y,=Hs +z ¥y & discount factor 24 3% 1 ¢l simulation setting ©]

715l A

1266



2021

DQN reward 2 Spectral Efficiency(SE)E t}&3} 7o)
A o] gi)

SE=(1-E)Q,
E ©AE W bit ==,
=& modulation order & HEo] AFE W y &
reward & A|F3le] DQN °] HEF oy glo] ¥

AL
15
bit & AFees SGFsH v

ol 1, 0, < modulation order

Mo r

Parameter Value
Transmit antenna 64
Receiver antenna 1
Frequency 28GHz
Transmit power 25dbm
Noise power -123.85dbm
Cell Radius 25~90m
Azimuth angle [-607,60°]
Elevation angle [60°,120°]
Path loss UMa NLOS
Shadowing standard deviation 6dB
Number of path 10
Learning rate le
Discount factor(? ) 0.99
Maximum exploration rate(ms ) 1.0
Minimum exploration rate(émn ) 0.1
Exploration decay rate(d ) 0.9999

X 1. Simulation parameters
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