= 23-48-12-03 The Journal of Korean Institute of Communications and Information Sciences ’23-12 Vol.48 No.12

https://doi.org/10.7840/kics.2023.48.12.1568

A Study on Reinforcement Learning Algorithm for
Multi-Spectrum Channel Access

Jun-byung Chae’, Jong-in Park’, Kae-won Choi

A FAeA v 2dEY] Ad ASS flE ek sk daeElss A

[o3

I E  Z3tehE, 802.11ax, CHE AHER™ xd ®Z, DDPG

Key Words : Reinforcement Learning, 802.11ax, Multi-Spectrum Channel Access, DDPG

ABSTRACT

This paper compares and analyzes performance by applying various reinforcement learning algorithms for
multi-spectrum channel access in an 802.11lax-based wireless communication environment. In this paper, we
present a channel access technology that uses reinforcement learning to prevent collisions and optimally utilizes
channel resources. The application of this technology will help improve communication speed and develop future

frequency utilization technology.

rh

AL glem, o]z <3

SAZE A AL sk

. M Al 2 T A Ak

Al 71e e SR ek 9low, §4l 7]
719 Eie S oRbsiAA et So18kaL sk
oleldt ZF2 Al Al FAel| i eARRE |
< ofFaL otk

of2fgh A} Sellx] 3 Al A AlS BEA
o Hulehs 2L $87 A F shtelr) vkt
SA771ek ARgAlER <lel Al A J43] &4t

7|28] A7 FollA= IEEE 802.11 %52 7Hle
3 A A HA s WA S g skl 71ake
=YY=} AlRIE ) o] A= 6G FAl FAlel
0] iR A e SHAoll A o] A1 s
S8l A 3AelA FA1E dloleE 7o R AR
AR A T FES e

B e Rofx= o]2|gt BA1S SB35} 802.11ax

;|

¥ E ATE 20219 E AMER AR Ao s AwEAEH 1] XS whol SaE AT (2019-0-00964, 2~

EY

FAs]d
* LG Electronics, pj5807@naver.com, 3]<]

H ARS8 Ve T 23 S e D
First Author : Sungkyunkwan University, Department of Electrical and Computer Engineering, chaejb88 @skku.edu, SH33]<d
Corresponding Author : Sungkyunkwan University, Department of Electrical and Computer Engineering, kaewonchoi @skku.edu,

T3 1 202307-021-C-RE, Received July 31, 2023; Revised September 14, 2023; Accepted September 15, 2023

1568


mailto:hong@paper.korean.ac.kr
mailto:hong@paper.korean.ac.kr
mailto:pj5807@naver.com

=t/ 24 e A AL Y Aslsks daelE AT

ol A clekal sleley dare]Es 283l 34
A A 2RdE o] AMALEA] xR
Fallsls S dsieie) 802112 A 24 o
vES =S 7] 913 25 Ao, 74 B4l
el Pzl Z8H 9l dlole] A4S $lsl
A LS Felshs WP dlele] AE-S 913 EElA
3l slejso)~s Aejsla gl

AL F le] AV o2 A= o, A8k
743¥sks &we]Z&S DQN, Actor-Critic, PPO, DDPG

olck. 7k Age Fhahs o ~dAE A, v

i

T

¢

Fal o] dmelo] 4 Abd ALE ol B
s, Aoz Palsh=AE Brhsioleh

g

2.1 802.11ax (Wi-Fi 6E)

FA 71718 8 St A A ARl Fe
gk 8= A3, oldll el FAluld ) A3
oA A2l A vEH A 7= Al=Aiske) IEEE
of|A] 7kel 802.11 A EF A o529 %13} 7
Z 802.11axE Al A B A= SAsIsich
o] AL 7122] 24GHz¢} 5GHz Fol5~ oS- *3t
slo] o] FAFE] 534S AI5hH= 541l 6GHz
qelx] o B2 AdE Frleck o) F Fd EA=
AT - o | whE FAlS 7FssAl gtk

IEEE 802.11ax+= ©|%1 ®%1°] IEEE 802.11 %
Nt vlasie] ards w3 Akske] v ES A A
I AR} Aol 2AE ) o) F fl8l o AN
2L W AAHZA/MU-MAC), 37+ AAHH(SR), At
o=z AZHTWT) 5o wAdZA AlS 7S
Z9lEle] vESYZ A £8o) 1S Flsick

R g FollxE o]z gt 802.11ax2] A3} 84S

A& FAS 938 3702] BSS(Basic Service Set)=
A wix|ste] Al FAJssict ol& BSS+ 4
ZF ne] o 29 ER AdS 3F3k, 2t BSS=

shte] APS} 87H9] Station o2 3=l 9tk 7+ BSS
= A A AdAsta Axe] v A Aol wAls
3 418 zlegct 18 19] BSS 1 o] st
BSSl| 73l wallehe ©d oA EE A%
T otk

ZF AP= 1% 200 FA1E ZA, 2412l BSS el
<43t 9191¢] Stationel] A3 AZ1E fEA 02 el
AAgh}, 7}3lelee 35 llo]3 E+= Simulator
Interface S 53} BSS U] AP7} - Ad 317, dlo]]
FFoll gk A WE observation ®.2 WH=t}

o & nlElo R ofo|FE= A B4l 330 7
ZERE A A Ale] WS sk sk - SRy
ALgs17] 23Rk A, Station, HF LS A8l
actions ghcl 7kslelsy mdllo] oIA=]A] ok vpA]
27l°] BSS+ Time Division Multiplexing Access
(TDMA) HAE o83t A7k AAlgle] dvlolel&
AE3IEE slodek sl md2 o]z|3k BSSE 7t
o] FHAHo A Ff Al F53eE Ak

H Aol AREE AlEHolE= 17 3¢ vieht
= ufe} 72o| o[l E HhAlel| ule} 7S WS I|=
Discrete Event Simulation (DES) e 2 &=l
FA| A28l 3] Aksl A7tel|A] T2, A~
dl Ulo] =E AP9} Station< FHHoZ AFggh) =
g, ofle]A 2] v actionwhl AT Al7tel] wheh A1E
ol A7te] Fexlch

Al EH|E 9] BE 2R oHIE Wi R e]w
o, 7} o[ E Au|E 93t ZTaAw SR o A8
Hrh 2E ol Ee| o) A BE dole= 2=

BSS 2 q BSS 1) BSS 3D
StatiDon\é/D é _’ B é Loy
T S RL Y \AP
Ap Agent 0

22 1. 7§l B4 2 BSS &
Fig. 1. Wireless communication environment and BSS
structure

Station
i \ D Observation
Y VA e d Simulator
D. — PR |nterface

Queue AP E‘D Action

a8 2. 337 oo ES Ay A
Fig. 2. Interaction between environment and agent

1569



The Journal of Korean Institute of Communications and Information Sciences "23-12 Vol.48 No.12

Environment
interface

-

wifi Simulator
«—— | environment config

Simulator

Channel model

Network r Network = Network ~
Operator Operatoy [ mobiiy J00e | SE0RC

[ 1

Node

Controller Controller Controller

siallun)
Data Data Data
queue queue queue ‘9"'*
«i Packet ) Radio { Packﬂ}»

a8 3. A B4 A
Fig. 3. Wireless communication system

715 eol, 0% uheko g A Eelo] o] A8 4 A

sala 1T 5 ES sk

2 iela] T ofelat Aol B Eal,

A AR Ao £EH 22 BIY 5 b el
o] el Ee WiFi Bl Hs

W e 2 AT 1ol Aelct

J?i

HE

2.3.1 LEs
B Tl ojo|HES Faal 7)alels upAle

L

-8319ick Asstgella] A= dlolEl Al o3
o] A7k =Afel] et AR lRde] AEER ARk
oo E= ozl 33 e atga] 5 oA
A1 o2 Al Alel(state), action, reward, TFS- AFel]
3ht2] Sample & -1‘01 Replay bufferel] #1738 3
7} dAA o5 g3tk

E Ael= %‘Q Oﬂolde} APe} 3 AR85h
Al Sk S o FolAA| et 2] wAlellA] ofle]d
Ei= ZAAH actions APE A5, ool gt &+
© 2 AP+ 3% action &t} actiono] 28X 3 AP
7} & Qg Alele] A5 A1l 2 (observation)2-
ofo]H Ee A nizkgict

observation= HJEF O 2 of|o|H E= reward S &5
31, reward & Z 3l Wk R sk el E
Jello] & 3A "ok o]l A oR, do|dE= 33}
2yeARgatn] A& o7 A4l actions A3k
g A eyt

E

& =

1570

(1) Action

olo] A ET} Fo1%] AbellellA] #H3h= actionS- H1E}
e, ool EE actiond Hejgho.zn 2ol 33
< vx]A ik

7sels ool e} et 4 iz action §3E
R TS,

AR, Sensing-> B AdollA A1E AlsE Eal
slo] 7t APde] ARg o] 42 melsli= actiono|t).

=4, Transmit> A A FollA] AR And,
Station, 12|37 #|7l A% Ho|E A= actiono |tk

Z+ A7k slot t o419 actione 2,2 FHEFH, 2
A% Aol PLE (1,2, 0} FollA] shie] ghe Al
et p= 191 45 1V0e] Azl P=4<1 5470
o AAE Ao Atk

Abgsr Adeaft € {01, ...,
Aee] FPssles Agalslch

Aelgt el q7d

n—1} Fox] FH
Statione  ait® €
{0,1,...,n — 1} Ze)A] A} 3}}2] Stations A4
sllo} 3}, & odollAi= 8719] Statione AMESISIT

waha] 2 o749 actionS thea} o] EaE
=3

sensing ,if a, = sensing,

Action = { (€))

(af , as*®,P) ,if a, = transmit.

(2) Observation

7zt A7 Aol 2 2] 3] AelE vl A
ofo]HES AAE Wl 7uke] He ARE 33}
ol 2 ol Al S A835HK] $4aL observationS
g3l e ARE Aok o3
observation-> action®l] w2 g AR, doJe] EY
225 98t 7] ARE FAEIc) observationS 5238
&= action®] Fell wet vh=A] Al

Sensingel] gt observation= A% Ad AR
of €{12,...n}Z EFs}v], nE Ao A% A71Z
SAste] A AAE 23R A & LS AR
2 Aem 7153k

Transmitol] T3} observation Ho] 433t Ad
AR of €{1.2,-n} 2 gk},

AP7} ACK & /-84 02 Alskd s H7le] A

ol Azaicka i) A7l 4B AR ARE el
R e A% A7) 55 vehle, 7] A
o] AFHGIA T A ARke] At A A7)
S5 ol



w0 295D A9 AT AT AR duelE AT

Fo] ARE= F2] do] Q2 HOLHead of the Line)
delay DE 1A%l APE= #3185 Zole] dlolg] w7l
TFE 7HaL glem A7k slot tollA] el Sl A7l
T QF FAECE =, Qe Tl AR = sle
o Hzle] & vehlin, Q < Ot Ttk AI7E
slot (t-1)ellA] Ffol] =28h= i3l o= AR FAH
5] B 2 A @t o] Ak stotel T} M
o}

Q¢ = min(Q¢—1 — P, + A¢, Qmax) )
F7} 75 3 Aol w2gh Qi sjzlo] 4l

= lek A7k slot tollA] 24151 Szl 4= L2 %3
Hv, o]l - 2 Ao w3FCh

it

Ry

Ly = [Q¢—1 — Pp + At—Qmax]* A3)

3714 [A"E max(x 0)5 SJvIsk ol xo] Flo]
0MTh & 7% x5, 23A] 2 79 05 ugkele &
ook

HOL delay+= Foll =231 Hj715- Follx] 714 wix]
wARRE dfzlo] ohy Ae] WAR A= |7H] di7]s)
of sl ARteek oE 5o, 7l Fell FHzle] S0tk
A (enqueve) FE A FHZlo] Felx] vhe
(dequeue) AF71A]1] AlZHS HOL delay2har A 2]k
o} 2 dFollxdis BE Station®] HOL delay S %18}
sk Sl e vIES el S5l dzlEe] o
718hs FEE <fmlgkl

weha] E dellA]9] observation< ThaT} 7o) &
=k

Observation = { (E)?S,‘(it,’li t)),' i;{ ‘i:l::tsrear;s;;%. “

(3) Reward

ofle]HEZ} o AeellA] ofH E-S e v W=
rewardg YEPHATE o]= ollo]A EV} Sl 715E0]
=, 542 74 BARS Fdisisle 7o)tk

E A7elxs 2 el o4 rewardE 319
AT, A, 4, aEla FE] vl 7] A2 TR
o2 Axksidck

Sensing 2t Ad 71| IAJE E]Fehar IA|RE
dlole] A2 o]FoixA] femw i A9
reward+ 022 A3}t vbHel|) Transmit 2H] ol
Al gAle] AR o] FoIRl 74 rewarde 12 A

o

Asiode. Fzle] 2ol 2 Aol gk reward+= 022
AAJsldct F=o] et 7399 reward= n o2 A
Aatoick

olufl, gl AFgt A4 7N5E SC(Success
Channels), Z-=°] "3 €] 7§55 CC(Collision
Channels) 2 A°]3}sich %A #o¥l sce} cc&
318-31o] ZF whAoA9] rewardE AXIsR= Al Tt
T} et

B 0 ,if a,_, = sensing,
Reward = {SC —nXCC ,if a,_, = transmit. ©)]

(1) DON (Deep Q Network)

DQN- 7]%& Q-Learning a72]&el] 4153}
< Agsle sk daelEe] Ades ARl
ool 7]& Q-Learning> Q-table2 AR&-3}o]
state-action?}2] 7}x 5 FA3}51 o, o] state 37t
o]ut actiong7te] F 79 ANIA R vl EEAolg]ck
DQN=> o213t IS S5317] $13l, Q-table thilel
Q 38 At AlF A7 ARESTh

DQN-2- 73}3teroll 4] a4l A 5 3kl action
o] EAIE A3k $la AlF=E ) Adeiel gk
dH & Wl 7} actiondl] W& 7IAE F493= A%

e ARRIT) o] A QETE 24Kk, st
5 A7dnks 538 ool E= A Aol 71 7}

© actions AHEHA ek Ayt A3 31
Yo 2 Froix|w A4 7158 2E actionel| tgh
reward?] <157 QF ANl

DQN= o]4A 4l action&7tellA] FHolut AsS
o] A4k, 1443l actiongFboll A= Ago] ofHrt =

g wAkle] A FAkelM= o] oS & sk

=N
A

(2) Actor-Critic

%] REINFORCE ¢we|&3 2k #4871z DQN
drE|Ze] S At ol o] AAE ur}

T
2
o
e
>
flo
k)
lo
>
fu
F% -
)
ol,
o3
o

~
%
_<|>(_',

1571



The Journal of Korean Institute of Communications and Information Sciences "23-12 Vol.48 No.12

Algatelet. o] - Alguke- 247t o] A3ks- s}
v, A2 AFe2R8sPEA SH53) actiond 741k} o]
24 o] mkE o] FsEHA| Elek e
s Ao R 2P| Slelis o] o}

A% 5 ek

B
2

(3) PPO (Proximal Policyh Optimization)
PPO+= Actor-Critic 7-%=5 7|8l 2 3|31 9J 2
PPOS| 4] ololclols AE.8 44 Qo] Ao o]
A AAzle] Aol 9 W) bl S AlRahs
oek. ol A ofelo]= Aol 2 WsE ¥] g4

2213 (Clipping) W& AR&-gheY.
PPO Sletole] sfelo] = 32 A Al ofs)
Ao G ] obd, o epoci 712
o7 xlssl= ubS Aslolr] o) =S 3t
o Azaks sFdela] WA 4 ol AR EA
sklsln, o] 5 F3ll el S Hole Wl F
g J3he 3o} ==3) PPOE Tl Eellx o
oo Holn] ARle] A el A oA L
25 4= ik
ol21gk PPO2| A WAl 3k o] &84t
S Sl SAAT)=l Z2A] 718k RE, i
AES 2R3t AAS dlo] Bt sk A7k
| 2= Ack

rﬁ

L

f e ko i
o,

ri

12

(o]

(4) DDPG (Deep Deterministic Policy Gradient)

DDPGE 91444l actiong3F ol|49] 73kel<r &
A= J‘iﬂrﬁl—i 5H73'5]'7] sl e dae|Ee R,
Actor-Critic 5 7R R F83ch o] daeE
DQNTJr DPG (Deterrnlmstlc Policy Gradient)2] 1]

5 23314 9544 actions T3 = 3= ollo|A
Eg ghepshed] Expalo|ofl. e action-g-zke]
v 2 735 o] oled g o olrk

DDPG 2|5 <1544l actions2he F3Ee
s}z glrk A B A= o]akAlel action—T—Zl—O]E_
2 FAe] AAE =53l dlells AlgHe] ik o]
g SIS S5 fl8] £ AFelds ol=E AN
312 9oL F 7B A=RE A8s)dck

A A, Straight-Through Gradients with Automatic
Differentiation (STG
A= 7+ action®l| EHU]' 24_,_ (loglts)*—g softmax 2}
F X2 Wl o] #F 1¥ol wet actions ME
23k F, o] A== actionell W&l 2=t EE Alik
sk AAS Rl o] A4 Fadk BAS
Straight-Through Estimator& AF-5}%{ one hot ¢l3.

1572

35 A= actionel] W3k HdEE ARk 5= 3
th= Holok oA sl s} I el idlE
E HES o|4bd gl Aol Estar A3 7}
FHE o] Esl= ol a3t TUAEE AT
o oltk ol#d Ao Qls) STG da]|&L o4t
2l acctiongZtll A = Zhslehey ks g o m

Lo
o) ¢

71 dl ol =lrk

U2|E 1. Straight-Through Gradients with Automatic
Algorithm 1. Straight-Through Gradients with Automatic.

Algorithm 1 : Straight-Through Gradients with Auto-
matic Differentiation

sample = ont_hot(draw(logits))
probs = softmax(logits)
sample = sample + probs - stop_grad(probs)

=), Gumble-softmax 7]4-2 #-&3lit) o] 7|&
< DDPG 2] Felx g5 x5 Ak 2ol
A A7 e SAE dlAshs W oE, o]4FA]<l action
374 % DDPG dare]E-s A4 7Fs3HA] e,

Gumble-softmax 7]&-2 Z@l~ g2 WS £X
oA WES FEshe Zhdstar £ WS Al
ghe) o]Efgl 7|2 53] o]4kHal AE
el vt 7sAd e EAIE Sl
k. olF 3l oAb Ql actions AAIH= Al
o]l 7hsslxIck o] 7lse] E%i FEAql
action®] o] AlAwe] Az
T¥eE o A =tk U‘}E]r* olz]gt
Gumble-softmax 7]<2] Eglo & qls)] o]ikdg
action7to| A= DDPG ¥ 1E|&g a3p4 o7 #
g 5 A =Hdek

Policy Loss Predicted Q Value Loss
. — "
function function

Gradient Gradient| .
loss loss, Predicted Q
Environment . Actor Critic
Network STG 5 Network
© soft or f
update Gumble Target Q
Target Actor softmax Target Critic
Network a’ Network
Replay

Memory

(0.a,1,0)

T2 4. DDPG &5 #A
Fig. 4. DDPG learning process



g 2

B A AT % A daEls dF

m & &

3.1 Bk oS

AT AE Aol
slsfetolel s dgshel oml, 1 HEE
odp}

), el 4714 Auke e 2de] AL sl
wﬁ]_‘:_ r;]—é— _/_K__vﬂ]EE'] i]]ﬁ _ar,ﬂ x—]./-: 34]7] 71o]
BSSE°] 3-f3ke A, 183 F5F reward & WS
o eI, olel W45 10 AFSHE HE

o) elsisick. o & tlakt Atel o2 Ea
FEo] AR ok FFelA oA %’%Pc

-

©

fl
l=
\S}

AZEe], AY 10X+ dEEaS alshs ol
ofo]HEZ} A 0,1,2,3% T~F’rﬁh slom, 2y )
A47o] P, =22 Transmits & 5= ¢lok =3k 743}
3l wullo] AZEA] 9F8 BSS 2+ 0,1 AdS f-
3k, BSS 3+ 2,39 M-S 3k slck ol =
o] HAYE 29| rewards 27 k.
5 A2 A& 02 mue]RE|gloH, 7)3)s)
< dlo]dEL] Esro] 2kg= vt} s 1S Sl
o AAE FEIch s ke ot AEE

21 s
Table 1 Training parameter
Parameter Value
Number of Station 8
Learning rate 0.0000001
Discount factor 0.99
Episode 200
PPO clip rate 0.2
PPO epoch 10
E 2. AY Aele
Table 2. Experiment scenario
Experiment Algll | Agle | A3 A&4
Frequency 0,1, (0,1, |0, 1,2, 0,1, 2,
channel 2,3 12,33, 45]|3,4,5
Max number 2 ) 4 4

packet

BSS2 frequency
channel

BSS3 frequency
channel

Collision Reward -2 -1 2 -1

aefste] Z1gE ik ofoli= AA A din] ATE,
reward, #Z12] At X|Qd, HZY HA &4, =
W S o] 2k old AEE At
ool ES] Ade-& T ety o E3kE &
A3l vl glo] T83F A3 3ok o 2
ZAzle] A=A} fEAS Felsla, Ak 7slsks
dae|Ee] e Al skl

2 Qpelr chert etk welse] e
sl 4] 913 471 AL e ofe] o
2] 28 Folal sk w S8 Aol AR 4

oste) oot Sl A8
dmEze] e Wkt

Art
AT
I3 53 a3 62 AA A op] g 7l

ZFA o 7 olafst 4= glr}. FF reward W3Sl o)t
dEEe] Wsh= PRlEi|RY Fdle o ~HER]
A8 7R 4B Re] 27l o) sk
i 2B AE vl 380 R SFE3PHA A
T WS ol EFd F s AL

I3 7 rewardE A Z438E Ao ® =E reward’}
204 -12 M-S v reward?] HIP|F 4£F ARSI
th o] F& reward”} U] 2R gho® wishd o)A
E7} F5E8 vlehe ke R Hrl o] 3o Sy
T vt

P

8 T—DBBrGETG)

—— DDPGgumble-softmax)
DON

"0 20 40 60 80 100 120 140 160 180 200 li 20 40 60 80 100 120 140 160 180 200
Episode Episode

(a) Experiment 1 (b) Experiment 2

03 0.6+
020 40 60 30 100 120 140 160 180 200 020 40 60 80 100 120 140 160 180 200
Episode Episode

(c) Experiment 3 (d) Experiment 4

J2 5. AA A dpE] AF AE W

Fig. 5. Comparison of transfer success versus total
channel

1573



The Journal of Korean Institute of Communications and Information Sciences ’23-12 Vol.48 No.12

140 00

500

280 ——DDPGETG)
— DDPG(gumble-softmax)’ 400
260 e

24 Actor-Crific
o PO 300
220
200 [ 200
I L A
180 AR b 1N o R il I I
160- v 100
0 20 40 60 80 100 120 140 160 180 200 020 40 60 80 100 120 140 160 180 200
Episode Episode

(b) Experiment 2

(a) Experiment 1

40
020 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180 200
Episode Episode

(c) Experiment 3 (d) Experiment 4

J7 6. HFle] A A HlaL
Fig. 6. Average Delay Comparison of Packets

05 15
0.0 1.0
05 05
10 0o
45 —— Actor-Critic 0.5
b PPO -1.0
204 15
25 2.0 Aot A AL oA AR
30 L N0 AAPALAIR A
0 20 40 60 80 100 120 140 160 180200 O 20 40 60 80 100 120 140 160 180 200
Episode Episode

(a) Experiment 1 (b) Experiment 2

050 25
0 M
0.25
s
0.00 e
.25 05
00
050 |
o oS

0.75 -1.0
0 20 40 60 80 100 120 140 160 180 200 020 40 60 80 100 120 140 160 180 200
Episode Episode

(¢) Experiment 3 (d) Experiment 4

2! 7. Reward H]aL
Fig. 7. Reward Comparison

Sl Hlole] B A2l 918 7o) 4
W} Zasl Aealich 79l 2ol oF WAt
HOL delay D7} 71 & A=43}e] Transmitst 74-$-
ZA Ad dim] AT-EF reward”} F7Fsksivk

ol2gt A5 FE reward?] 43} Hloe] E)
o Aelol mE o] d3go] Bshekr helze) A
o] o33kS- n|AS- owm|slc) wlebx] olE]dl 8 A4AES
wefale] ehelze] e HHseHs Aol F85
], o] 2 QI3 ofle]dEr} B o] A Ahs ARt
Hr} kAl s AS 9L 4 9o}

1574

W

8 8ok 7] 9% Hzle] A £ 9

=z e vehggic

S
I\

l

o

il

WA, 7% 8% A sgle] it £ 24d

55 ool Er} Ak AAle] o] ZolEoix
Eale] HgAe] Zleke Zlow SRlslslek. ol )
7] o] Zhazall Hole] Ao T Y o)
A V== Aol B S Sleke Zhe Slelgih

a9 9ol W FEe] Akl ellelAlE
AC SR ESERRINIECERE SRR
o s Ao AT 4+ slek o] Aehd

140

= DDI'G(STG)
] —— DDPG(gumble-softmar)|
1204 —box

—— Astor-Critic

0 Fensy ki s
0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180 200
Episode Episode

(a) Experiment 1 (b) Experiment 2

il o
if A
i i
4“02‘04‘0 6}!3‘0]60”0 l-‘101é0130y200 0 20 40 60 80 100 120 140 160 180 200
Episode Episode

(c) Experiment 3 (d) Experiment 4

12 8. #zle) W &4 nla
Fig. 8. Average Drop Comparison of Packets

—— DDPG(STG)
320 — DDPG(gumble-softma)
—box
280 —— Actor-Critic
2]

240
200 Wkl
160
120

0
0 20 40 60 30 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180 200
Episode Episode

(a) Experiment 1 (b) Experiment 2

0
0 20 40 60 80 100 120 140 160 130 200 0 20 40 60 80 100 120 140 160 180 200
Episode Episode

(c
T2 9. Hle] A FE Ml

Fig. 9. Average Collision Comparison of Packets

-

Experiment 3 (d) Experiment 4



w0 295D A9 AT AT AR duelE AT

A Al FEZ Qg dlolE] £Alo] FolEe], o] B
Hzlo] AgHoz At

a7 5, a7 8, TaE|w I3 99 RE Alge] A¥E
4 43} DDPG drelE-e A7le] i <Al
i FEo] PnsA WE 7l 2A A
5820 wisprt wlwlgcl e, Alg2e] 739 PP
Actor-Critic, DQN &772]&-2 j|712] i <
T =] 74T ol A Ad v AE AF-Eol
A3l Z7ksle AS sk ol
Actor-Critic, DQN 2+372]Z¢] o] E7} 2191 T
F8A 02 gy S Hshy dHo|HE A4t
o= oot}

ool ATHE FPACE welF ), el HE
EAs} A FE] ok AL Hol B9l
A A o) 2% 3ol R B1sigie ol

[e]

)

okl 7sjaks okelze] WIESIZ FAle] A%S
Wdalel) B9 R slofalglee Alxlak,
A1) A3, PPO k)58 Tl <kelE 5ol 3]
o)

=
J31E87) =S HARS o

N

F

%t Ao o o= :l_\: 7;13& "}'EPX)\LD}'
PPO, Actor-Critic, DQN &372]&8 A|7lo] x|idel| u}

T

g7 it Hao] Frlehe AS Bl
ol olo]FET} gy S AXH Aeg AT
35S ArRi

Iz}, DDPG ¥7e]&-2 Episode] #13i=} §-3
S| elo]A B Fgro] 2AE|R] oFe 7o Solx|
stk o] DDPG Lare|Ee] o444l actiongZkol|
A HA] A5 W3EH] X3he RoFEr) olR
ol DDPG dre]Eo] 2 edolx] 28 o]ikal

A}
o,
;}-4
=l

E

33 mAIck webd, sl 3
A~

arejste] Al karelES Adgstar shey setvlE

O%_,
Y
2
2=)
e
ke
A
P
Ind
2
E?‘_".
B oo
B

B odFolla] = 802.11ax 7|HF 41 Al 3HollA
Z¥sleler duelES H8sle] A A Aol digk
Zol ole A5 sk AY AAE B9, &

s it 47} FVEGE e ool A EE FE

Mol Adel] A= 5HE FFoH, o)F 53
Ad e g shersla AS 18402 g3joick
H o], ole]HER A HA N 2 TEE APl ol
Z3lar o] & 3|¥sh= 5 wsh ek 2E,
DDPG dae)5s A-43t 735 33 wislel| ufe s
Azte] WEAdE gelslslon, oo uet Ay A3}
z27] e tEA Yehdes A9t dsich
B3] Azl= 802.11ax 7]8F F41 EAl 20
A Al ESF JWAEka, rlEle] Fube &4 7)s AN
Hhol| F23F 7|uhe vladshed] 7198 Zle® 7|iEl
o} Zslelhey eSO WA= S A B4
7|20 ek Ele} QAFolx = vl olle]HE g4
o] A5 el sl Q] A5 A1 AlFe|ck

References

[1] Rashid Ali, et al,, “Reinforcement-learning-
enabled massive internet of things for 6g
wireless communications,” /EEE, Jun. 2021.
(https://doi.org/10.1109/MCOMSTD.001.20000
55)

[2] IEEE 802.11, “Wireless LAN Medium Access
Control and Physical Layer specifications,”
IEEE, Sep. 1999.
(https://doi.org/10.1109/TEEESTD.2007.373646)

[31 V. Mnih, et al, “Playing atari with deep
reinforcement learning,” Google DeepMind,
2016.
(https://doi.org/10.48550/arXiv.1312.5602)

[4] J. Schulman, F. Wolski, P. Dhariwal, A.
Radford, and O. Klimov, “Proximal policy
optimization  algorithms,” arXiv  preprint
arXiv:1707.06347, 2017.
(https://doi.org/10.48550/arXiv.1707.06347)

[5] T. P. Lillicrap, et al., “Continuous control with
deep reinforcement learning,” arXiv preprint
arXiv:1509.02971, 2015.
(https://doi.org/10.48550/arXiv.1509.02971)

[6] D. Hafner, T. Lillicrap, M. Norouzi, and J.
Ba, “Mastering atari with discrete world
models,” arXiv preprint arXiv:2010.02193,
2020.
(https://doi.org/10.48550/arXiv.2010.02193)

[71 E. Jang, S. Gu, and B. Poole, “Categorical

reparameterization ~ with  gumbel-Softmax,”

1575


https://doi.org/~~
https://doi.org/~~

The Journal of Korean Institute of Communications and Information Sciences ’23-12 Vol.48 No.12

arXiv preprint arXiv:1611.01144, 2016.
(https://doi.org/10.48550/arXiv.1611.01144)

i £ Y (Jun-byung Chae)

20144 29 : I3k AE
AR Al E4

2022 39U~3A  Adrtest
XL AR e A
AR

<Al FAEAl, 7
%, MAlzd

[ORCID:0009-0002-6237-668X]

8t = 9l (Jong-in Park)

20201 84 : gharelfolvjEta
AAgEs) Al =4

2023 29 : At Eta AA)
71758 E AA £

20234 39~ : LGAA} A

[ORCID:0000-0002-4035-6728]

1576

& A 2 (Kae-won Choi)

20074 84 : A-&Etn 1717
FElFERY- wab

20104 94-~2016%1 89 : A
e b e A ]
I Zug

20161 oY~} . A Fust
3L A7) 5 g e -

el

S
<ol FAIEAL AleY, WPT
[ORCID:0000-0002-3680-1403]



