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ABSTRACT

In wireless networks with increasing demand and diverse environments, numerous issues such as collisions,
delays, fairness, and power consumption are arising. Research is being discussed to enhance protocol
performance by resolving or minimizing these issues using artificial intelligence technologies. This paper
investigates studies that have applied reinforcement learning techniques to address the aforementioned problems
in the MAC protocols of wireless network environments. It examines the issues present in wireless network
MAC protocols and explores how reinforcement learning has been utilized. Finally, it outlines the challenges

that need to be addressed in the future.
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Fig. 1. Value-Based Reinforcement Learning Schematic
Without Neural Networks
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ol ko] XelEk gde] olgirk 12lv} DOQN-2 41737
= AHESle] AL ulgo] E7] wiiol| oluiA] Am] A
7} WA 4 Qlok

= [29]= A VIES A 37304 DONF A%
55 7o) AMgEle] AF %5 ZAAshs FRMA
IS Atk A7 &5 D92 A e} 2
3% dlolelE Al SE 7IRIc) dlole] S Al =3}
At d71shs AE AE FAgch Adel Adgshi ok
HAkRs Ao, Adjed 5] WARS etk A 1
wit} 7b 2djo] Aol A SRl 71EAE Tk Ho A
o F Rol Hit 7lAE A oA A 2Hle e
2 A3} A3 A7) FRMAE RTS/CTS Xt} 5%,
DCF Basic 2t} 20% %2 Xe]aks D43y, 344
w3l 2 AE Holrh a2y 7 2EelAdel DONS
Z-g3le] Fr1H R AF g zl8s)of 3] wiE
o At Blgo] EFrhe EAI7F EAIgk

= [30]S 0T A1 o= vES = s ellA
DQN3} DDQN& AR8-3te] Hlo[e] A% o 55 24
3= W MAC Z 2 €391 DDMAC, DDDMAC
£ AlKEth EA4 A7 el x=o] A7l 7]y,
Ad A, A 3eE A SE A AL HelelE
AFsAY A A s glsh= @5 AE Ao
dle]e] Aol Aggieha ofe] BARE, Aldlghehd &
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o] HAME vk 43 4y} DDDMACE CSMA<%}
AL-DMACe® vl&f| 212t 2] 54.1%, 72.7% =< e
25 7]5303L 58.2%, 58.1% 2 Aol A7ke- 7|23
ok e =8 o] 5Ae] 2 vES I g
o] ofgrh= A7} &Alg)

= 311 FERE 2 A UEY = e
4] DDQN=< A3l RRH®] /2= AJelE& ZAA 5}
= 78S ARk ARl HlolE] 8 &
o] 2y, UES} RRH Alo] Ad AelE Abe) SZ 717
3, RRHE A 11+= 35 AE F13kc} UES] A=
o, A% 93, RRHS] M| AHE 7[Rke® nAks
A=tk A3 A3 7] FA W] div] DDQN HHAe]
FHd 22% <lUA] 48] FH4E DA, DQN tin]
13% A7k ®ivk el BAF o] AT ofuiA]

SRS ekl Ao v} A3t e S AL
B3] bt A=t ou=] 4m] A ieila] sz
3] dohriis EAlFe] EAIRich

=3 [32]= 1oT Y|ES]= 3464 DDQNS AH%-
slo] o wixgE] AAE Mu|aTR] AA =
DRL-MACE Algkeic)l. &A) el wlasfe] A=,
A5 dlolele] Z7|9F A4 AI7L eACK Als 541
ARE AH SE 7R, W2l AR|E AdEEl= 3
T AE HIE eACK AT E AFA R AlsH 1
o] BAY, FAlEHA| b FEo] iAlEH 02] HA)

B 2. A7 sle 7 7k daelE eoF
Table 2. Value-Based Algorithm with Neural Network Summary
Machine L i
ac Allrjg i)rit;?nmmg Network Domain Disadvantage Advantage
Q-Learning, DQN[21] | WSN Fixed Reward Function weight Enhanced throughput
Q-Learning, DQN[22] | Wi-Fi 6 High Computation Cost Enhanced throughput
Enh: hrough;
DQNJ[23] IoT Low initial performance nhanced t _roug put
Energy efficiency
Heterogeneous .
DQNJ[24] Wireless Networks Simple MAC Protocols Enhanced throughput
DQN][25] WLAN Gateway overload Enhanced throughput
Heterogeneous . .
DQNJ26] Wireless Networks Simple Reward Function Enhanced throughput
DQNI[27] WLAN Low fairness Enhanced throughput
Multi-channel
DQNI[2 High i Enh: h h
QN[28] Heterogeneous Network igh energy consumption nhanced throughput
DQN, FL[29] WLAN High Computation Cost Enhanced throughput
DQN, DDQNJ[30] IoT Hard mobility node learning Enhanced throughput
DDQNJ31] CRAMN Simple Reward Function Energy reduction
DDQN[32] ToT High Computation Cost Enhanced throughput
Energy efficiency
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Fig. 3. Policy-Based Reinforcement Learning Schematic
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¥ 3. AH 7 duelE aof
Table 3. Policy-based algorithm summary
Machine Learning . .

g Network Domain Disadvantage Advantage
MABJ34] WLAN Disadvantages of existing protocols Enhanced throughput
POMDPJ[35] WLAN High Computation Cost Enhanced throughput

. Enhanced adaptability
REINFORCE[36] IoT Less Performance as learning gets longer Enhanced scalability
PPO[37] WLAN Small experimental setting Enhanced throughput
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Table 4. Multi-agent Reinforcement Learning Algorithm Summary
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A=A o -19] HAke W=} A3 A= A7
eA o A5H dlolele] 77t ARkl MADDPG
= 1838k <72]Z0] Contention-Free2} DDPG H}]
e} 47} 16.6%, 31.25% T =2 3kS DA} 2=
v} d2] A== CSMA/CA, TDMA, FDMA S} 7-&-
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o 2= v ES A HelEks A7, A A7
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Machine Learning Network .
. . D A
et Domain isadvantage dvantage
. . Performance decreases with increasing Enhanced throughput
Hysteretic Q-learning[38] loT density Enhanced fairness
. . . Enhanced fairness
Hysteretic Q-learning[39] IoT, WSN Energy consumption Reduce collision
Enh: d PDR
MARL(QL)[40] ToT, WSN | Not considered energy ance
Reduce delay
. . Enhanced throughput
Q-Mix[41] NGWN Not considered energy Reduce delay
Enh: hrough
MAPPO[42] WLAN High Computation Cost nhanced throughput
Reduce delay
. . Enhanced throughput
MAPPOI43] WLAN High Computation Cost Enhanced fairness
MADDPG]J44] WLAN Fewer MAC Protocols Enhanced Goodput
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