Y.M.Kang : Research Trends in Wi-Fi Performance Improvement in Coexistence Networks with Machine Learning 51

NATES BEE | FFAAY Fi-Fi 4% AN 47
5% 24

Tk

Research Trends in Wi-
Fi Performance Improvement in Coexistence Networks with
Machine Learning

Y oung-myoung Kang

8 ¢

H Yalgow st Y VATES e HH3 EAE AT ¢ e Fast
710l HAT E =FolAME ZAIThES 831 o] Ad T8I TAE sdste=
HA AT =EE5S st 78 s 54S B4k &% AT Wl giEl vhel=E
AAg}, 7]E AdFE2 dAZ 28 2 exelo R wE ShFo] 7153 Q-learningS
8ot A7F Btk v geket 3E AU s sk AV W Al 2 98
= 4 JE 7Sty AEEH X U ag= AlFdHolddth. old dHS F&ET &
AE FHE Woto = [TUNA Aotst 7AgGE =gy 9UtxE 7|dtes W 3
Wl we} 7ASkE dagSsS Aedoz A8 = e Wgol 9l

Abstract

Machine learning, which has recently innovatively developed, has become an important technology
that can solve various optimization problems. In this paper, we introduce the latest research papers that
solve the problem of channel sharing in heterogeneous networks using machine learning, analyze the
characteristics of mainstream approaches, and present a guide to future research directions. Existing
studies have generally adopted Q-learning since it supports fast learning both on online and offline
environment. On the contrary, conventional studies have either not considered various coexistence
scenarios or lacked consideration for the location of machine learning controllers that can have a
significant impact on network performance. One of the powerful ways to overcome these disadvantages
is to selectively use a machine learning algorithm according to changes in network environment based
on the logical network architecture for machine learning proposed by ITU.
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Wi-Fi ¢} o] 5521 (5, Cellular Network)©] 33t 404 29 1M & HASEA AS
Aee A sk BehE X &Aoo w ShisHA dAgtE o] gith o]E gk o] AnR Uq‘ﬂ“fﬁoﬂ
(Licensed Band)< /‘}%’5‘}‘{‘ LTE ¢} H] W3] o] 9 (Unlicensed Band) S A}-&-3}= W1 Fio}o] & &
A= A Aol & 913 9414 7= o] B o' 717} (Gbps) &9 o] HE B BoFe Faol
o] =2t} 131»} 1] & o) & o] A Wi-Fi &} 0] 5541 (ex., LTE-U/LTE-LAA)O] FE3HE gl
Mol AR FEE A8 A 90%el o] 2= HAF e Akt AT = (1, 2], whekA
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JJ:L Ao w g AEAE 7= [4 5]—0— theFek 2 4 st E‘Xﬂe AL F A= T
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B3} FAE A At AT = ES AEt FH V1w 5S4 0}04 o] & ntgo = 7Y
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(Unsuperv1sed), 73} (Reinforcement) &5 O & &8 4= It} [4, 5].

A% 81458 Abghol AR(Elo o] LA E HolElE el Fol Awehel EAL A
2ot} & (C13551ﬁcat10n)9]— 3] 7 (Regression) =270 A<l 2F¢o|m K—nearest Neighbors,
Linear Regression, Logistic Regression, Support Vector Machine, Decision Tree, Random Forest 5 2]
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S skl of gt} o] Wkl o = o (Clustering), A] ZF3H(Visualization), 2+9] % 4~ (Dimensionality

Reduction), 913 5+ 2] 8}5(Association Rule Learning) 5-©] 34 <l 2k o] Uﬂ HH &) A K-means,

DBSCAN, Hierarchical Cluster Analysis, Outlier Detection, Kernel 5 ThFg &arg] 5 o] S|kt
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® 3% Y T (Fair Channel Sharing),

L 2/ 2] (Network Monitoring),

® 3% F (Signal Classification),

® 3= U E$Z] (Cooperative Networking).
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{e) LTE BSs and Wi-Fi APs serve as agents (Edge-computing)
Figure 1. Types of ML implementations in LTE/Wi-Fi Coexistence Scenarios.
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Figure 2. Enhancing the CSAT mechanism with Machine Learning
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Figure 3. Enhancing the LTE-U ABS mechanism with Machine Learning
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*  Fairness Index = Select channel/sub-channel for LTE/Wi-Fi .

- # of LTE/Wi-Fi 5TAs - Adjust CW for LTE/Wi-Fi according to # of LTE/\/i-Fi STAs Action

Figure 4. LTE-LAA LBT function

2.2 71E} o] EH A &) Wi-Fi 53 7| HE

olF oMo a& 4‘?_] ‘Z} FHz/32E] (Network Monitoring)= T3S RAT (Radio Access
Technology 7} & A} 8} = A3l A 7:‘13 3= STA(Statlon)A T 5ol up2} RAT & A @slA 2A 8
= WA S ek [15]12 Q l earning 2! Double Q-learning & A}-&3 4 Wi-Fi STA©] €S A+
e A el o WMoz A9 AL AL FUL AHAd, FA4 0w
LTE-A A% 395 22 8}o] Wi-Fi STA ol 1] X]+= 14 & # 438tk v

2% 5% (Signal Classification)E &3l o] F ol A A 2ol Al 4] & H Astehs WUebe 2

sk AGg o s Gt [16]12] AF-ol A= dlolH Zd A 57HA (Inter-frame spacing statistics)
2 = eho] Wik Wl HoE) R 7% EAS 545 a2 Akah

Wi-Fi 9} Li-Fi (Light Fidelity) %=+ VLC (Visible Light Communication)¥} 2] s}o]H 2| = o -4
2 o]F e ok FEolt O]Sﬂr HAdE AFE AHEY, [17]9] A &= Q-learning < #-&3F &
JXEA AEZYE £ Wi-Fi-VLC H A3} & A =3 A7 x]g]il: BAFS o] 9T} o].aﬂ I
2 7h7t AuEAAA 48 A% nelE D A e E el oo] nol T 9)

Table 1. Adopted ML Algorithms in Referenced paper in section 2.2

Ref # ML Category ML Algorithm Application (parameter) Improvement

Q-learning,

Double Q-learning Estimate channel occupancy time Throughput Improvement

[15] Reinforcement

Wi-Fi Saturation Detection
[16] Supervised CNN - Analyze inter-frame spacing High classification accuracy
statistics

[17] Reinforcement | Q-learning Select AP for Wi-Fi offloading Throughput Improvement
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Figure 5. Unified ML-aware Architecture for future Networks
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3.2 Discussion
NATE AESE FHYFA T BABHANN 89 5 9
= = Bdge ©l 3133t Wi-Fi AP ol = A X2 =2
&

L3l Feo gt At oz BAA
L AlEet7] witel o] & ZH2tel 71 Al g T E & 'AlshE Blo] 7hs sttt

Adts 715S S AESY (£ Agent)o] A= A A B A W AA| Aol 2 o
= A2 7ASEE Y] AMA AT Fas Az el A E =A o 2
o A= 7 Al AR o] oA AY £& A dolH FxE Qe

N
SN

AN

2,30, ot
T
ot 12
2

trax o
X %2
xS
ol e
k> 2,
ek -~
ol o
o,
re
o%
o
(o

o, hu

o

s e

]

og fl yo = 7 O 4 T o
Mo
o o
=
=
>,
ofy
o
2,
N,

fu jo <y Ok

oo ok r|r
th ok

=
i
rf

o5 &4l T Wi-Fi 7] 0] F&Eshs ol T A5 &3S f18 st 71 ASs: 7IHE
JEAT 71E AT ES A HAA A5 FRE VTR ve dFl Ao BAAS
S 2 &} Q-learning & &-8-3h= Alell7F oy 7 AIES HESE A
P sHHA] @i 5 g3 Ao NS BERE sk A o] AJATH ITU ol A A kg
S5 =gl g old dHAE S5 e
o] AL 7AISt S HEZT Y Ao mE AAS aHste] 7 AEE ¢S Ay

HEH

N e

Ogl_:“
ko
rlr
2
)
)
o
i
>
>
oo
i)
-
%0,
N

7 wskel 5t H Ao Aats AL 5 9l ]
A Gsel otd TS m A 5 glomg M ASE daegE WA og F7t

o
M o
fepe
T {T il
—= )
o j;
! u
e '
E 3%
OE it
=
ke
o
e 2 jo 4 2ol X K

[1] E. Chai, K. Sundaresan, M. A. Khojastepour, and R. Sampath, “LTE in Unlicensed Spectrum: Are
We There Yet?” in Proc. of 22nd ACM International Conference on Mobile Computing and
Networking (MobiCom 2016), New York City, NY: ACM, Oct. 2016, pp. 135-148.

[2] F. M. Abinader, E. P. L. Almeida, F. S. Chaves, A. M. Cavalcante, R. D. Vieira, R. C. D. Paiva, A.
M. Sobrinho, S. Choudhury, E. Tuomaala, K. Doppler, and V. A. Sousa, “Enabling the Coexistence
of LTE and Wi-Fi in Unlicensed Bands,” IEEE Communications Magazine (COMMAG), Vol. 52,
No. 11, pp. 54-61, Nov. 2014.

[3] G. Giir, “Expansive networks: Exploiting spectrum sharing for capacity boost and 6G vision,”
Journal of Communications and Networks, Vol. 22, No. 6, pp. 444454, Dec. 2020.

[4] 1. Goodfellow, Y. Bengio, and A. Courville, Deep Learning. MIT Press, 2016,
http://www.deeplearningbook.org.

[5] R.S. Sutton and A. G. Barto, Reinforcement Learning, second. A Bradford Book, 2018.

[6] S. Szott, K. Kosek-Szott, P. Gawlowicz, J. Torres Gomez, B. Bellalta, A. Zubow and F. Dressler,
"Wi-Fi Meets ML: A Survey on Improving IEEE 802.11 Performance with Machine Learning,"
IEEE Communications Surveys & Tutorials, 2022. (online first)

[7]1 S. Zinno, G. D. Stasi, S. Avallone, and G. Ventre, “On a fair coexistence of LTE and Wi-Fi in the
unlicensed spectrum: A Survey,” Elsevier Computer Communications, vol. 115, pp. 35-50, 2018.



http://www.deeplearningbook.org/

Y.M.Kang : Research Trends in Wi-Fi Performance Improvement in Coexistence Networks with Machine Learning 59

[8] P. Tian, “Traffic-Aware Resource Allocation and Spectrum Share for LTE-U and Wi-fi,” in
International Conference on Mechatronics and Intelligent Robotics, Springer, 2019, pp. 837-843.

[9] H. Kushwaha, V. J. Kotagi, and C. S. R. Murthy, “A Novel Reinforcement Learning Based
Adaptive Optimization of LTE-TDD Configurations for LTE-U/WiFi Coexistence,” in 2019 IEEE
30th Annual International Symposium on Personal, Indoor and Mobile Radio Communications
(PIMRC), IEEE, 2019, pp. 1-7.

[10] K. Naveen and C. Amballa, “Coexistence of LTE-Unlicensed and WiFi: A Reinforcement Learning
Framework,” in 2021 International Conference on COMmunication Systems & NETworkS
(COMSNETS), IEEE, 2021, pp. 308-316.

[11] K. Zhou, A. Li, C. Dong, L. Zhang, and J. Sun, “LWCQ: An Adaptive Algorithm for LAA and
WiFi Coexistence Based on Q-learning,” in 2019 IEEE 19th International Conference on
Communication Technology (ICCT), IEEE, 2019, pp. 556-560.

[12] L. Wang, M. Zeng, J. Guo, Q. Cui, and Z. Fei, “Joint Bandwidth and Transmission Opportunity
Allocation for the Coexistence Between NR-U and WiFi Systems in the Unlicensed Band,” IEEE
Transactions on Vehicular Technology, vol. 70, no. 11, pp. 11 881-11 893, 2021.

[13] K. Kosek-Szott, A. Lo Valvo, S. Szott, P. Gallo, and I. Tinnirello, “Downlink channel access
performance of NR-U: Impact of numerology and mini-slots on coexistence with Wi-Fi in the 5
GHz band,” Computer Networks, vol. 195, p. 108 188, 2021.

[14] I. Tinnirello, A. Lo Valvo, S. Szott, and K. Kosek-Szott, “No Reservations Required: Achieving
Fairness between Wi-Fi and NR-U with Self-Deferral Only,” in Proceedings of the 24th
International ACM Conference on Modeling, Analysis and Simulation of Wireless and Mobile
Systems, 2021, pp. 115-124.

[15] A. Galanopoulos, F. Foukalas, and T. A. Tsiftsis, “Efficient coexistence of LTE with WiFi in the
licensed and unlicensed spectrum aggregation,” IEEE Transactions on Cognitive Communications
and Networking, vol. 2, no. 2, pp. 129-140, 2016.

[16] M. Girmay, A. Shahid, V. Maglogiannis, D. Naudts, and I. Moerman, “Machine Learning Enabled
Wi-Fi Saturation Sensing for Fair Coexistence in Unlicensed Spectrum,” IEEE Access, vol. 9, pp.
42959-42974, 2021.

[17] A. M. Alenezi and K. A. Hamdi, “Reinforcement Learning Approach for Hybrid WiFi-VLC
Networks,” in 2020 IEEE 91st Vehicular Technology Conference (VTC2020-Spring), IEEE, 2020,
pp. 1-5.

[18] ITU-T, “Architectural framework for machine learning in future networks including IMT-2020,”
Recommendation ITU-T Y.3172, 2019.

98 (Young-myoung Kang)

2013 2 9 AJ&oishal A FE st
201299 ~2021d 39 A A}
2021939 AT AFH T 2

spuah)

o

~

Tl Eok: Q1F-A] 5, Ul E ¥ =, Wi-Fi, Optimization




