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HE %5 ABAEE 5G) BARAB A LIRW e RE L RIEUET T Eal W F a7, &
HRAK 10 FHFEHRMIREE M 1000 X RFROER, HoTd, 2 £ SRETWERIE
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5G HOARFREEAL T AW 58 3 5 s i id # b 671, [J BRbrdi 421 3GPP T 2017 4F 12 H A
TH—A 5G BARbRE, STHRF AR AN (non-standalone, NSA) 5 eMBB HhfE 8. 2018 4F 06 /I 14
H, 3GPP #tift 7 5G ML ZHM (standalone, SA) FAMRME, 5G H ILHEN 17Nk 4x ) 137 B 19,
1E 4G FIAREEA ) 5G Hr 4B (5G new radio, 5G NR) FI#t B4 (1) XA M Z A ZHH
(multiple-input multiple-output, MIMO) ¥ ARBHAT 7355, 51N T KR LFEFIH AR, (2) X OFDM
I R 5 K AN BB PR (resource block, RB) %7377 BT T 4b 78, 42 T BN RIEH A # D H0R;
(3) it N —A 5G ArtfER A 5] AJETEAZ 2 FH F#2 (non-orthogonal multiple access, NOMA) £,
PASEHE T 45008 i (0 AR SR R I R s (4) YRR T TS 0 A UTC R 2 R 4 0100 0 2 0 2% 1
Hook o Ao AU T (distributed units, DU) AL HLIG (central units, CU), 5N T T B115H
0 25 R AL S5 1) HoR.

5G BORR VG HIRY RAEAS H RF VAL E N 2% SR8 805 R RO H A 32 24k
PLAEXT RGUAL TR R A N VERE T ISR TH. 5G NR KGR R PRI SCRRRE ik — 204 R 220 i (A
FEIR . W AT EEME R, S PRI IE R S 2 N B RE R b (key performance indicator, KPI)
JiTH. 5G NR RS iH 7R EAEK LS KPT Z (BT 574 B [FIR Ry iz 0, ML S
VIR EARMIGIN, BOKHBEIN T RGBT IR RE, 358 5G M4 s 4EMRAL R TR Bk, v &
2, NITRfHE (artificial intelligence, Al) FiARN 5G KA WIF SMALIRME T —M@EBASHE S
PERERI AT REE, CRCRL S SOGERTE 77 ). 3GPP, ITU 4L H T 5G 5 AL #4541t
F5 151 [ 12,13,

AL BORBEA T 20 D hmt, JLADUEE, TR AL BT IR SR B0 A7t B B & e T 13
WD AT BRI R BE F% 14 RN TR 2R g 45 115,161 PR, AR By — i@ M AL 88 2 ST B
AR NG R FW B 7RI G HEWT a0, JUREE, AT SRR B JLI RN A . AR AR
AR IIPRZE (label) BN R ¢ R & T CUAHIRIX 73, AT 52 3 By ] DI R b 23 o M B 2 =) AR s B 2
SIPIE. TG A ) SRR R AN — o BRI B A SIS AR I B A SIS I S R —
K. PLE 3 285 S BE IR SR SRS A5 G R

o MBS, TEMB S, BMIGEIELA (data pair) B2 H— AT SR —AN 22 14
EALRCR, 6 H Ao 1155 AN A B — R R0 3R, AR 122 98 H5C 2 HE i L A oy N\ s T
(% AR, M B2 ST i — PP S G B A B 1 s IR BE A4 M 2% (deep neural networks, DNN) HJi/ll
k. ZGITiEEE — A EHEXT (data pairs) X 22 2 N T AHZE L8 0] AL R B0 AT B 2%
WGk, BN, %552 N ARG 25 0] LLSE I B 508 1 R S 4

o FEIRESF ). HRME B GREIE 2 Tohn 2 . B AR I A o), AT B R B X s
PE R t. B ALY (self-organizing map, SOM) W2 Il ghmt H B 7B & 2% 21 5k, 18
SOM Ht, W& 2, AE = 4E L TehR 2 IR B MmN — N N DA M4 B N IRYEE (JBH O —4E)
(BB (map), FFI8 I JE M8 B o S0 B ) B A7 I B MO AOR, LSR5 1 07 20 R
PAT XA e

o MEERES]. NSRS ALG] FoR: WIAELRAL B R G GR A S1 U7k (WA 3). BT R Re Sk
(agent) ST (environment) Z [AIFIBNASAC H. M3 Re SR B R(E B G, KR A S RIEME
(action) FTATREHT R AIZEE (reward) BLAE ] (penalty), #iE N —2ahfE, HiE— D UWERM SR RN, 7§
R, EREWRSERE RS ER.

PR LI 2 ) J7 i R

o REMEREFIIE L. ML (backpropagation, BP) 2% 2] k&40 )2 N T4 W 4% fig N 245 i

1590



HERBYEEREE B8 B H 124

Input layer Hidden layers Output layer
|

=1 s =
g 5
S« B
! = o
Jug g
ERT £
= = s <
2 5% S .
[ B~

. N

Desired data argmin.|p,- ¥ [
D, n=12,..N why e

E1 (MEMEE) WEEIRN: SEATHEMNES S

Figure 1 (Color online) Example of supervised learning: learning in deep neural network

Featured map

Input layer

Neurons

Input
vectors

2 (MKHRFE) EEEF IR0 BARBRFMENZFS]

Figure 2 (Color online) Example of unsupervised learning: self organizing map

RIZRETE 1], Je il N BRI AL SR A — P BT 30, B A il A, 41 R i) A A R 2
AT 20 S22 N TR 22 I 2% ) i 3B 0 0B RO . A 5% BP SERIZh &S HU A SO sEEUE €,
2 AR R KRR [16,17]. A K BN LM IRt ik £, DL i 88 5 fia N =)
AR, AT S AR RIS (18], T4, BP 2SI BNER 2 H T 2R EEM A M4 (DNN), JEE
137 RIFIACER. A PIZECE Z B2 (hidden layer) [IFHZ A Al B FR A DNN. 45 U2 4 45
(convolutional neural networks, CNN) /& —28% WA HI 5 DNN, HEGHZ M5 B L= 2%
2, FIA—ALZ. CNN B R] DU T B ) A% 4 S0 A7 U1 2k, I REAE B AGOME 2 R00) 55 7 T 45 H LI
fts DNN B4 (145
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evaluation

Unsupervised
learing: Q-learning

Reward/penalty

Agent
Environment

Q-Function updating
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action set
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-~ - -

3 (MERFE) BaFSRA: Q FIHEX

Figure 3 (Color online) Example of reinforcement learning: Q-learning

o Q FEIHEE. Q FHENFN Bellman HyZ: 191 JE350 % 5] o4 LR S, AR AT B8 2
PR — R (Q A, TE AT — R RE SR PAT EEMSER AN (BRIEETT) 3 18 Re sk
MR P AL BOIAEE, X T TR ZNVEREAT Q RRECPRAN, I M rbid 8 2230 A B R BB A, TN BAAT
). Bellman #5117 Q BRECH WA HTE A, MR BESAR R BE . FBERAR Q BREL
T EERE AMFEA I 77 NS, Q SRk AR SA I B AT 2 ISR [20].

ERE R R0 AT ML 22 S L (B R (linear models) PRI (descision tree). k
PMEERFE (k-means clustering) 55) HIFMAFFCEILARANR A, MR, WEEHE (Bl
DNN. CNN. #5857 2] 55) Ml & J&, FHAENEIHOR S USIAG 1 B ORRRE, 3 110 R A 1%
LILRIR, 76%: 2] (meta-learning) SFIRE % 2] FE R 0 SCIAEAN KT 4k, $RHE T« ) 46
SRS flan, STk [21] 380 PR FIBLA T 4% 2)7: (model-agnostic meta-learning, MAML) AN235%
BT AT MR B, A ot S 5I NBAMIZEL, W5 R TVF 2 U, B4 7028 IRl )3 A
SR S1AE. ] AT FOR IR RAESCHR [22~24] HA TR SS . IR SR BORMR 7 1 T vkiE T
STz AR R, WOy AT R AE S AU B S IS TR RIS,

2 Al NABT 5G RGN ARAM

TEREEPEIHLER 2 ST BOR, AT AT B2 N 5G RGTe i AL AL I #3480, KAk Eid
3 AR A DO i R A i) A, R A T )
o BEMALIENE. 5G NR ) BLF /L (7] L — AR AL S Ou Ak 8. & f 2B 55 25—
H A R BTG E 73X, JH4R K BEU 0 o 2e W 28 22 s VB L N I 2 P, S KA B A 2.
o WM. 5G EAF AT BETE At — A SR AR I 1), L H R R RS 53T MR,
il 7 Xt N (K R SRR, FFAAG I A DR B A K.
o fATTEIRE. 5G JE(E MEE SHUM MR T2 SC I R G TN B ZE & 4. B R EMRE 56 &%
PRIERI IG5 (FIemim), it B TC A5 51 4k A S i ) B Sc o P 13 8 1 435 T IR A2
AT BIRFE 5G RGP IR OA KRR 237w 4t52% EIFARITA BT AR K
JetEdnJ). B, BahEE RGEA LT KR, Cailf 7BV E&NE it ML s K
B O, XL M TTVELE TR EANOA R, H 5 T8l ik, Bahid s R G0l W AFE R
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(41 Shannon ZFEIR), B AT IRAIE RS O D& m LLFE Eis FaRPERE L. Bt Sciik [38] s
H 7T MIMO 258 A0 —Fh st 5k, e R 756k Sh 3R e ey /K 23 e 1] 50 47 fa7 B ppak AR, {38 m) fef
MIMO [1EREFE /3 1EIE Shannon 2 &5t X IR, RIAER AR AT 22 3 80K, 07 ikix Lk
S MBI VE =, AT SRS WA RN RIRME, Tit& BP Fikit 2 Q FikFE IRt S /]
)RR, Be 70 R RS S RGUSERH AR B TR SR, TREIATEON R VG, S5, 5E MM TTIEML,
AL 25 3] BRI S R B B, RN Re R R R BA BT, HA G BN A& L H5E
77,

XH, FAERE AT HIRTE 5G R S5MAH BEME. ), 56 RAHAERELG T
TEMEVLRAE . SR, B ACEREL R, O AT BORTE 5G B SN SR A TR RE. [RIR, — 2SR
AT BYRIEEARWT R R, v AT 75 5G H RN SR EE TR IdLE. ik, A 0B AT EARME 56 &4t
Vvt SR A i LR [ REHEAT AR B, T 2 OAE 5G FR 48 Hh A T LE S FH A A B 7 7 ).

NIk, AT AT AE 5G RN R 0 AR 4 FhSRAY: Joyd A i), af DISRAE ), g5 —
PR K S IR ) A, R S AR U5 T ) . FRAT TR B X T RIS AR, ek = A SO AR G
U5, AT BRI E B H R . xR PSR, AT BoARARXS T4 G i vk 5 5 2 15 78 M R e sk
B TR e ), WAL BRI Zi e, 4 R BAR i T

o FRBIRIO)E. Bl s KRG M MBI T — S LAGE— @A RO 8, 0 78 55 8, TR
)R, AR X, Bk X P4 il AR, IS 4 TE 2 UK T TR RRSEER AL, MHILZ R, 5G
RGN 5B G, KPL MERTE L, Fpilig 5G NR LT RAR R 22 B 41 1) 25 S 5 R
F B9 FE G| N T S 4E B AR S5, S ia 4ok T 5 OARR B RIPkK. 5G NR 55—k DL 1)
I /2 KPT R4k, GiaifTid, 5G NR ] KPT ¥ K UEE IR SR . B AER . W4T FEd: | E 4z
B, K PRI R SR 2 AN YT, X R bR AR AR A A B AR B B & 1 [V [RL i A T 4 R
IR e

o MELUKFRIBIEL. 5G NR W M — R F TS FC in) 8 59400 G5 /N X R AR IR A i 1EAS 540
RS ATHC . PR ATEC . KBS MIMO 2 FH 53K, S To kM 4 ke 40U B8 s T O 5. 16 26 i) 730 Fr A 284
Ak, B Ar e i 3 BN o 2R 0 2% 1) A ik 2R B KAk, R — B FE B I PR SS L gl AP H s R
fife v LA 8 R T NP-hard ZERUH G IRAL, X5 RT3 A FE I R oA R 3 I i Fe . &40
R T 1 ROH LG S 1) R AT A 2081, AT DAL R T SR SRR AR IR i ok 77 8. AT R IRy e 2
v R () R it T AT RE IR AR 1B AR

o Z—1RNSMELINA)E. 5G NR W &k — LB AR TR AL G. LA 5G NR FIVIELE R, %
KRHURE MIMO £ H P2 AR EE . NOMA {5 5450, & LDPC 31 Polar 55 i 4 - A0 55 Th E A B
R THREAEH L S A ], (R EE S AT DLRACR AT 2% 21 HRIE — I CAfg ok 25331 0K e K
AL, TG ST AT BOREIHAE 7 A 5G NR VB2 BT A B D s b (410 Wi a1k
ARG . I TRESCEIL AR . $Em B 2 Se I v L B v, R A PR R IUA | 12
SRR,

o RIIMSMHITEIRE. ¥ AL BT 5G RAMEMAEZ, N THE WL RIRAE G R S HL
UL FE AR Th AR, WnET Ard, 36T N T M2l Zhit i, gt i 2 th N e
T Shannon &5t (HANT TR BT 7k, FitEE TR AR, BIlZRAT 7 Bt )
BRI FRFIH. 55— N EEARN AT 2, (58 AL EAREATEEBG L 42
VIELE S AR 2 A LA 8 FIRSEEMBCE ik B R S SR S A Ak
S 199) X AR R AL 8 5 VT ME AR ORI
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3 Al NAT 5G Z%GaysaBITE 4]

AR BN AL T 5G RGN 4 DA MEAHLE B WL
Be 5G M Inid s, & 5G PR i 24k,

3.1 MEBEHELSEMK

HZHZR M 2% (self organizing network, SON) T 3GPP %24 LTE Wik s H AR, AHEL T1%
GBS, 5G MR NE AR, WSS E B, KX SON AR 7 RF 5 izl
SON G 7 Mzg HECE . AL, LA &S 3 WLhRe, BERMAALGN T, SEI ML k2
FCE, MM B E Bk, AR IS8 A, PR AU, SCHR [46~48] X AT BORAE SON
HINLFHBEAT 1 B4, W Rkl B E 2800 E . shAS R 1T 2], Wb B 3hi il 5 e, &M
ESH E S, PRI AL 7 E3E N A& 25 ) WO, Rosift Bk5s.

NI BASCHR [34] £ E SR TG, M AT HORAE SON YRR . 81 Sl LTE
W2 E B2 W, AT BORFEZ IR KR @ (1) 3G KREHER N KPT #2k2, S 20 i i
PRAE, MEABEAT T BT AS2 I (2) B T A LIZWHI A B mMaE VAR, FERBERDANTSE.
i, W9 S G BRI M B W R 22 S Ok, SR H TR AT IR I2 I R4 B 12 A LR LD

HIE 1. FIAE 2 B o i B B A2 (SOM) B SLIIN Tohr % = 45 55 200 110 73 25,
Z M) KPL 8RR T a4Er) I sl SOM 1R Jy N w22 i 2%, Gl i Il FR e # AR = 4E 0 dm A2
PEAE WU B —4ERR 2 e 2% SR T RS M BIEE 1 R 1 20 AR 1 Ol BRI e 227,
LRI 1) SR A BT IXRE R SR T e 4R IR AE R R A TR R

HI; 2. 5B SOM gk Ja, FATTHEX SOM L2 o b T — IR C B I EREE. B &
2 TE) ERY B PR 12 B 7 L S B0 - 1) PR 22 5, P DA T IR R B PO UR A (Ward) SRR ARV R AT S
ISELELPIMIE 3

FIR 3. ARl LLEPIASE IR, Bl Cem o N LIRS, B, FE ST S0 70 47 R B0 R 4T 8
(8 T S B A= Ll W 0 e

DA b 3 ANPERGERL TS W RGO, @5 T —E B3NS WRtE, ik 4 Fos. tEmA
HIBT BB N Z R GG, Kool SOM JEAr B B AR 2 T, P HZh 22 T0 R 288 0 b 28 41 iy
re i DL R . AR W — e BOE R R 2 5, BAE 3 AR IRAT DURHA AT F DASSIE AN 5E 38 &
Gt SCHR [34] BIPTEEE R, RIEAE B i B w AT, HFHEANTZ 5EWRIRHERT,
B3R B B RS W R GBI B AR E S IS W .

3.2 FHAStR&IMSE

HMIELT 4G LTE-A, 5G NR ¥ fils 8 N E 44 OFDM I JE: (RB) 1A A, LUEN. 5G
3 RN R B 5 AT N ZNX . 2P MTER RB iR R E. o, F—h
XAAFE 8 RB 2 ECR B, RV F ERTAANX A RB AT . BikE
ANH P E B ARG T (SIR) WEA MR EAH, W RS RB S4B B bs 2 FTE -
(15 BB 2 M kA, X2 — MR NP-hard 40040 BR, BT i BT 58 578 o5 Y Bl R 5
P T E L.

PABET Q 5 I AR R . B — R Re ek 57 EIRBE S P 1 RB 40 1C, W% g s if
(IBh1E AT LLEAE LR E I S RB AT #: (1) EF-—/NX A, %85 SIR B2 W RB 70 Blds
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KPI database

¢ Input vector

C Pre-processing >

" Designstage - ——-—=-- Exploitation stage

Training

) 3 . Percentile-
¥ i Best rllllrzliittchmg based
( Clustering ) i approach
’ | v '
) | < Silhouette controller >

Labeling
C Cause output >

Bl 4 (MBFE) BanaEEisRgRE BY

Figure 4 (Color online) Automatic root cause analysis [34]

MT(1,3)

T OMT(2,3)

MT(1,2)

5 (MBEREE) ZNXERPEHSTETRIE

Figure 5 (Color online) Dynamic resource allocation for multi-cell and multi-user systems

FIP; (2) AWrEEAN X SIR e Z M7 1 RB, DA SREEF KR GPERE; (3) X F A RB, {EA/MX
SIR 7= M 54X SIR Sl 9 FH P BEAT BE X B %, A&l 3 prs. Brpa-S 0 55 1 BE AR, T 58
3 ANEN 5 AR e AL BRI, HART /NS 8 BOA R RB. BRI, AR AT SR 3 T8 18 ] i 4
R DA, XL ek R FRAFIEH AR5 SIR.

BRESHRAES R ATE G, DA F BIME B R AR R eI, % 2 B s L RS 1 )
RB #EATIH %, JF4%I8 Bellman 2300 Q BRECHEAT SN SR 9L kb AQHRAE, B2 Q mEuEa T
FasE.

RSB RRIE RS H 7 DR A B4 & SR [49] TR HESE, s T2 /X
FURHARRE RB I R DI R BT, WER ARG Zit— D E M QoS MIEFI APk, "l 5l A
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Lagrange F€17%, MMM FIZNETEAEAENAT Q % SCHR [50,51) X AL £E£ 5G BT He i) — L&
RLFHBEAT TS a5 AR B, TSR [52] BAIDF 1395 2 JTihAE 5G Wi A R UL R HoR D7 T
{BEIYNASER

3.3 5G BAMmiEzE

LT 4G, 5G Yy FEHr A PR 7R 228 8 B 2 R, B, KM MIMO A5l . NOMA faill, A
Polar i35S, IX 2> (4 I ASE b, SCOL AR AR, o DLER R, R 5G B2 (BT
ThEe Al DU JE 1 D8 7 P ) B A AL AR S0 s Bl (53~57) . kb wob g (LT ThRE, B L IRSEE R HHiE
R SHE . LRECRESH, MR R AAL. B LH—/ N T BEERE . SH0TE
BP0 P o 2 S B A A Th R

JUE T BAEARE EE AT LASEIL 5G il F I 28, (H 52 M REFRHI], B(5 ML R ke —2edg
NBSRTCIE SR EE SR, I FRAT 22T A A R A DR A A b, SEIEE T AT 1Y 5G d iR
a5, AT B DL R PIROT S A B AR EIE SO N — AR RETELF Y AT B

FiE—. B EEEREIESONEE A% (DNN) Bk ENT: (1) B EEEFREERR
THEIER 2R, FEe A 07 0B8N — MREEM & N 4, S| S T BAS LR EIE AR L.
(2) %} DNN #7125 SCHR [30] #2HAIFET DNN ) Polar FSRRL 3%, SCHR [58] #H LT DNN ()
MIMO il #5% 552 7 v — 1R HE A A5 b s sl gy

FEZ. B BEAREESCNBEMA ML (CNN) BE. 5T (1) B BEEREENE T
B S HPTE R A b, AN AR — AT AR R AHAR kG HO BT SR R 7 B AR .
(2) FIEEA R MBI CNN #1712k SCHk [35) 21 BP-CNN {FIE I8N 7 k.

AT BRIP4 2 Sk B S FE I @ R S S, 8k ST SV A 2 X 48 e
AR I, FRATSZ 55 T LA R BT (1) REGVEREMIIRTE; (2) TELFRMII G —. WLERAN L I 26 (1 BV,
BATRIL ONN O #E BRI, Tl DNN B0 EE RN R feikia 5. 4 ksl 51 7T LA
I 56 i FIR A B BRI (Rl — Bk R A, R i N B gk A7 A& B 2, B AT RIS SEE CNN 5
DNN FIZhfE, WITSZIIE T AT [ 5G B A IS, Sk [28] SEAHFTT T 4048 9 485 1) v 20k s Ak SRS DA
JAEAFSI. —Fh ek ShBE S 2R W 6 iR, AT DA H L g B R R T o R

SCHR (31 fr i, FEERSIE D S8 FEH R, SRR ARI RS (W 7), B
2% 5P S 70 FTH CNN Al DNN SEIL. 4R AT I a8 A A sl . (1) EA-E R
Beit: BATADE AL B o —ANIE AL T 88 38 ACFE 38 8 58 T/E T 17 ek (CNN), FiA
NKBEFIERE R, SR TR, 285 T/E T IRS28E 0 (DNN), K NIGRAE 25 A NN, i
B RS EE . (2) Tk SRR Sa i v Ol e 79 A i P AL 3R 9 4 R K 2R, P AN bR S 230 T
VEAE S PR 28520, T LU Y, AHEE TR oS, a8 AR B 25 v] afy K S8 24 & vk H B, DABE
L Hh AN R RGBSR

3.4 5G YIBERiREIHMTK

AT FVEAEY B E 35 T E R D SEBL T ThREARAL, B4, SCHR [36] $& Hh 0 22 4o 420 I 245 1 18 i A
AR, SCHk [30] FEHIA DNN SRACES RS 2%, 2 SCHR [35]) $2 HIZET DNN ) MIMO il 5924
FEPRA B AN EL JE AR A AL I 8 R, AT S AG 21 7 e Dh B RLA, 9 anSCiik [31] $2 i kE T
125 0 245 (1) 4 68 35 i AME T8 BED I BE S LAk, STk (37, 59]) 3% AT TEV)EEZ S He g N 3T T %8¢
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FIFO

FIFO
FIFO
FIFO

vy v vy vy y.
[
FIFO PE » PE »PE| .. —>» PE| , | _ |
| \ On-chip buffer |
N N N R
A 4 \ 4 \ 4 A\ | |
| \ C] Ifmap buffer ‘
FIFO PE »| PE » PE| .. —»|PE . ‘ ‘
| \ \
FIFO PE » PE » PE| .. — 3| PE 1 1
. . ‘ D Ofmap buffer |
: o |
FIFO PE PE PE| ... —» PE
[ Max pooling/ReLU/Sarse Ofmap ]-—

Bl 6 (MKRRRZE) HE MR — 4 Rkah i FURE 1524 28]
Figure 6 (Color online) Systolic array hardware structure for neural networks (28]

e ——

Channel

| |
: ; } | : NN decoder |
| | \ \ [ |
- \ ‘ i '
o 2 [} \ 2 ‘ [ '
g:N RN EINER i
m 5 s Hiz) 12 ) > ro 5 g s m
e N @) > &) ClEES T —
| E 1 | o ‘ | |
| E 1 | © ‘ | |
il © [ \ ‘ i |
| | n I ] } [ |
et Lo ————_ _—_—_ | bid |

B 7 (MEMEE) 62MH%ERESIFHENEIRE BY

Figure 7 (Color online) Architecture of a receiver including neural network equalizer and decoder [31]

AT B 46, LU A I TE A B 2 0 B R AL 71, TR E A 5 0
S, %R B AT BER TR R 28Rk BB VIR T AR, B, TR0
RIS LS B I A7

Sk [59] SRHKFYISE B 1 B 5 L R, S R 2 R R R
MR, TSR OB A R T R FORME BRI T Fi, B TS BT
YA L0 S5 SRR V5 L TG LY 505 8 A OSBS54
il (BRI, AT R A . RN 3 MY R B 55 )
TN AR DNN, U RBIRIER A (LERTRI R I, Bl M
softma. B KR, BRI — LI ROR BUE B E 015 KL PI#R FLI0 AW (it R i
[ MR Z (noise laver) 7%, ITDHIE(E REHETONLEHIIE 8 FEARHKM E1 5153, %0
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Al for 5G: research directions and paradigms
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Abstract Fifth-generation wireless communication (5G) technologies not only fulfill the requirement of 1000
times increase of Internet traffic in the next decade but also offer the underlying technologies to the entire industry
and ecology for the Internet of everything. Compared with the existing mobile communication technologies, 5G
technologies are more widely applicable and have more complicated corresponding system design. In order to
better balance the complexity and performance, artificial intelligence (AI) technologies have been considered for
5G. Typical and potential research directions to which AI can make promising contributions need to be identified,
evaluated, and investigated. To this end, this overview paper first combs through several promising research
directions of Al for 5G, based on the understanding of the key aspects of 5G technologies. Furthermore, the paper
devotes itself in providing design paradigms including 5G network optimization, optimal resource allocation, 5G
physical layer unified acceleration, and end-to-end physical layer joint optimization.

Keywords 5G mobile communication, AI techniques, network optimization, resource allocation, unified accel-

eration, end-to-end joint optimization
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