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Abstract: In recent years, artificial intelligence (Al) has been applied to wireless communications, in order to address the
challenges introduced by data explosion and Internet of everything. Firstly, three core technologies of Al were introduced,
including deep learning, deep reinforcement learning, and federated learning. Then, an overview of their applications on
wireless communications was provided, from the aspects of wireless transmission, spectrum management, resource allo-
cation, network access, network and system optimization. Based on the overview, the principle, applicability, design me-
thodology, pros and cons on applying Al technologies to solve wireless communication problems were analyzed and
summarized. Regarding the existed limitations, the future development trends and research directions on intelligent wire-
less communication technologies were pointed out, to hopefully provide useful help and reference for the future research
in this field.
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LB S ) A JE AT i () I S AR SR L TR T
MREE K

TETCEAEAS 7 RKBIG IR R, Je et s R4
RIEHE BT AE . —E LK, TG REN
WA IR S 1 E A, B TR A2 AT
SARREAT Ry g, LA 1R — TR 2 AR L
TSP i 1 A R TR R B .
UL UL, AL G TCZl AR B I 78 73 R N XS
TEBEMATRIR SR (LKA RERUE RS E
ST e BAR, XA E AR R T
LA TS, XA AR I
oM AT R 48 W AR A ORI AE LS . 1,
TCEIBAE R IEAE 0 2 5B, 5 7 5 HLE & A
RN JT 10 R T AL IR o e B AR A AR A 2,
M AP L AR )2 18 S E B,
N4 T A% G5 T AR 2 1R A5 8 Ak T 5 VR R
PR, AR R T ) TR I A IR0 288 KIUASJa] 35 1) [ I
20 Y JE 1K) 0 28 % Yt K00 o B T 00 AR T
K A A 75 oK . OB T B 4% 7R AL
I Z B OE R AR BRI, AT AL G BRI HO
)2 0 L R BRI I8 AR B vk B80T 81 A 7
EH .

EX 5T, R Pk e N T8 b
(Al, artificial intelligence) A N fif ¥ IC Ll A5
FOAR e e v B (1 IR By ok 1R ) g . BLER
IAE AL K RETR R T BB, R BN
A A ) B el i BR O A, O R X L
AR A Y. PR SR B P SR . AT AR T SRHLATER O 4
32 Z N, FEAFEREZ 2] (DL, deep
learning) 1. W 91K 2% 3] (DRL, deep rein-
forcement learning) P1LA & 166 2% 5] (FL, federated
learning) M= RpLgR% > ik, L, DL R
WM 2 M 4% (DNN, deep neural network) Zr
PEHE S HAR B M B OC R, I RE 99 AR 4
e NI E A€ U POP VATl S I &/ I = B 1 B2
S FEAE T LA VR [ AR T8 5 A 7 1OV 47 0
DRL JIl & — 2875 Bl A A58 T de A o S IR B4
T, EE LY ST BRI R AR,
RJGHMH DNN 20 B BEA- 8 A, d5e i
it e e s, H Al 3 N AE LA A )
SR, TGSt DL G JE DRL, BN 2l g
A BE S R £, DR ™ A T Ecds BE AR 22 4
PRI . R e — e /B, FL #4% H H TOR 2k

P BRFARI B[R] 272 20, H A 3 A 8 7 H s Uk
(K12 STAT 45 o0, i A VR I AR 1500 145

AL [P 98 Bl P I B ] DL AR A 48 o 28
TAE ZR G0 vt DR 5 0 RIS A B33k i
A thAk, AT BRI RE Tia
B — H LAREUT Tk b N 6 W 4% 45 B R4 4
BT3RS VR A ) H bR . R, AL G
BEoe N LS AE MR Ay R B LS. HET, Al
t1[¥) DL DRL 1 FL S84 5% 2] U5 &4 k1)
TR o gl (5 v i SR L8 o) 0, O TR 1R B
ARPVR @A K TR . (AfE RN, X
BLS 2% 2] 5 15 S W AR 2 e 6 - S AL AT 1 4 o AT
A, R AT B L G A T R
Mo AT HAA AL Ak PERER &5, 7EFIH AL
RIETCEIBFBAR, 75 A 0 2l A5 (1047 2
RIT 5 58 AT 55 R e 645 38 (R B4 2% > 7 ROt
AT B XS IR BT

AT A 44 AL (K DL, DRL Al FL =28
TEHLAS 2 2] 51k B FLAT T0 2 38 A AU 3 H 1 e
FUHERE, AT AL FERR YA [R] JC 28 A5 1) # I (1) )5
HELOGEME. iR RS, T I e Tk
(1) J BRL P Fi HH A Sk 8 i I 2 A e AR 1170 R e e
FIAFEFTT ] o

2 BxHIR

2.1 REZFEI#A

DL SR N TR RN F $5e) 32 10— 2K
WUgs24 317k, HIEATERUE R A DNN KA
s 5 H b e 25,

Bl 1R T —ANH 1 DNN 454 . DNN 1)
FEAR AT JEANL TG, SR IRE 2 KR B
3, T 3% 2 1R 7 Sk 7 ) A A AR B IR g . U
Gb, WA TCIHES B A2 IR A . MRS B AL s
W77 1, % DNN J R I0 o0 Bk T — A4
NZE ZABREE URBE A—AMa 2.
BAME TGRS 2 &N E—Ems
Tt 24785 SRS B, AR TBAEFR A AU .
M5, e T8 3o 4o 48 0 1 BT R B0 A B ) A i
BEHZERN N ZMMA 0. N T EIF R,
K2 R TETE 1 FiR DNN FRZE 1 Rs
TGN R . Jorr, WSk ECh DNN kAR
CeVERAERE ST, WO IS BT Sigmoid!'?

tanh. ReLul'%,
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N N K22

K2 DNN il 1 Hphgs ol A i

45 € DNN PR R 2 Jode e 7 AHAUE, 5
B A JZEN DNN J5, @ik mifE
JEAT 3 R J2 A 328 ) A i L i ) DAAS B0 AR Y.
H AR B TR . X FEFRO IE AL 7k . 47 LI
W ZREE S A7 AR 0T Y. ) H AR s LS,
JIE 2 DNN HJ LA B SR 5 PR R (R i 22, JF
KR ZEAH N th 208 2 I i A i, LG R &S
ZICIBUE, X FERRN IR ZE I n L. 7E DL
IR Be,  BEAURS T B SRR FH I 2 s 2 I
BT E2 PR, HAE &M T Es,
) DNN HIZRES . 58 il 55 () DNN R] LA 2%
iy A EHE A H AR E] KOG &R, A RERR 4 A
SRIPR Y HS Al YT I AR e A

{HAFER M, 1%k DNN 1AL 1% DNN i
ZTCIIBUE, AN RE SRS T IR FE 51 46 F M B
7750, Bl DNN 450, & 1 nl%n, P21 H
FREE I 4EE YeE T DNN %N 2 Figa )2,
PRSI g5 0¥k E T DNN 14514 . 7218 1 DNN 1)
Bz, P AN A JC R R, IXFE ) S5 R FR
M AR (fully-connected layer). HARAIERL)Z
ST (R PR IR AR 2 JuH A S ), HE e B BT Uil

PR I BT A RRAE . R, SR A 2 ST
MR B M2 oo AN B s i 248450 BT, %
Gy IE NG K ZAbRE ) 2S5 . R,
W) DNN 575 SR 3 250 IRk AT 5545 5
KGR AR R AR Z 85,
.1 DNN &ML ML (CNN, convolutional
neural network) Pl AR MLE (RNN, recurrent
neural network) "1, KA HIiC1Z (LSTM, long short
term memory) [PHHZRIZ . T, CNN @ 4L
AT SR ARV 1 Bt i RNN AT LSTM I
KA PHIE . Meoh, EH 2R B 3l
# (autoencoder) "f{IEk DNN £5#y, nJ LUE L
WIZRAG BB AR ) G b 28 FNAE A 25 o
2.2 REBRNKESHR
YEARLE S 20 53— 2257 537, DRL [ HAR2 1
BT PE FRpes, hSeE WR  E R
DRL [P A 4 38 72 7E 3 4k 2% 2] (RL, reinforcement
learning) U"OWRISLRE b IR N . AEZE00 RL HK
AT LAY A TS T 50X 2 Aok, JLHARA
AEZ W% WIS AT a4, o2 WiFh RL
I35, HAFAERK I R BRI, DRI LA )32 N H
DRL il id 454 DL K yefijfE 48 RL AR P AEAEI A
PR
Hordr, JETAEM RL J7 5 3 L R R AT
B PR B, FH ™ A2 T EFE R AR R . 4k, DNN
e th H T RIS (R, WA RE Q M4
(DQN, deep Q-network ). DQN [1 %t id K
O(s,a;0) s XN RL HAE KL O(s,a) « Ho, 6
J& DON AU, AT Hemi ks uERs, 2 he
SR E SR E RNl N R0 0 3k
AT IEACYN G A B o
U, SCHER[31HE &5 R Pl 2 H bR
M &% (quasi-static target network ) £ AKHE 5 DQN
IR T . e ISR, B Re A 2t
AR M IS NJE T (FIFO, first input first
output) BAFISRAEAGZS, RIZBAZI B AR A 4 56
WA R, FRREFRAE O I, BReE W&
WAL B AN E A AL KL A B KT
LR N R RS BRI b, B ReoR AL
## 2 4> DON, — AN T2 I 2R (BRIl 25 DQND,
3N T RAG B E ) H FMEAL THE (FRA
HAx DQND. &K K %1, B ReA 2wy s 20 il
Zx DQN [A]42 4381 111 H A% DQN.
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PL_EA 2811 j& DeepMind F1BAT- 2015 442 H 17
IKIE Q %:>) (DQL, deep Q-learning) 5P, 15,
7t DQL HyEIEAl FAHGE R R T XOREE Q %% 2]

(double deep Q-learning) HLVENRITEA IR Q 2%
>] (dueling deep Q-learning) $LVE', iR SVEH#E
it SR BB PR, PRIk o 5 A ) DRL J57%

HARFETEHY DRL J5 ik g s ifpREs =
i), AE A BT AR Bl AR a2 BT AR T o 2 38 17 i A7 3))
ERME R 2. Bk, AT R Tk R 5
BB AE 25 1A) 1R 0] . A T PR e S UL 482 3 A 1 e
B, SCReHE m Eos A SR s s e v, AT
GG IR T RIS ML T IX 2 MO iR R MR T
TR A P SRS G (DDPG, deep deterministic
policy gradient) 531", DDPG 1/ T 2 443 )
MAEER (actor) FPEILZK (eritic) [ DNN.
Hor, YRR TR ek, sz WA T
AT AH PR S B ISR OC &R o AT I TR )
DRL Jji%, DDPG FL#MEhEZ IR0, A
T PEAH BR U KI B . HATSIE R PP K
BRI ) VAR BT B EVEIR 2K (AC, actor-critic)
(*] DRL Jj¥%. B DDPG 4F, Hoisims it (PPO,
proximal policy optimization ) PRI AL A Bh VEVE
# (A3C, asynchronous advantage actor-critic) *!!
T AC AR E L
2.3 EXFREFIIHiE

DL A1 DRL #7 ZA A K 44 DNN AT
WM&k ABGINZRTTETE e B AL — AN os 2
MINEEE D, RiGEEPik DNN IR AT
DNN ] IS4 D AT ARG o Hrp 4
D HIEEIRE X = {x,, -, x, } FAHN I H b 5
Y ={y, -,y HH # DNN FBUHE A 6, W
%k DNN 1) H b fe /MG R BR KL

L®)=1- Y LO) ()

Hrp, L(0) /24iiE DNN EBUE 0 FXT x 4 5

JLESE H AR y, 22 Bk s 4. Rk, o
A L(0) BRJE B J7 17 BB, R
a1 0 OL(O)

0'=0 NZ,,; ” (2)

TS HARAE D A1) nT LA DNN IRUE AT

EREERT, HmASAR L IBUE. SR, {EELk

WG RS, FEALIEFE— A e MU SR 4

FEMELASEILIN . — 7 1f, ToZEAE R I EdhE A
PN NI B TR W SR R aEe 6/ € ST PN e TR N =]
KK TR . Bldn, REEh &N s W
#hes B A KBS, 7, XA ]
Rt A NG BEUAEA R A 2. BT
XA N BRI 24 (2% 18, Bk IMInA & A4
B EHRE S AR == TR
5%, FL e th H T 2R Re i e A e 2L 2l 258
PRI ET L T %) DNN ZE4TBMEUIZM,

W2, A% DRy EREATE
D,-,D,, WH

I N, < 3L,(0)
0=0-> LY 2 3
LN o 2

Horr, N REWESE D RN . NG ELE

O F T HARE DT B vl LUk 0 % T 241
MR E B . FHX - $5E, FedAvg 5L
P A T 2 AN A Hh 0 52 10 29 BE AR L R )1 25
— 42 )5 DNN. Hll ol f2 3 245 2 MR
R, RUARHUN SRR A R TR . R,
FREAAR T S8 IR 5528 1 2 BT 1) 4% J5) DNN BUH
WG R A BRGS0 DNN B4 T2, FH5
25 J5 1) DNN BUE 5 IE AT T 2001 4 J5) DNN AUE 1)
ZEAH (URBUETE R RIEZEME . 2R
TR, IR 55 4K A R e A W AR A5 21 1) B A T
WEAAT PR HE G 754" DNN [WAUE AT
A5
2.4 NG

VERSCHE AL I =R EE LA 2% 2] )75, DL,
DRL 1 FL ¥ HAp &M Hrph, DL A
JUEFH DNN B EGE A H bR B il s, i
SEPRBAE A H bR 2 &R . B, DL &
T E A U R A P ) @ . DRL G I A
(trial-and-error) [F)it FE7E 5 RS A I AZ T A 2% 3]
BB PR 0 b At S e sk, BRI 1 A
RENE RGBS IHAEE PRI )8 £H%F DL A
DRL " A77E A B RA I, FL i { A% % DNN
B R o B it i, AN SE B 756 B e 1 AR
o BRI, FL GG T 7 2 2 B e AR I E I 25,
RO BEAA DR A7 50 v SR (1) )

N, AR SORE AR i R X = SRS 25 3 A
TS RGN, IR TCLe AL S 2
PRI E . M. M B R Gk 5 AN 5T,
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PASZ R e Jo 2 045 (1 S B o
3 ‘AR

3.1 EiEf

TETCER A, Ak B Ak A5 5 &
XAGTE I W R AW o R, O T IEAfRS I Ak
F s B EONAE TEARAS (S . (CSL channel
state information) BEAT Al IF LAOHE 5 B4 7 2247
ACH, AFTEANTHE RS 2 AN e Rk b )
Belloom AOX - RIE 55 AR E R AR P i 2 1
AR CST ATl Th o ASKRICE A R G FH AL
IR ZE BEHI RO SRS K, XA R
vt i ke dkik . —J7i, R TR THE IE
P IEAS AT YA B, 1R A AR A A2 A KB
AFEA T HERYE. 75— 7T, B RS
K, GHAFEAATE RN A AT, %
TAFTE ANV AN ECT AN CSI i #E, DL
AT LA A5 b i X — 2R ) i

ZAL G /N TR ZE (MMSE, minimum mean
square error) {5 EfGTFESMIE K&, SCHR[22)#EH T
—FPJE T DL ) MMSE {585 15 % 1F8 H 0
& MMSE filivH 83 (14544 7+ DNN 454, 74518
J7 ZEFE PR AP R 22 FE B (Toeplitz matrix) [ K
T, FJH CNN SR DNN 58 A% i 14k
REW], FEh T ZHBEA RIS R 2ZH B 1) 3GPP
FEB T, X EHRBETE RN IE HE R A N
PAFHAL GG AT AR E E A T 22 . ()
Foe ML G ETEAL T TRk, STHR[23]% 1 % 340
EIEAT /B T A TR, % DNN Hig/h—
Fefmid (LS, least square) fhivhastidsif. Hr,
DNN FH T8 AR F AR 1E A8 S s 1 1) 3 Ay 4%
HEATREE, T LS Aot 2 F TR PR 1 =
HATAEEA T EACEE m A5 5 i, AEEUE 7%
J7 ERELLEAR T R Ak 5 MMSE AH A
WrtPERE . BEAh, SCHR[241% 08 T AL S A
SAFEEAGTE R TR S, H CSI
HAmFAE (CFO, carrier frequency offset) 15 iy
fmFE{E (TO, timing offset) ¥RiE. Kk, SCHR[24]
FEH A H] DNN #3234 CFO 1 TO [8] (1 k
WA, Mfixt CSTREATHERMfL Tt

{EAFERIIA, SCHR[22-24 1K H T 148 34k
W%, ATk BT ERe, STHR[251FH DL
X G AR AL U AT B . 7RI OCER

o RS 8 2 A 2 (MIMO, multi-input
multi-output) RGHKZ M P AT EER S AL
o AT A3 BRI K B 390 41 R T
flivhds, VEEIT Ashgiiddsts DNN Witk 350
B BN TE A TR 7y o ERIH S CSI
AT DNN BT B N S0, 300 st
R R T Ay T A ] DL 43 Sl 7 U 306 i R 42 S o
WATAEEER S . TLES R WoR, &7 S BT
17 (MSE, mean square error) L& L2k 5z /N
Ji % (LMMSE, linear MMSE) #i%=/E (1) MSE
Ik 40%.
3.2 (EEFNANA %R

R T AR T AT S AL A, AR T
TR, MIMO R8T IR I8 it i 2RI CSI %Y
GO BTG AY, A IREAT 245 BRI AT
SR, IXAER sy 52 H (FDD, frequency division
duplexing) IR MIMO 2R Ze st ABEAT 92 B0 . 75
KA MIMO RZeH, BLub i R 8o KT H P 4k
L P &R 8. Ik, AP BI5EsG 1 B4
CSI fEHE v 5 o A v 2. SR, Kkl 2 H 1
AT CSL &R, #ibH P &t fEiE b v
FEELE LS AT OB, [RIAEE e 2 DR e 250,
HItFER, T FDD &4 B MTEEMEAE,
BeulithJovk I _EAT CST HHEAF 3] R 47 CSI, BIAAY
EAFTE B e, i, SCHR[27-28] 2% bl i {5 1E 7l
DA LRIZ — i) i

HBARFDD RGP B MTEE A AR 1 L
s, HEIFEAAAEIE. B, BOES 2
(R — 50, FrASL 2427 [ KB R
BT I, SCHR[27-28]82 A DL kdzdi b
17 CSI 5 M7 CSI Z AR 5C 38 o Horr, SCHR[27]
Wit TN HGREMAIERZ 18K DNN kit
B M7 CSHIMUR SRR . TSR BoR, &7
FAEA R EE B LIt Re 2 iR, HAsE vk
KA o STHR[2813E — 2 ] 22 AR s & > T HEeR
AHMBIEB T — MR A2 M 2% (SCNet,
sparse complex-valued neural network) KX} . F4F
CSI 1) I EAT 734 - SCNet T8 i 93> v 7] 2 1
Zoo M ekiaf DL 85 EL AT CSI AR
AL PEAE B, ANTTRAS S o (1 TR %

RRAR S Bt T4 2 ) — i ok S . SCHR[30-31]
A B zhgmt g nt CST AT Hdi, i A%4%m CSI
Hs AR B In A B it 1. JLrh, SCHR[30]7% 18
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T EAIRED NI MIMO R48. A5 T,
I AR E . L, R e A
B EAT #8481 — o B 50 B AR 6 ) L B T
2, R T A% CsiNet 1) H shgifid 28Xt E
TICEMAT R i g FIEE AL« CsiNet 1 4ufi a6 7>
B R4 LT I BGERAE, B AE
FEIZH G, 1T CsiNet [R5 25 53 W) F BI04 0o 4%
RefineNet #4) i, 1 L 45K K B, CsiNet g3k L
TR 4 AR S I CST Hky JFi e . SCBR[31738E—
WG TG TEIN AR R R T S5 HRAH AR I %)
CSI WA, SCER[3117E CsiNet Al E5IAT
LSTM 2, #H T CsiNet-LSTM. CsiNet-LSTM X
ZAN Z ) CST AT [ I AREE, 325 T X IAE CSI
1) s 4 0 R A
33 ESam

15 SR S TC 2 AL S 1R B B o),
H b MBI 5 IR RIS 5 o ARG 5 Al
TIPSR RIRAE T AR TE R 7S (1 56 50 M
FRM RN 5 W F MR, AR5 5 S e
BT A AR, 35 RGO R ARG 75 (1 5656 50K
ATER, B SRMTEM RS, A, kix
55 LA R, e MIMO.  1EAZ 404y 5
(OFDM, orthogonal frequency-division multiplex-
ing) SFHRARMGINIG, 15 SR & A4S
FETbo VR BB R L) B, A5 A I i) T DL
DL a8k A«

£ MIMO R4, BAT M SCEREE T B KL
SR (ML, maximum likelihood). 5 {6 (MP,
message passing ). 1T B A% % (AMP, ap-
proximate MP) Z5EZ8 MK SIE . IX BBV T
EAREE ), HOH R AR RS . SCER[32-35] &
B MIMO {5 5 80 v ok, B e AT AR 4G
¥4 J& I i DNN Hr 2 4544, Bl DNN 65— 2
X JRRE T OB AR BLSCER[321 4 1, AE
#F|H DL % 1-38 AMPCOAMP, orthogonal AMP)
RO 38 e IF o R T S AR B BS 50E AR IN X
EYEAR BEHEAT RS, OAMP B39 75 23K AR M AL
B E S RMEE. H, GoEEeEwR
BANTWREBEI DK, MAGEMIKE T8
ZINEACPE H I T R 2. ik, SCER[32]
Wit T —F OAMP-Net, ‘©¥Hf—RIECIZ 5
FFA—EME W EiEs:, mEb K ks
TCIAUI Y E « fE45 5% DNN JZ %05, OAMP-Net

AT LAMCK B2 4 b 2% ) 213K AR AR B I B R 4
LK. PiEE KW, OAMP-Net nJ LA
(¥1is 552 % % 3545 Lk OAMP Fl LMMSE %111
R BT R AR, STER[33-35]75 Al A
H DNN % MP. JLHu#i &~ B (CGD, conjugate
gradient descent) Fl ML A &5 AT T R FF, ¥
o A SN T 15 1 S8 0 A e A Ol AT LU YN 2k
b 2z A B Mg o AUE . 1 B A R WO,
BATTER A LA SEAR I o ST A R4 L i 8 R B
DL PR A WU 7 i 2

SCHR[32-35]4¢ HH 11 7 5 AT AE A 11 15 38 A
e T EEM TR ZESERBE SR, F
ST HERA SR S BRI, SCBR[36]HE H K5 T Ak
W SESENIA TG AR, #ERZE OFDM #
gt, HrpaEA> OFDM it &5 SRR AL Hd o 1E
KHAT A AR Z N DNN K8l 21 1)
OFDM Myt . 422 Wb Ay R Kt o D7 L85 KW, %
T3 A T H R A /D it A0 A BA RIS AT LA SR A
FUALZEY) LS A1 MMSE il &5 SEAL KM RE . St
A, SCHR[37-391FH H 8hdmht 2% Be vt 1 i 213w 115
S SR RS BARSCHR[37-39170 il % & T
N (SISO, single-input single-output). H.
ENZHIH (SIMO, single-input multi-output) A1 1 bit
OFDM X 3 MA R T4l 5 R 48, R ek
HI TR . E5E, —4> DNN #iih T
PERE AR 2R 0 (M) Gt A AR R el R, LA N Ay 36 i
RS54 H ) Bl i Jo R4S 5 . AR
Jo, 51EAE 5 AR R AE TE I B 4 A % DNN Hr )
—E. M REEELIR GG, Ashgibas ]
DARR R A5 5 FE TG 1 A AERF I A0 5 A
TERE 5 A D BEAT B A0 (R I 5 vt o 24 I 5 58 1k
Jei s BB Gn S 1 g A A R R RO 53 )3
TR S A R BT . LA L], H
THET DL 1 30 9 1K) B 17 58 AT LR 2042 AR
HERME S KAFE e AR, e T 807
VEAT DACES ) S iR PR R A 3. SR, i 81 g 1) R v
T3 G5 MO T IG5 T S E I R Ed 4R, &
ATHE TN ARSI EE N Rz APEE AR ERT, Ty H A b
KA FHIAIT ST o

4 SHiEEIE

4.1 SN
A e AT IC LRI AR M FEAt, B0 Y IR0 2
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A PRAFRERIET o A T G2 Ao v 2 A0 A BR A 2 1]
HIA G, INFITGZ . (CR, cognitive radio) ##EH
P T3 m i ) FH 210, CR A JBARR SO VFIK
FH 7 (SU, secondary user) 74 #ti (1 3 H F (PU,
primary user) “¥PAIAT AT . WAR, HERG DA KT
PU /& 75 7R A8 FH A IS 2 SEIL CR (1) Gk, AHOCHEA Y
FR AN (spectrum sensing) K. S54L4EH
5 R R R TR V8L, AR e (R A i
AT LA AT B G vt LSRR BCRAT PU IRA3E
ATHIWT, B AnARHE B 5 D 2R R4 T ) i 1) B A
W# (ED, energy detector). HHT-HKHi5 i Bl 5
YA AR, AR G P N B A AR M L
A ), AR .

SR, B BN AT E R PR AR
FPR A, P 0] LAY DL sk ##, 1 CNN
FER Sz AR i, SCER[411% R T
— AN 2 RE RIS AN R . EE RIS S
Wy 2 M5 B R AR, SR NN IS
ST E R S G v R, AR A 2 T A
G E BT Y. ZEMST R AT G SRR, %
J7 EHAEY S CAME S/eR AR Cnge iy 25
FED 1) ED 2. mifEa BOH RIS SRS, 7
HER YR EYERITEL T ED. S RRHIEE
A DM A Al 20 BRI o SCHR[42]4E SCRR[4 11Kt 1
AT PU V&SR, BAE— D4 A sk
HIERG R . FIEE TR vt I A, X
MR [43-441F]H DL BN HEBUE S AT, B4
TR IS S T B A AL o, SCHER[43]
FIB TR 3.5 GHz FHIAMF 5P ). 1E# 4
CNN 5 LSTM &ity, A1 K e Il 2Rt 1
DNN 2% ] B BNUAF 5 S S A7 7 R R A7 AE
TIAE S LMK R SCHR[44)007% 18 T 22 F - 15k
B AT N ) . R T8 CNN AR BEAE
E# R Z A SU FEAS RIS E B 5 i BE P
JSCHE R, SRS PR R R 1 i R B fr N CNN
T4 3

IR SCHR T B U7 SR W EER 2 I 2 1
WAR AT I AR, ARG IR — 0 IS R
BRPEE TGS DRI, R A 17 s s 104740
T A FA 1) 53 B AP0 A S A I 1 Sy A R
Ko SCHER[45]H 42 ] LSTM g 37 7 s A i H
5 55 uri 5 SO G R i EE R WoR,
ZJT EA LA AL 2 60 min [R5 S AT B g DL

AT 95% [RITHEAff 2 FIUM 24 17 B 220 AR o A 0 SC
HR[46][FAER A LSTM %1t 75T DL it b H
PO 75 ez ik, —Rha R A
T A 3h1k DNN iS4, £.4% DNN (&0 4.
JEH BOE R 2E AR DL RBUE IR . i
GERKW], ALJE 1) DNN Bt Eb s Ak B A %
FHASESZJZ 1 DNN Bk i 2o 82 R0 12 2k
HE LI REIRAT o = P UEA M AR e
4.2 FEEAN

— e, A e R IR AMEE, ARG
T ARG LMEE N A AT B NS . B A )
BRORAT T RS HER = N E RN T TR IE
BN ) LA A 3 AN NI [) [ 93 1) 15, DRL 42
PE T SRR BB Pk T R

SCHR[47-481 KV E A BN ) . L,
SCHR[471% 18— AN REH P 5 Hoph 2 A R AT
FEON SRS I P S R — A B AT B AR . 4
Z TR e — I 20 Rk 5dis iy, Bl o 4l
2 R Ay lE A8 11 326 AR MC o TRT Ok 85 AN P SR 1 42
N TR 6 o 24 05 S WAE A0 | FH A b, BT DA
A4 Dy 52 R WL S 40 /O DRL PR o 38 3 6y
ST KCHE (1) 5) BT, DRL S5 28 RE T I 78 43 1) FH A5
T R 2 DRI BUBEAT AL i, DA v AR 1R ) 26
SCHk[4817% 1E T K 3 (LTE, long term evolu-
tion) ¥R B IEG RAEHITLL R (Wi-Fi)
X2 AR RGEAE AR AU E S ) .t
i) LTE 5 Wi-Fi L AT EET 2 AN R R
2 (1) RIS H 58 21045 R AT S0 8 B, AN A
LTE R&AE/ERY Wi-Fi &4 (W2 Wi-Fi &%
TR MHETEE N AR A R . AR,
X2 A RGRA ML, HMELAEATAE A AL
B, RS RS Wi-Fi it %5 BAAE O
ek, VE 52 R H DRL B 4826 i 45 ) b 4T 4y
Br, 8L Wi-Fi 9 Bk BEHb I #2 LTE
A Wi-Fi [OBF BRI (7 2045 R, R D
FARLH, %7 E v ULER S RYT Wi-Fi REGEH)
LR $E 5 LTE R ML %, HAEWIELT 5
F A B R ES AR R

EZEEN RN, FEEAETFENGELT
APk R0 B RE T AN S 25 E
(AR e N )l oy, AN TE (1) 5T B AR A S
Rk (R 2 A28k, T FH P AR R — I ZIA e xS
—EIE TR AT, DRI, I AN BB 4 A
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2L RA] KK FE (POMDP, partially observable
Markov decision process) [H#l, E{%H DQL iz
KR PIX — ) I, A e RSB A £ 2
ANy 20 38 6 PR T R AH N R A5 T8 i i i N 45 2R, DA
R4 POMDP F RIS BBk A 1), SR )5 K a1
TR I I 20 75 SRR R L AR . 9
JAIE PRI 18 o B LA I, Ede o0 2 RE A 1Dl
%, WEERBCE N IEE, wWh A E. s, A
B B W] e R AR AR I DL T B
G EIIREE, M RSB EH Fed R
Fe— BUE RIS B R AR, JE TP E A2 A0
DON ZATHB I 2. D7 ELE5 SRR, %07 2] LU
1T M5 T8 PR NS 2 R et g SCHR[50]32E—
AT ZH PO T G TESI SN . T
G 22 F P () I A P (] — 155 3 i 7 A= 28080 4 2Ll
fi, fEEIRH T/ JET DRL A UEEEA
Jr%e Hrh, WA PR AAL IR ek SR
RefAts Ak I s (RN 70 2 2 15 e %) Ak
HRAS, I HR A i s 2 4k B S TE AR N
. A ZEHRE I AR RIE, B REAI IR
T 1, W 0. h T HAGHEEIPERE, MEE 4
FTE RS Q I MBGRIE Q B T 54—
W Q #1510k, Ak, LSTM By T3 Wi
REPEEH N2 . TR SR, B
$2 77 G ] UAE P B A (5 4 AT BN 4 380k 4 R AR
b A5 E B AN T 5

AR TR S AR S b, BNk
WG, (FE N ) ARG A A% SCHIR[51]42
THT DQL Mgt FIUEIEd £ £Ei% 3k
B RE AR A A A IR, dE A L
HAEALE IR T PR ok 32 3 T i B AR 2 T
BFEHATE B RIE . T AR U AE ot 1) [ I
WETE D, BREAARI B H A 55 T
(SINR, signal to interference plus noise ratio) #H
S P iR AE N T8 O) T B A AR AT 2. Be4t,
VEFAE BTt DQN IR, AR 53T V5 A 1B A7 A5 1) 328
AR PERE AL S8 CNN Uk by 34 U1 26 B 8 1 2%
(RCNN, recursive convolutional neural network),
NI i 7 = =
4.3 AHIRA

M WO AT v o P AR 0 R A A B ) g T
BEAESS . A TRNAREE 5 e s 50, 1F
it B T AT R YU AR o SRR 20 a2k

55 I 7 T B A, BRI . L4
VRO SR TSR R B AT SR i, T AR
EAE S aR T B R M=, 1 5 72T A
Yo BRI, RSB RIEE T IR S AU X LA
PAF . WeAh, HEE A2, ER R
A ST s . R IX — )8, AATTIE
fFH DL Kk S5 BAR s 5010 S sk ik 78, i
FIFH DNN 8T BB

SCHR[52-53]4 T 2 T s b R R 1M 5 5
TEFRETT %, AR DL 257 OIS SHHE 5 3
W7 2 AR, I 67 24750 .
TESCRRIS2) T 7 %, Bl 5 e e ik 2 4 By
A6 By BRE, SRJAFEL AR DNN Xt
VAT AT o SCHERIS3TSR FH B SRR (1)
LEAEAE MR S5 AR AIE, AR5 KH CNIN X X
HEAT N . SCRR[52-531437%F 6 Rt 11 Fhif il y
AAAT TR 2R EoR, e 2 REEAn
P 1 7S A T P A R S IR I RO T %, HL
SCHR[S2] BT 7 46 HE 5 Re il o A AE A Am S 11 52
FARWAE 5 AT A ) 2 1R

SCHR[52-5314€ H R HiR ) 7 & 2 56 T AN L
FEHURAS S BTG WAk, AN T2 —
AU R, L 98 R AR A A i X L s 3
R, SCHR[54-6114¢ A DL %55 2647 A 301
FEAESR IR 00 o o, SCHR[54-57]4 ek
Bl A5 S BT R TIAL B, TR CNN X &%
AT BT EATTR IR BB Ak 1 Ak 38 7 1 s AT AN
[F]: SCHR[54-55118 5 5 IR AL R 1, 1 SCHR[56-57]
WUISR S = R A Vi A 18] o (45 —HE 02, SCHR[S5)
P T FPORUZ CNN 224, SRR HE FAE 5 102
FEEIA1Q JidaEdE: HIGESA&EHE )2 CNN
AR BRI 5 i B 1R O 3 (R S ) A e ] P e 2
J7 CNN AbERAS 2R &) 7 L i . 55—y,
K TF)— i o1 75 2 1R R A 5 T8 AN & AT B
(1 BT S5 B A 5 TR B T A R A T I A A B 2 7
KELFERE. T X— A, SCHR[58-6114
LSTM H T & . o, STk [58-60]F
LSTM 5 CNN #4545, FRIFHAEE T CNN 7%
S IO B D) o SCER[6 110 /E LSTM 1) 554 I
TN TiER ) Cattention) HLHI, SRS 5 K I
) 3 FBEAT AL, Jl I [ 3E W 27 51 A5
(18 L L SR At e 7 AN o 1 ) R AR e £
AR R, %5 EA 0~20 dB 115 ML R 3RS
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BV AT B AR BRI TR ©9.

(UM R A P B AN P DR 1k 48 ML 5
LI PERE .

5 RiRECE

51 IMESE

TR AG 1 BAT T, Bk q 2 A H P 3L [
— I A YA A RN s A AR R . D)
AN C A SEI P B AT B

SCHR[6210F7T T CR AR 540 FiE ) f8
b, SU A PU A AR ) (145 30 [ I 2047 A 4 1
SU 8] H Ao 38 115 20 A D) Za kA% PU AT SU 1)
SINR #BREN T-H—EIME. A TR —Hix, SU
T JeAE PU MHEBCE T 2 MR R AL RS, AR5
F F DRL R A% 25 (1) 3280 Dy kAR PU AL s
AAUFE AR, FEHR kB — AN AR A S D)
., B, DRL PR FAENAE 53 00 B A s 1)
A SU MRS DI 24 SU R T —A 1)
AT RIEIG, # PUF SU 1) SINR #B KT B,
WP2ZEE R 1, WK 0. e, 1FE# LS DQL vk
FFsiZAE T DRL IR %, HrERgE
175 % PU M SU S8 & WME & S . (B2,
G ENEE TS, T EEZHIT
BT RER SR

T, SCHR[631MF 9T 2 I 7 e 3 X 25 vh (1) 1)
OB . FEx ), AP A
W TR i KA RGO R . SR A 1% ) A5
TEAE 2 HE R — xR B AR, LA
PAF AR IR Z ) CST £ w bt H
k- QiR IR =2-4@ b PSR /NS Sl E Dl )
CSI HEAT KA BT 22K (145 2 FH RS /& M LR 2 11
M, FEFERH T R i DQL &k, A% H
FURSCA LR Re A, MR B S vl IREU) RS
RIEBE R % . R, 2R BENAEE S
A AR ASPE IR IR R, B RS R RE AR IR A IR B 4
DRI HG A Y e AR TR sl VR i 7 AR AR A, T I Al 58 4 B
LR IR A A v« LR, DRL A7 AT g
TEVEM SR B H WS E RE A 22 o B )il 3
M3 AT TR Y. G, TEE AR H P
PRI, NS B S AR CSIFFER, W
A0S AR P IR S A, AN & 7 e 4
AR CST LA S AR P i R g . IR,
VE# W R G RE R IX — A R4 H bR o il 0 A
M Brs, EH B SER 5034

TR AR B E . X ik P
A HAR A AR, AR THEIERE &
Jas e R T A EPIIZRHESE, g
Uik & R R AR PS8 48, MmOk
UESLE St e . DT LA R BoR, %o A X
DQL L5 21 2 48 Fs 2 ] DLk B2 g1y 43
A AL (FP, fractional programming ) F1 i AL MMSE
(WMMSE, weighted MMSE) it 4k 5% .

UEAL, SCHR[64-65T4F D45 e il AU TE B A
] AT T 455, WA RSN Th A pfETE . o,
SCHR[6414 SCHR[63 T4 7 S 4h e B 2 (515" D2D
ARG o MSCHR[63]AH L, SCRR[64]F% T K DRL
(RPIRAS « BRI N G TE R e 2584, ik
feth T2 iU DQL Hik. fEixFdET, &
M P AR BN, T P b )il 2k
oo AR B AR AE TR . A, SCHR[64]
R TS T S R REZ AT TG R,
RN ST Z AR P AL L AE B,
AN RGRAFIFE R K. SCER[65] R FF R H
DRL A PRG-I R o 1K) Tl 24 73 O AN T 18 7] 7
FEZEIR A, A I S - 44 R is 4T 242 . I,
M2 38 3 O3 K 3R e 2w M A IS SE vt R 1
DRL #2581 [RIFRAEAAE TR, A 2156 9 n] LAAE 43 K
RG2S B I [F) I PR AR I 4B o 7 &5 R o,
LRSS A UREAHEE, BE T DRL 7%
TEF PR R . R G0 75 s RIS S v A N2 55 7 1
BT W R PRSI
52 HEERERE

£ VR S5 S SR R sk 55 L ]I, T
BB IR ) MARR ARTIFEI T ke B Bhid
Zi . (MEC, mobile edge computing) K # 42 H
FH 5 W vk 5568 0 R0 B2 i 66 ) A7 B IR 28 g L 52 B
TR ERRER LS. & MEC 1, THE T
OB AR M 2 AN A BE s ), 5T PRt mig B
20 (1) v S K

SRIMSE PR b, MEC [T 598 YA 2 A BRI,
7 AR P T SRR A . Uk [66] 89T T
MEC "I il 55 BiC 5 1n) 0, FOR ok AR 45Xl or b 2
HMRSS, T HE AR5 P SR O %2
55 AT DI oy MOR B o A T S I A  B &
FEUh B 6 T 6 P A 1 - 2R R 55 4 1R AT )
AFT RPN o DK R R P TR R 45468 FH A 3¢ 2 B i
P AAE# 55T FL B ARSE Y 7 43 A= DL &9,



<10 - W ofE ¥ EpaE
ik Z AR AS T B A BT B He AT SEPLIE L AT, AEE IR RA D)

1) 1R 55 O 2 1R AT A5

Ak, 11 MEC #El8cH SAT 55— il 245
GHEHA . WS, TS, HAERIRESEIN
RIE AR . STHR[6715¢ 1 T — b2 A1 X H
VRAT S5 E R T %o %M BUE X )2 BE = AN TF
AT 45 BENL R IA 5L T Re SRR EE M (10T,
Internet of things) . N T 5CITHALS, ToT
WA AT LR B TH AT S5 128 8] MEC v, {H&
BEAF A F I I MEC JIR%5 P4 . 45 ToT Btk
PEARKPAT I EATSS, e ZE AT 58 o)
BeRERE: B 2 I RE " A TH RN ZEEAIG, [ ZITRR .
WAL, THEAT S5 5 A RE N TR N S8 0. DRtk T
S 45 S 38R i 2 0 TG 5 A AT IS SE 5K ) 1
LR BRIC MEC RS TF4S. 8 722 I RR S
PRI REHLAA: Can vt SAT 4518 A M St ok,
EEHEH THT DRL 7%, fenilth, 1E#IET
FL ¥ DQL SESud M H-VR A Q 2= 280k, ik
Z A~ ToT W& ANy B ik Ba RA KA {3 m] FE [ I 25
P& PR SRAEA R

6 MZEEN

% By 2% B0 1) W0 A i AR T AR N 4%
(UDN, ultra dense network) ZEHiA A, @i
S sl ) B8 R AR M S R W SE IR . IX R
H [l — F 7 28 i {1 AT A] I 40 B B 2 AN SRk (145
SHETE T, PG T PR AN e g
ITiER. HAATENE, Bl Pk & EeE
K2R . AFrELH fRuE R N RE, H P
it 22 A Ry R YT PR A 800 32 436 1) ik ol BEAT Bl 2
TEREFID .

SCHR[68]7% L& UDN Lt N Ir) il o E 4%
ge i RE i AL, o P Bl 3 LA RE i 1)
KNS ZAG 5% (RSRP, reference signal
received power) LY FTEFEEL L [¥) RSRP & T34
—BfE, AU 2] RSRP B AR s . 1X—
BB PR B B A A T A D) e ) S Fe N, HIX
E UDN H 2 AN . 75 UDN H, Sl oA % 4
g A Bl AR L A 80/ Y6 N 1) RSRP B
Ko B, BHPERE X RE I, %X
S8 AT 3 A7 A8 v, T H A DX ) s A R
T MG, ST AR A B, P
P 0e R B IR PR s A 3 110 38 A T T e s T

e {E En N w & AE, JFAH DRL F1) A3C &
P m BAE AT B Rt £E. o, DRL FPIRA®
TE A 25 Bl 10 AR 2 - Lo Agl, 1 3 B ik
MWVIREE 3 Nk A b O DT S B S B v
AR AR AT DU 32 B e KA. TSR EoR, 5
FET RL Bl 45 00 ) S5 4% & 4 2 38 4 7 ZE A LE
DRL 7] DA 2 B A FH P 4 N R Ot 2

SCHR[69]45 & 15 18 e A0 Hewl 82 [ @ 24T
Wot. Hrh, EFEHIET — N2 DEA
[F] R RE 3l I AL I 1) 22 J2 8 R e R, Sl
B KRS 1) 236 1 25 ik 723 56 90 DBk OK, (HL ] IS s A
S ST ek 22 (%) FH P B T B AN b AR ZE N
MR, A, MBS R AT,
B T B AN R IR A GEATIE RS, Sl RATA
TR AT AR 2 % F R I 2R 3K I [R] I AR
DI, P 3R T oA K 56 - BUR . Q
POV, AR P ORI RE AR, EREA
N Z) 3 R AN 55 E . 5 CER[63]28
L, Z AR B AR I AE A 25 5 30 DRL 3R FatE
. Pz R, AR A P s R
WA, HP SRR &N R T RSN
B8 2 R R BRUbZ A, & P R 2 B Bk
Wt iz P RS RT3 V1T I 2=
H, AR 7 70 R B AR 1) 48t 0 B R LAt FH 7 7
TP B H S % . 5 RL. ST EE
AL G T LG, SCHER[69THE H 1K 55— BURE Q
) FRAE P ER N RS LT — 8L HAE
PR 2 1052 28 ) 5t Re S 1S W WA 35

h TR SRR IR AE TR, ST R g M
2530 W L E 2 MR AR [ 2 - AHOR (RAT,
radio access technology) M LLIEME RE, HHA
F W2 o AR SR FHAN [A] RAT T $ AR 16 i 4545 5 S I
BANIRL, BT AR e N 45 i T AR 4 E 5 5ok
HEPEARIY RAT. SCHR[7017% 1& LTE R Wi-Fi iX 2
it RAT RN 8. 2R, LTE (8 i AU S 4t
M55, DRI ARG 2 Ry o [RIE, AA LTE gt
B IR IE %, LB LTE A& 55 i i 0 BAL e
HIFHRAC. Wi-Fi WS 2Z A& H P I H bR LA
S5 (I 11 2l FH R R £ 48 0 R0 1) 18] N 56 S PR A%
faro WRMEIZIE, SCER[70148 /] DQL Sk
7 ) AR RAT DIzl sims o Horr, INfralg 70 ik
T2 fEREA IR ITAR, DQL Sk 4
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BV AT B AR BRI TR <11

BT AL E RSO AR NRARAS R I
BRIGBHAE, BRIkl LTE i£J2 Wi-Fi &M% .
M IERES, P HSIRE ANl REEJT
BRSO AL A SRR S o I 2 50(E, LSS
DQL Sy SEIUALE I H br o VB I FLUER] T
DQL Sy AHE: T 2h A FRIF s &S Re 08 1720
HhBRAR 2 A B AL

7 MERRFEML

TEAE G TG R, MM RGN K
KHAHN T2 5 . B, FEubisas f5 2N TR,
T A R Bl o L 75 2 R A N o (Rl B
ZERNBLH R LA R & R BRI, T4kid
E RGN E MY A S BT N TR RIS
ANAESIIE A S RS AL, e m RStk
IR A I BRAR A

AR, B RE T (IRS, intelligent re-
flecting surface) #4 H HI T4 T2 M 45 (1) 78 3t AT
M IRS A A Z AT AR 4 8 S5 ot 3l
R BEARNT, AR T AL R AR AT LA, M
T iR € 7 EAL IS TR B o SCHR[7 18R H Al
H DRL XJ IRS SR HICIIARA REATAAL o« 2 3CHR
%18 % N B ( MISO, multi-input - sin-
gle-output) FATIEES K46, 1fi IRS #H T4 @
WA S M5 LL (SNR, signal-to-noise ratio).
T IRS SR e A%, AR T B I S
fi. DR, 1EE K T RENS H 3% 8230 1 25 a] 11
DDPG. DRL [FPRESEE T LI SNR
SRS £ SR ITIIARAE, 1 P BE 5 1 SNR
WBEIAE DRL 92238, i8] 7R, %7 DRL
(1) IRS LA 5 58 B BAS 1R 1k B e U B AT vk A 5
JEH AR e CSI L 4o 1€ fast (SDR,
semi-definite relaxation) .7,

IR R G ) R A ok 2 Ny, HasdT
PRI RERE R A ] B . Kb b, BT
A SRR A 2R BRI, Rgin] LUl
o ¢ P BRI i ok PR AR e AR . e T X — %,
SCHR[72-73150 ml 4t 75T DRL 36k 5 B
Ko SCHR[72]0 % & T ARG 3 5, HH AR
A& b Ut R i 1Y 4% Y oK B A L 128 B AR Bl g
fig, MIPFECREREIAFE. A TSEX—HI, 1
TP T 2 ML T DQL BEM T &L s — My
i, b2 2 AN 200 W % i e B, AR

P oy LA RN R LA B R 1 3 ks 3 4
e HI4E DRL (FPIRAS, AR J5 1k DQL #e bk £~ —
I 20 BIAE o 2 M7 58 W2 SR H B B 2R ) A
B[y sl i EAT @B IE R AN I 2 )
1 BUBEAT T, AR5 Ak DQL Y4 M A8 %k £ 5h
Yo oh T Akt B 68 7 iR 45 J5 2 1 g B 48 ) B
4T, RBEAE TR IE KRB E S K
Koo KW R E . FEE IS AT BE ST RS R0 U 4 i
RS S AL E. FEERY, WY RkR
B R4, DQL 75K 2 #0224 vl LA
AR A e YN A A TR G R R . SCHR[73]
W—bHFE T 2RI . L, R
DL H 23 A FFei B i = 2 A1 AR5 TR
DRL 45 DL [ 70l 25 5 x5 56wl 2E 47 ¥ o #5 31
AR RIS, B Sl I XA 5 560 5
HERECOCR. T ENE KM SESN, 1
&KX H T DDPG 5k, ¥4 FpIF A & Wi 21
HELGE A . AEB VT, VEF R P Ak
5. RERERITF XU TTAY 3 AN EH I, ff
DRL 7 AR AY B8 FE 119 7] o d5z 71> A D148 ok 50 R 2R IE
AR . i R, &7 R ERAHR T
RL. R AL 55 W 55 g 2 B8 42 40 5 48 50245 31 1) i
DL fE .

B0t i 75 SR N 2 A A AN A R ), 55 4
— P A g A w2 il  E E AL CUAV, un-
manned aerial vehicle) 7= HBEu kA FA T X 45 1¥)
FIPRALIR B IR SS « UAV [RIRS Sl I A Jk il 35 8
TR T RAEPE, R R It TG 2 A5 0 Mk LA . 3¢
HR[741°K H] DQL S35 UAV Feub b 47 8 e &
EZ TS UAV FIH - R ARbR ¥4 DRL (AR
A, R UAV 775 b &N 8 7 R b 8tk
hT KRR G E, DRL IS 3t B
DA R i R 7 5 £ 3 R AR 2 R A LA
R, REVEAE 4 B oA R B e i B
WHNIA MBS, HILH R 2 2K T RL FIE
tlr Chill climbing) %%,

UbAk, SCHR[75-7610 BIBIEIE T R GE i bi1& 52
RS 0 R 0 i o SCHIR[75 1B Jo 2 A AR S A
AT LR 2 BE AL H I MRS, i R T R —
FRYVFE R R AR R AR v o V5 42 AT DQL vk
2% ) ] 3E T HE R R R AE B HRE . JLr, DRL
(PPARAS & R GE I M s B Ak, T B0 A )2 % —
AR AE . R T R G0 R A 5 1 I TR) Py HEBR
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B, DRL ¥ 22 5 1 B v o4 — A5 HEBR TRt €
IS A DG R e R R, P r &
AR = T RGenynl 1. SCHER[76]M4E X ToT
P28 S H T o e i AL A AW U . AR e
ToT W&AAT T 702K, RJEH#H T DL &%,
ik ToT 9 G ol 43 40 Jes v £ 28 L1 Ik () P 41
AT R, RIVAR 8 1k 25 B0 o 4 1) e 2% 2 T P 4
TR — 508 2 41T BE 4 A B R R
WA, HH A ToT W41 £ 5 I 2143 21 (1 A5 71
RACHER 2, R[] ISR 22 A 19 4% 1) 2504 23 4 BE
S E R = AR R AL . Rk, AE
HRH FLAEZ A ToT W45 16 W AT 4L [F 1 25 .
MNGSERT, % ToT W S&IE R Lt By g 37 As 8
OO (R K 53 4 H1FA S B B0 4 4L 41 SR )
W 2% Th AR AR e i A o

8 BERARMRRE

ARICRE AT = RAR LA 2% 2 ik S I
TETCEEAR AT N AT T/ 4RI Ao R IX
S RTTEIGRS ST, eI ETIE I I A )
WA 2. b, DL FEIEA Tk . i
A PAHIRAEE S, 1 DRL EENER TEE
N THHELE . PN, 5 DL Al DRL
AHLE, FL 5B A RO, FL REi
I 454 DL B DRL SKAR P& ), [R) I S $cis
Fa AR LRSI, KA IR = 2R VA AR R
LRI i) I (PP AT R 4h, IR I Se LR PR
PEVPIR AT IR OIT ., IEARKRIIR TAES% .

8.1 REE3]

7t DL 11, DNN (R UIZRAERE & 70 FF 1 . YIZhk
B B B 2R AT 10, 0 I e I R B 1) ST A3 BTk
IR C R . IINZRSEUG I DNN {8 7] £
LEERE . K, DL 7F DNN 58 I g LARRAR I
ST TS A WA Y. 1) H AR s, & A ARG
DIFEBE AT

SR, IR 502 1 73 B LAl DL ey FE A
GRS FIBTEOR . BREHE M EE &£ v LAl DL
VI Tt 8 1) DNIN RS o 52 PR 5 %
TCEI P B LA S e 7R (152, TCEIlME RARAT
(PR S A A e LU /b, T HL2% 5 52 W s T4
ook . fETHE U AU, Wl PCA
Jittering . JO7 TG /3 BT S5 HAR L2045 A N H T ]
BAIR G TR s eh, K ILHE BTG S S HE

(RJIG) A 9N 2 2 T — il EOVE T 5T T 7]

AL, R T HRAFE L PERE, DNN 458 LL K
B s T A BE AR 5 SR s P % 18 FL A ) ) R gk
Tt . SUEFR, AIEM DNN g5 M EAE 77 2R
PE BT N TR, O DL )2 8
T WA EARSCHR[46] 220 Rk X R0
i DNN Zii{E N IS HE T, B %0772
5 Fo A o) @ LA K2 3 50 R R 1S 25k . T
(meta learning) &M HRIX— ) @V HEIEIE, &
AT DIARSES Hs AT 25 RE Ak F 3k £ DNN - g5 f4 3L
ftb DL B4, UESDAT AutoML®| Reptile!”
o BT, U IR CERAR ST IR R AT
]
82 RE®BKFES

L5 DL #HEE, DRL & —RAELINZRAEE L
WA, ANTFEIAT I E LN G XAf
DRL A F 7 245 DL JISAEFE B K& B IR 3R A S5
A, AR, XK DRL MIFIRIEAT R
el st TR g K ET, A DRL 7Ed st
FEF VL RETCVES BMFIE . 7F AlphaGo® 1, FilHL
RLEHE T DRL BIRTHIIZR, Il T 2R
FEo A, NCERBITFTARAT 455 JE 2l i ) 5
P CUECGR TIPSV BEAE) Skt DRL VI
SRig B DL SR T RE

ST, YNGR 2% BT 5 A KT
R BN 1 45 T8 2 IR T FE H At 5 aw A BRIV, ¥k LAk
1 DRL "%} DNN [YIlZ-E55. FIH MEC Ai23)
WA AT IR LE (R I AT 25 e AT I T 48, 1M
HP AR e E . RE. 2% F A5 DR 2 14 o i) /A
B — T

e, BEBA ALE M E00 0E% &,
AR TCZ M AE R G AR K AR 22 3 e e o5 Ay
1M, PR 23 A1 2R 22 B RE AR P 3k 7 580 & K3
Pri. SR, WA RERMF ¥k DRL 2 8 Gk k1
Rtk i) 0 (P AR DG BR,  H AT B AU B A3 T
20 1) 3 R AR TR JT %, W SCHR[63,69]. K Br L
Z AR T I DRL WSl B A7 4 BEAA RE % 27
2 B F AT LA 203 5 RO AN P2 (R S0 . 33
15 1 e A7 AR DL SIS s PR RE ¥ oE T DRL W)
WCSIPERE o A D 1538 R0 23 By 22 AN AR A8 L3 1 £ B
W, IR Ll L BEHLIEZER el Lok fig vk DRL
(1) 22 B Re AR R AR v i) R It R HESE, Rk
AF 5 1R R



%73

BV AT B AR BRI TR <13

83 EKHE3)

FL 383 AN A% % DNN BAE A TE o S i 3 1) it
#a, LT R A EARE R, Bk, FL IG&H T 5T
7 E 2 BB YMEINIZR, R B A K 1)
[l AEAHT X ATEOR, FL AEJCEIE AR T i b
FH BT AL T L R RE R B, AT AE— 285
B

1) % DNN MU, 75 AL 4 A 55 8T
EEEPER, FECE fe k5 MRS 35 2 A (138 {5 144
EOR, SRl s A 2 A BRI &5 RatiG ke
KIGd. T BRK FL FOEAS RS, B RefAnr e
SR S B E A T R 4 sk A, B, AR
K H FL (1) TG 238 15 B 8 AC B DNN AU ™ A8 1)

AT L, AR AN Y Ak B
K H FL A7 R (13845 48

2) FL AR REAR I BRI T BE 2 A —F
(0, 1 LA i L PR et 2 5 R e AR I 1 K
FAREZ AL AT B, = RS
R KB SR T I 0 AR R 555 T = AR
b (1 P A )R] R R . AR
550 SCRRISIIMPT A R s, HE DR R IA
H AR M AR 041 CHRR ARSI R 73 A et
23 DNN [IlZRET 3™ A i, 1K DNN
FRVRERA B o FR T AR R 20 A1 B A A1 o 2 Tl 15 40
Sl b AR LN, AR AT AR N 25 83X
i) 2R HAH R R T B AR e o

3) FL KIIZESS o BC RIS R REfR b, I
REVRAR 55 25 R ARO[, A FL BAT R K4
il Frh e s . AR R A s iRk 55
#s Z A B AT A B BGE I, B RE AR B AR AU

{Ho XTI, Bodiaal DU HaR AU B e
oK B AR E A 1) A sl 1) e v . xR
& Bl a] DA TS R BB (AR I R R
Hl, fEAERA IS, 20k i™ ., et
VRSO ok AR FL (2 4. R e8aE s,
I B RS RAT € 0Tk, N FL Y 24
R 9RAT T3 K2 ARk T B, B 105 S48
3 T KR o

9 ZERiIE

152 NME BBENERUT D) HB AR, o2 {5
KA DLFR B SIS H . O 70 T O 1

R, TELIBAT AR G BRI 18 14 =) It N T 2% 36
SOREOR, B8N 7B 84T B BRI A
&, AL S T LA AR BRSNS » AEIX T 5%
N PARBESE 2] L IR sl a7 2D RIBCH 27 2] AR
(RIN T A BE B AR DA g R T 22 T4 (1 #9018 {1
T AT T B A SO FE T IX =T A RE B4k
TWAEBORBIIUEAT T 253k« H AT IR N L
REALE o2 A5 WU BRI A s g, (B A7 AE
LG AT AFAE R R RV, AN AR REL
LR BRI IR T LT

MR SRILEFE SIHhE

A NESAE R 2 IR RSB RE, HRZ 5
SENETG PR R G b2 I3 B . RL IF 2 — P &
ik BRI ) 250 I H LA 2 3] 7k,

75 RL 1, fEAT 5 > 10480 S8 A Bl R 0 2 A AR Bl AR B

(agent). — MM, A ek T 250 0 42 308 8 (W 30 455,
SR A A B R B SR 58 R B AT 45 o AR AR PRI Ik
HERE FERR A RO . (ER BEARIAT B 5,
B2 A = AP N e S P S E I X N A A e AP S
BT TE R I B i 2 e ) H bR . PRI
B RE AR BT R B ) B AR T R AR AR A R SRR O e B R

111 785 58 BN AR %o 56 AT 5545 FH IR HR AR B O 228 . Rk S
BT 2 M AT 0 B 2% A8 1Ol R A0 #0°% Bl i vT LA h
Z AR R gk e B2 (MDP, Markov decision
process)o MDP HIZNVE. ARA& . KM 85 ME 2 R4 3%
5 A% BRI K

BE (action). FEEARIHEIIG EHABIE, WHa .
BB ARVERI T ZNER R T MDP 8h/E=S 1], id
H A

R Cstate) o B HEMN T AL FREE (¥ LRI HRFR Ay
R, W H s, TG A RE IR SRR TARES W, ]
NS o NBIREMRIA A B2, RS ISR S e T #1358 R AR IR AR 4K

HME o B BEAARIIRAS L PRSI AE B DL S FIMFR Ay s
WHh 7o b, z(a|s) FRBERMADRES s TERFESIME a 1

M R RERIENE o JEIRESM s BB s 1)
MR EBMA, W p,(s,s")

B (reward) . B HEMAAERIENE G 25 WEREE L 5%
FIZBNAEXS 58 BB AT 25 IAVE T, A B TR bm A A Ay 254
fHo AR RRTERGS s FRIBNE a DIRESA N s I, 345
HI2AEIE N 7, (s,57) o

ST UL REEAEE S, MDP [ e SCA U 43—



c14 . w s

¥ R o041 %

ARSI 7 KA KA TR RUBE T IR SR AR B
R :E|:ZT:y’ra, (St’sr+1):| (4)

Horr, y e [0, BRI T o FTHNE T YE T AR
PR BRI SR B, 2 =0 I, BT RAFE
JE& A HT RS AR B SEN 2 =1 I, BB AR H Az )
SR RMARII AT — kU, y B, Warhik
B RE AR LA R () H G HEAT YR, {E N AR B 15 S8 1)
AR 2 BN S L . RAh, MR I TR RS T2 A R A
TGFRAE, MDP AT B3 A7 BN 1) JE 5 MIDP ARG B R 1)
JUER) MDP.

AT Kf# MDP, RL 1R e AW 5 R T 28 2k
REEY, JENZR b He A B Rk . Horh, &)
B R EGHAT 2 IR IFR N HETHE RL T35 L) 2 A8 H]
i1 Q 24> (Q-learning) HE!hfsl, T HPIHIREseS M
Pt a e AWM T {EMRELO(s,a) « O(s,a) FIPJELE X
N REMAEIRDS s T RINENE a BESRAFIOHIE SRR E .
SCHRL1I6TAT AT, 4% B AR AR foe I Sems 7 BEAT YRS, 133
ELRREL O(s,a) W F T s € S fla e A fRIBBIERAY, i
KO (s,a) « AHNHL, PHEHREOEB BN, Bk R

7' (s) =argmax Q' (s,a) 5)

W THE O (s,a) FUAHBEIOBER HE0E, Q 2% IR o6
M0 5 B SR R (8 A03E 00822 0 0 1 190 22 4 C temporal
difference) HHeARHL BT (pR KL, T %8 (o6 KON, LAY
e

0(s,@) = O(s.a)+ | 1,(s.5) + y max 0(s',0) = ()| (6)

Hrp, o REHVERBERERE NS KET . /£ Q%
Bk, EEE R RYE & DOAEM AT I, AR
DL 11— AOME 4 08 48 2 B AS T A A R U K sl 4E, |
argmleQ(s,a) , WA BNEZRS ] A P BEHLIERE— 3
YEo T MR & LR Be 7R 78 20 A H A 19 A0 IR R AT 5
P PRBE, S5 I U2 1k 2 RE A R R R A W] e T8
TFIBIAE . TESEBR, & FRIUE 48 75 22 3 P 77 17 %) 5%
IFEAF T

WAk, A RATRIEY RL Ty . BAIIAH EAE
DO R 0, 72 BLER) H ek B0 SEmE EAT 405, IR i ad iR
B R H N S BORMAL g o 5 — AN S 808 0 R Bl &
WG o, MR REAALEIRES s TIEENME a FIMEZ AT LR
o n(als,@) o W, X 3Eug 7 BRI T 2400 1)
. h T 6, BhRTEE XL — s J(O) KEF 6
X R SRS W PERE, SRS @ R A J(0) B BE BT S
B, R

0 =0+aVJ@) 7
Horlr, V(@) h J(0) BB R . RIUL, X2 AE
JH B S A SRS O B B B B0 AT B 3 ST 14 RL VA
R o S B 1
REINFORCE SV il 2 N RS B RE s . 1%
BAEH VI (0)=GV In 7 (a, | 5,,0) £ J(0) MBEHLIEL.
Hr, G AN+ 12 E RN T SRR, |
q=;i/”“hxasﬁo ®)
AR R, 25T 3R ) RL J7¥%, (845 REINFORCE
i, HL BN S 1 S 7 A LA SR AT 1
i B AEAAAE [ — AN PSR AR ) ) S0 S ke 2 e 8
fE RAFILE
ik 2 B W A A X T T O i,
A B 0T B M KA A o AR, IR A 2 I BB A 2
) 2 P AR A 5 Ay 0 24 B, 1 2 72 A4 4 P J98  ) J80
SHEIET A RL HEETCEM T % T3 T 5Ems 1 53,
L[5 2 S 26437 1 58 7ML o 5 080 P 8 L ARG, {9
A LE AN 7 [T ST £ SR 22 57k o 77 24 () B0 Oy 2%
Ko I 5 THT G PR BB 2 ST MR LA Bedh, R
XA o 10 V7 5 ) 0 T R i RBBE K SRR 11
RL J7 ¥ T i3E o

BE K-

[1] CISCO. Cisco visual networking index: global mobile data traffic
forecast update, 2017-2022[R]. Cisco Public Information, 2017.

[2] LECUN Y, BENGIO Y, HINTON G. Deep learning[J]. Nature, 2015,
521(7553): 436-444.

[3] MNIH V, KAVUKCUOGLU K, SILVER D, et al. Human-level con-
trol through deep reinforcement learning[J]. Nature, 2015, 518(7540):
529-533.

[4] YANG Q, LIU Y, CHEN T, et al. Federated machine learning: concept
and applications[J]. ACM Transactions on Intelligent Systems and
Technology (TIST), 2019, 10(2): 1-19.

[5] LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-based learning
applied to document recognition[J]. Proceedings of the IEEE, 1998,
86(11): 2278-2324.

[6] YOUNG T, HAZARIKA D, PORIA S, et al. Recent trends in deep
learning based natural language processing[J]. IEEE Computational
Intelligence Magazine, 2018, 13(3): 55-75.

[71 AMARIJYOTI S. Deep reinforcement learning for robotic manipula-
tion-the state of the art[J]. arXiv Preprint, arXiv:1701.08878, 2017.

[8] MCMAHAN H B, MOORE E, RAMAGE D, et al. Communica-
tion-efficient learning of deep networks from decentralized data[J].
arXiv Preprint, arXiv:1602.05629, 2016.

[9] BISHOP C M. Pattern recognition and machine learning[M]. Berlin:
Springer, 2006.



57 H LIV S -

B RETC LM £ BRI TR

¢ 15

(10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

CYBENKO G. Approximation by superpositions of a sigmoidal func-
tion[J]. Mathematics of Control, Signals and Systems, 1989, 2(4):
303-314.

DAYAN P, ABBOTT L F. Theoretical neuroscience: computational
and mathematical modeling of neural systems[M]. Cambridge: MIT
Press, 2001.

MIKOLOV T, KARAFIAT M, BURGET L, et al. Recurrent neural
network based language model[C]//Eleventh Annual Conference of the
International Speech Communication Association. Trier: DBLP, 2010:
1045-1048.

HOCHREITER S, SCHMIDHUBER J. Long short-term memory[J].
Neural computation, 1997, 9(8): 1735-1780.

LIU W, WANG Z, LIU X, et al. A survey of deep neural network
architectures and their applications[J]. Neurocomputing, 2017, 234:
11-26.

LUONG N C, HOANG D T, GONG S, et al. Applications of deep
reinforcement learning in communications and networking: a survey[J].
IEEE Communications Surveys & Tutorials, 2019, 21(4): 3133-3174.
SUTTON R S, BARTO A G. Introduction to reinforcement learn-
ing[M]. Cambridge: MIT press, 1998.

VAN H H, GUEZ A, SILVER D. Deep reinforcement learning with
double g-learning[C]//Thirtieth AAAI Conference on Artificial Intelli-
gence. Palo Alto: AAAI Press, 2016: 2094-2100.

WANG Z, SCHAUL T, HESSEL M, et al. Dueling network architec-
tures for deep reinforcement
Xiv:1511.06581, 2015.
LILLICRAP T P, HUNT J J, PRITZEL A, et al. Continuous control

learning[J]. arXiv Preprint, ar-

with deep reinforcement learning[J]. arXiv Preprint, arXiv:1509.02971,
2015.

SCHULMAN J, WOLSKI F, DHARIWAL P, et al. Proximal policy
optimization algorithms[J]. arXiv Preprint, arXiv:1707.06347, 2017.
MNIH V, BADIA A P, MIRZA M, et al. Asynchronous methods for
deep reinforcement learning[C]//International Conference on Machine
Learning. New York: ACM Press, 2016: 1928-1937.

NEUMANN D, WIESE T, UTSCHICK W. Learning the MMSE
channel estimator[J]. IEEE Transactions on Signal Processing, 2018,
66(11): 2905-2917.

BALEVI E, DOSHI A, ANDREWS J G. Massive MIMO channel
estimation with an untrained deep neural network[J]. IEEE Transac-
tions on Wireless Communications, 2020, 19(3): 2079-2090.

O'SHEA T, KARRA K, CLANCY T C. Learning approximate neural
estimators for wireless channel state information[C]//2017 IEEE 27th
International Workshop on Machine Learning for Signal Processing
(MLSP). Piscataway: IEEE Press, 2017: 1-7.

CHUN C J, KANG J M, KIM I M. Deep learning-based joint pilot
design and channel estimation for multiuser MIMO channels[J]. IEEE
Communications Letters, 2019, 23(11): 1999-2003.

QING C, CAI B, YANG Q, et al. ELM-based superimposed CSI feed-
back for FDD Massive MIMO system[J]. IEEE Access, 2020, 8:
53408-53418.

ARNOLD M, DORNER S, CAMMERER S, et al. Enabling FDD
massive MIMO through deep learning-based channel prediction[J].
arXiv Preprint, arXiv:1901.03664, 2019.

[28]

[29

[30]

[31]

[32]

[33]

[34]

[35

[36]

[37

[38]

[39

[40]

[41

[42

[43]

[44]

YANG Y, GAO F, LI G Y, et al. Deep learning-based downlink chan-
nel prediction for FDD massive MIMO system[J]. IEEE Communica-
tions Letters, 2019, 23(11): 1994-1998.

LIANG Y C, CHIN F P S. Downlink channel covariance matrix
(DCCM) estimation and its applications in wireless DS-CDMA sys-
tems[J]. IEEE Journal on Selected Areas in Communications, 2001,
19(2): 222-232.

WEN C K, SHIH W T, JIN S. Deep learning for massive MIMO CSI
feedback[J]. IEEE Wireless Communications Letters, 2018, 7(5):
748-751.

WANG T, WEN C K, JIN S, et al. Deep learning-based CSI feedback
approach for time-varying massive MIMO channels[J]. IEEE Wireless
Communications Letters, 2018, 8(2): 416-419.

HE H, WEN C K, JIN S, et al. A model-driven deep learning network
for MIMO detection[C]//2018 IEEE Global Conference on Signal and
Information Processing (GlobalSIP). Piscataway: IEEE Press, 2018:
584-588.

TAN X, ZHONG Z, ZHANG Z, et al. Low-Complexity message
passing MIMO detection algorithm with deep neural network[C]//2018
IEEE Global Conference on Signal and Information Processing (Glo-
balSIP). Piscataway: IEEE Press, 2018: 559-563.

WEI Y, ZHAO M M, ZHAO M, et al. Learned conjugate gradient
descent network for massive MIMO detection[J]. arXiv Preprint, ar-
Xiv:1906.03814, 2019.

SAMUEL N, DISKIN T, WIESEL A. Learning to detect[J]. IEEE
Transactions on Signal Processing, 2019, 67(10): 2554-2564.

YE H, LI G Y, JUANG B H. Power of deep learning for channel esti-
mation and signal detection in OFDM systems[J]. IEEE Wireless
Communications Letters, 2017, 7(1): 114-117.

O’SHEA T, HOYDIS J. An introduction to deep learning for the phys-
ical layer[J]. IEEE Transactions on Cognitive Communications and
Networking, 2017, 3(4): 563-575.

XUE S, MAY, YIN, et al. Unsupervised deep learning for MU-SIMO
joint transmitter and noncoherent receiver design[J]. IEEE Wireless
Communications Letters, 2018, 8(1): 177-180.

BALEVI E, ANDREWS J G. One-bit OFDM receivers via deep learn-
ing[J]. 2019, 67(6):
4326-4336.

IEEE Transactions on Communications,
LIANG Y C. Dynamic spectrum management: from cognitive radio to
blockchain and artificial intelligence[M]. Berlin: Springer, 2020.

LIU C, WANG J, LIU X, et al. Deep CM-CNN for spectrum sensing
in cognitive radio[J]. IEEE Journal on Selected Areas in Communica-
tions, 2019, 37(10): 2306-2321.

XIE J, LIU C, LIANG Y C, et al. Activity pattern aware spectrum
sensing: a cnn-based deep learning approach[J]. IEEE Communica-
tions Letters, 2019, 23(6): 1025-1028.

LEES W M, WUNDERLICH A, JEAVONS P J, et al. Deep learning
classification of 3.5-GHz band spectrograms with applications to
spectrum sensing[J]. IEEE Transactions on Cognitive Communications
and Networking, 2019, 5(2): 224-236.

LEE W, KIM M, CHO D H. Deep cooperative sensing: cooperative
spectrum sensing based on convolutional neural networks[J]. IEEE
Transactions on Vehicular Technology, 2019, 68(3): 3005-3009.



¢ 16

WG

1R

41 %

[45]

[46]

[47]

(48]

[49]

(50]

(511

[52]

[53]

[54]

[55]

[56]

[57]

(58]

[59]

[60]

YU L, WANG Q, GUO Y, et al. Spectrum availability prediction in
cognitive aerospace communications: a deep learning perspec-
tive[C]//2017 Cognitive Communications for Aerospace Applications
Workshop (CCAA). Piscataway: IEEE Press, 2017: 1-4.

YU L, CHEN J, DING G, et al. Spectrum prediction based on Taguchi
method in deep learning with long short-term memory[J]. IEEE
Access, 2018, 6: 45923-45933.

YU Y, WANG T, LIEW S C. Deep-reinforcement learning multiple
access for heterogeneous wireless networks[J]. IEEE Journal on Se-
lected Areas in Communications, 2019, 37(6): 1277-1290.

TAN J, ZHANG L, LIANG Y C, et al. Intelligent sharing for LTE and
Wi-Fi systems in unlicensed bands: a deep reinforcement learning ap-
proach[J]. IEEE Transactions on Communications, 2020, 68(5):
2793-2808.

WANG S, LIU H, GOMES P H, et al. Deep reinforcement learning for
dynamic multichannel access in wireless networks[J]. IEEE Transac-
tions on Cognitive Communications and Networking, 2018, 4(2):
257-265.

NAPARSTEK O, COHEN K. Deep multi-user reinforcement learning
for distributed dynamic spectrum access[J]. IEEE Transactions on
Wireless Communications, 2018, 18(1): 310-323.

LIU X, XU Y, JIA L, et al. Anti-jamming communications using spec-
trum waterfall: a deep reinforcement learning approach[J]. IEEE
Communications Letters, 2018, 22(5): 998-1001.

XIE W, HU S, YU C, et al. Deep learning in digital modulation recognition
using high order cumulants[J]. IEEE Access, 2019, 7: 63760-63766.

LUO B, PENG Q, COSMAN P C, et al. Robustness of deep modula-
tion recognition under AWGN and Rician fading[C]//2018 52nd Asi-
lomar Conference on Signals, Systems, and Computers. Piscataway:
IEEE Press, 2018: 447-450.

LINY, TU Y, DOU Z, et al. The application of deep learning in com-
munication signal modulation recognition[C]//2017 IEEE/CIC Inter-
national Conference on Communications in China (ICCC). Piscata-
way: IEEE Press, 2017: 1-5.

WANG Y, LIU M, YANG J, et al. Data-driven deep learning for auto-
matic modulation recognition in cognitive radios[J]. IEEE Transac-
tions on Vehicular Technology, 2019, 68(4): 4074-4077.

KARRA K, KUZDEBA S, PETERSEN J. Modulation recognition
using hierarchical deep neural networks[C]//2017 IEEE International
Symposium on Dynamic Spectrum Access Networks (DySPAN). Pis-
cataway: IEEE Press, 2017: 1-3.

ZENG Y, ZHANG M, HAN F, et al. Spectrum analysis and convolu-
tional neural network for automatic modulation recognition[J]. IEEE
Wireless Communications Letters, 2019, 8(3): 929-932.

HONG D, ZHANG Z, XU X. Automatic modulation classification
using recurrent neural networks[C]//2017 3rd IEEE International Con-
ference on Computer and Communications (ICCC). Piscataway: IEEE
Press, 2017: 695-700.

ZHANG D, DING W, ZHANG B, et al. Automatic modulation classi-
fication based on deep learning for unmanned aerial vehicles[J]. Sen-
sors, 2018, 18(3): 924.

ZHANG M, ZENG Y, HAN Z, et al. Automatic modulation recogni-
tion using deep learning architectures[C]//2018 IEEE 19th Internation-

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

(711

[72]

(73]

[74]

[75]

al Workshop on Signal Processing Advances in Wireless Communica-
tions (SPAWC). Piscataway: IEEE Press, 2018: 1-5.

HU S, PEL Y, LIANG P P, et al. Deep neural network for robust mod-
ulation classification under uncertain noise conditions[J]. IEEE Trans-
actions on Vehicular Technology, 2020, 69(1): 564-577.

LI X, FANG J, CHENG W, et al. Intelligent power control for spec-
trum sharing in cognitive radios: a deep reinforcement learning ap-
proach[J]. IEEE Access, 2018, 6: 25463-25473.

NASIR Y S, GUO D. Multi-agent deep reinforcement learning for
dynamic power allocation in wireless networks[J]. IEEE Journal on
Selected Areas in Communications, 2019, 37(10): 2239-2250.

TAN J, ZHANG L, LIANG Y C. Deep reinforcement learning for
channel selection and power control in D2D networks[C]//2019 IEEE
Global Communications Conference (GLOBECOM). Piscataway:
IEEE Press, 2019: 1-6.

YE H, LI G Y, JUANG B H F. Deep reinforcement learning based
resource allocation for V2V communications[J]. IEEE Transactions on
Vehicular Technology, 2019, 68(4): 3163-3173.

QIAN Y, HU L, CHEN J, et al. Privacy-aware service placement for
mobile edge computing via federated learning[J]. Information
Sciences, 2019, 505: 562-570.

REN J, WANG H, HOU T, et al. Federated learning-based computa-
tion offloading optimization in edge computing-supported Internet of
things[J]. IEEE Access, 2019, 7: 69194-69201.

XU Y, XU W, WANG Z, et al. Load balancing for ultradense net-
works: a deep reinforcement learning-based approach[J]. IEEE Inter-
net of Things Journal, 2019, 6(6): 9399-9412.

ZHAO N, LIANG Y C, NIYATO D, et al. Deep reinforcement learning
for user association and resource allocation in heterogeneous cellular
networks[J]. IEEE Transactions on Wireless Communications, 2019,
18(11): 5141-5152.

ZHANG C, LIU Z, GU B, et al. A deep reinforcement learning
based approach for cost-and energy-aware multiflow mobile data
offloading[J]. IEICE Transactions on Communications, 2018, 7:
1625-1634.

FENG K, WANG Q, LI X, et al. Deep reinforcement learning based
intelligent reflecting surface optimization for MISO communication
systems[J]. IEEE Wireless Communications Letters, 2020, 9(5):
745-749.

LIU J, KRISHNAMACHARI B, ZHOU S, et al. DeepNap: da-
ta-driven base station sleeping operations through deep rein-
forcement learning[J]. IEEE Internet of Things Journal, 2018,
5(6): 4273-4282.

JUNHONG Y E, ZHANG Y J. DRAG: deep reinforcement learning based
base station activation in heterogeneous networks[J]. IEEE Transactions on
Mobile Computing, 2019, doi: 10.1109/TMC.2019.2922602.

WU J, YU P, FENG L, et al. 3D aerial base station position planning
based on deep Q-network for capacity enhancement[C]//2019
IFIP/IEEE Symposium on Integrated Network and Service Manage-
ment (IM). Piscataway: IEEE Press, 2019: 482-487.

MISMAR F B, EVANS B L. Deep Q-learning for self-organizing
networks fault management

and radio performance improve-

ment[C]//2018 52nd Asilomar Conference on Signals, Systems, and



57 W N A 2 A iR (e s a7 Nl AV <17
Computers. Piscataway: IEEE Press, 2018: 1457-1461. 07557,2017.

[76]

771

(78]

[79]

(80]

(81]

(82]

(83]

(84]

(85]

NGUYEN T D, MARCHAL S, MIETTINEN M, et al. DIoT: a fede-
rated self-learning anomaly detection system for 1oT[C]//2019 IEEE
39th International Conference on Distributed Computing Systems
(ICDCS). Piscataway: IEEE Press, 2019: 756-767.

QING C, YU W, CAI B, et al. ELM-based frame synchronization in
burst-mode communication systems with nonlinear distortion[J]. IEEE
Wireless Communications Letters, 2020, 9(6): 915-919.

HUTTER F, KOTTHOFF L, VANSCHOREN J. Automated machine
learning[M]. Berlin: Springer, 2019.

NICHOL A, SCHULMAN J. Reptile: a scalable meta-learning algo-
rithm[J]. arXiv Preprint, arXiv:1803.02999, 2018.

SILVER D, SCHRITTWIESER J, SIMONYAN K, et al. Mastering the
game of go without human knowledge[J]. Nature, 2017, 550(7676):
354-359.

ETesL, MR, FEAEHE, A5, T BEHL I SRR i 1 2 By e AL 4y
B [I]. VHEBLAER, 2010, 33(9): 1748-1762

WANG Y Z, LIN C, CHENG X Q, et al. Analysis for network at-
tack-defense based on stochastic game model[J]. Chinese Journal of
Computers, 2010, 33(9): 1748-1762.

LIN Y, HAN S, MAO H, et al. Deep gradient compression: reducing
the communication bandwidth for distributed training[J]. arXiv Pre-
print, arXiv:1712.01887, 2017.

KONECNY J, MCMAHAN H B, YU F X, et al. Federated learning:
strategies for improving communication efficiency[J]. arXiv Preprint,
arXiv:1610.05492, 2016.

HARDY S, HENECKA W, IVEY-LAW H, et al. Private federated learning
on vertically partitioned data via entity resolution and additively homo-
morphic encryption[J]. arXiv Preprint, arXiv:1711.10677, 2017.

GEYER R C, KLEIN T, NABI M. Differentially private federated

learning: a client level perspective[J]. arXiv Preprint, arXiv:1712.

A\

[86] LIL, XU W, CHEN T, et al. RSA: Byzantine-robust stochastic aggre-

gation methods for distributed learning from heterogeneous data-
sets[C]//Proceedings of the AAAI Conference on Artificial Intelligence.
Palo Alto: AAAI Press, 2019: 1544-1551.

HEE R T

%Eﬁ'ﬁ (1968- ), %7 ?IE%%J‘I‘]}\y T@‘j__:y
WP RHER = % LA T Im, EZE
J7 1A AR LRSS AL, R EY)

BIEAR (1994- ), B, J"HRERAN, BT
BHE R AR, EEHIT T ) oA S A
FeE L NAITCE . BRI

Dusit Niyato (1978— ) , 5, ZEILHINT
N if, B R E AR LRI,
FZEHIFUIT ) R To Lk e H R AE MR AL
RS LR 25



	01-200127-†ﬂ^.pdf

