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H AR A E S PAT IR . ik, PR 1%
T DDPG WV EITHE 72, e ZE AT 55 0 K
THERISE AT S, (8 A B30 T 2038 kY 45 o 5

HIRAUAE, ZEVER LOE N S AL, BA
PR . SCRR[S01ER | — 2 H 7 imid = 5
FP 28 A —FhJE T DDPG T H 5 0 2R 55 5 73 e 5
%, CAR/DREURIEAE. SCER[S11HRH 1 — A i
T PPO WITVER MRV SN F A 0], SR —
FH CNN 3458 ¥ S5 5 DNN MK LS i ek 45
VAR E . I K E )07 FCSEEGUE R 1 3 T
A DAFEAN TR EARRTIAEEE) /5 2 Fn IR A I 0 e Rt
> RN HA P SR, AR RAS T T A
T2 ORMEL B SCER[S2188 H T — Rk T
TS (PR B B 2 S BT 5, AEDRUEAR IO &
IRTHE T, m/MMEE 2 50T B 2B N H 1Y
BTSN AE . SCHR[S3TRIEST 1 G ()RR 405
EER I, BT R E S TN A LB
BUORFAEZENNEN R, AL T NG 532
TGy MEN BT E A BRI ), AR A
FT A3C HYJT SRR MRAC IR, FE A FERTE
Fo T T EERITERE, 1L RIS IR I 1 S AR O
(1 R 2 AR BE AT ZE A R s s B, AR T I i L T
DOQN [ ERUEG I T SR SCHR[S413H T —
ol 2 T R B iR AL 2 2T 1 23 A 2R 5% D E vk
(distributed service offloading method with asyn-
chronous advantage actor-critic, D-SOAC), PAFF{K
EIR ARS8 IR S5 I AE - AT A FE P it
e B PR IR 55 AR o

AL SFRAE TR 3 B A BT 55 4 3 7 Thi
PLFHAS o SCRR[SS]E /BT FE 1 VEC IZ8 1k R 451
R AR B TN St B A AR S R T B
MRS5S HTH L EI R T %8, S T — g G DU
(1) DQN SV AR YLt ZEANREFE R . SCHR[S6]HF
FU T HET MEC P38 2% W 28 SR ar il 7 5 1 B 48
e ARSI m @, IS U R R R A
24 IR (constrained optimization problem,
COP), f#JH] DQN ZEATRAF, FFdid i HARIE 1
EITEA R E . SCER[S713H T 25T DQN 2%
BN I0 25t SR 5 #1% (DQN based service of-
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floading, SODQN) /%, VARERZERCMH &K
)P 2RSS AT, AT D A2 B X T 3 4t v
MRS ARL . SCRRISSIFTT T /0 Ak V2V it 8
ENE A R K AT 55 0 B i) R D — AR B R SR
)R, $R T — AR TR ST AR S E T R
2T REHE T EE NI R BRI, X E
JE TAR S EN B AT, FFIGIE T iZEVEEA R 4
v B A AR PR BE . STER[5910 T — R
Fe) 2 35 X 4 o 2 R A SEOIR S A0 AT o B AR AL
MEC £4t, feth 7 —Fhd TR A S i B &
N HREI%Y, (adaptive computation offloading based
on reinforcement learning, ACORL) J5¥%, ACORL
JiE SEh AU BT, B R ) K,
A DL e RE VR FE L 7 5 20 T AN AT I A 2 TH)
FOAUAET ] AL, AH EE R BETEE DT S (X DQN AN
AR A HEAFRIVERE . SCER[601RIT T 7 — 4
BAHZAH P A Z A MEC R4 #% 1 ZE 800 48
St 1 — A Ak S AE 0 AT T R
AR AT AT 1 R T 8 6 00 S ) TR B A o
SRR FE 575 (DLPR-DDPG) Kt /b It ZE il
REFE, ZEVEMWSIE RS BRI T 25
2. SCHR[6113RH 7 — R T DRL HIEI R T5 7%
SKALH ST VEC 375 58 R KL S5 #0 A, R
DNN X 1 8 SR BT I AL, AR5 6] PPO BEAT
W&k, AFEEALAER SR i milt, Il
FE T 25 A B AN Bl 25 BR3P b 3 5% 71 0 i 07 1 i
ATTEREVEAL, 1807 BAEW] 7R A .
SCHR[6218F 7T 1 -1 4 vh 22 B\ 3 5t 1 18 A :UAE
55 AR L o A 55 S A ) A S DA — I R
I, JET A3C BOE, R —AET RS
RERE RIS EN M T %8, FFEAT A 55 0
WK
123 EKMRSEHEZHS @

ZEIB I il 55 a7 19X 246 IR 95 ik v e o B B
FIFER, T SR 223022 1 RSU AR AN, &,
TR R E AR TS EAT, N RBERSE A

THIBVE F) o A4S RSU A —ANANHEI 1) R 25 25 X
S ANFEIRIFRAE ST, AT ) A EE A% St ) O 12
1k e S R ¥ o Y R BB X e I 55 )
WEFE, KA R T 1A S s R e sl 2 3] 5
2, T HAR T, X PR 2 HR T DAAE B
JRASBARKI T OL A BRI RCR . 120 Al X
PP A SR AE 2 TR ) I 55 8 1S 2 77 T ) L A 2
A4,

SCRRI631HIF 5T 1 25 8 T A2 A I S 75 SR AT
553 LH) 4 ToV M 2% ] RSU #38 l#, Beit 1
— ML TR M) RSU #528 59% (utility-based road
side unit deployment algorithm, URDA) F1—Ft
TR (linear programming, LP) FJJREH
KA AR RSU HYAS KRN 78 75 DX i A 1
4b, IE5rHT T URDA SiAUM A 2R, (i H
UEH] A2 A AN BRI LT, A HAb s
PR ) URDA 1A R E AL P e A
SCHR[6415EH 1 —FE T QoS IXBN 2 Akl %%
= loV B AR A ES & 77 % (quality of service-driven
Internet of vehicles application optimizing deploy-
ment scheme in multimedia edge clouds, QaMeC),
LSS 1 QoS BRI B it QoS THEEL A —
Bk, dAh, A AR AR EIAT
( nondominated sorting genetic algorithm II ,
NSGA-T1) KA R 2 2 W AT KT HB3E ] . SCHR[65]
TR T BN R4 #s A B 7% (dynamic edge
servers (ES) placement approach, DEP). fEFiAR I,
DEP HIH 1 A AeHE P HAL (nondominated
sorting genetic algorithm I, NSGA-ID #4711 &,
HA BRI PERe A E /D HIIA AT R A . R
FEEXS NSGA-TT A RFREAT WAL, LIRS 5
o ARG B AN SO B, I 5 T P R — 8 5w - M
5% (Kuhn-Munkres 597, BOFR &) 28 I 502D
T I DL TR BV T B A /S EE A AR A R
SCHER[6614F ES A1 J= o] @ AL v — 4> Bfy 34
Hisf 2 Bbsthfo @, AR5, &t 7 BA 5
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TRFB M FEENI A4 R 1K) NSGA-TI,  Jf44
JS2HI T 2R A AL 17l . SCHR[6717] ] DQN 53
KRG LMD G HEH R ES TIEMEY
i, PN EEZ A B RIRMET R, X
BRI68IHE H T — M =il Z it Hrh A A B R
1% e ToV JIR45HE FIAT 7% (GoDeep),
WA T — M T DDPG MRS #8585 %=, IF
I LI X GoDeep MR REIEAT T 1FAY,
WEIL T 7 SR R . SCER[691#R T —Fh £
B Re Rtk 2] (reinforcement learning, RL)
SRR R D A% B 10 2 IR 55 2% B0 AT R 0] R, B
KR B2 gk 2> 10X 24 IF B JF: ~F- 47 30 2 iR 5% 4% E

Al FIRAENRSS 2850 7 i S H AR 3,
Al Bk, AN ST TS S5 T AL BOELE
Ik 2% 45 38 07 T N H
1.3 AIBZEFHEMNBEMESTHINA

VEC M BAEME . ZAEMIMET
g — S 5 s, Hrb VEC MZsh A f
WE THE EAEMPMETH R 5 — HEZL 18 PR B
SN N B BN R 6] S RSU Z 4]
AfLLE R EE, BEEEE, HTER
LHSESEE. g, —FHT
ZEARBI RO (V2D (S, B KA T ERE

ZEE (V2V) dBfE. AN, BTEE T s
2% (electronic communication network, ECN),

RSU #& 4t 1 3 K I iH 5 fg

((.)) RSUK

((')) RSUT 4. T mAE

ﬁﬁ%l }“*%EJEP R

B
---

» DAY D) :"._ ' )))

-0 i
FtepsI LI Ly — [ eSS | B T
- AR50 ]
IS VEC Mg BAImAS . T, SHERMET s —HER

13,1 FEHWNABF KRS BT @

nUHE FUFE . BEUERR R UL GBS
FORBVR R, SRR A4 T IR . AR
HAES HARCHAT TIRZ 05T, (EafrdkiTiE
T THE BRI A B A B SIS [R5 5 L Y
SEAATR] ) B ORI, AT AR R B R R 8 70 75
AR HHT Al SR SRS 7 T R A A
e RIS AN B BT ) 20O g SN AN S
Hir, HZ HRIE AR AL LSRR AR s

#3 AIBZAERSHEMEAEEA

SCHiR Al Bk AL 2 DTk

XHR[63] FREIR RGH Bt 7 — AT 2R M IR ) SRR ELVE R AN RSU AN HE I 78 556 X 33
i, Dl Rtk 2GR0

LiRk[64] NSGA-1II 15 QoS K NSGA-IL R IR Z = N B 0 R, i 7 o] oh 28k % =
RS SRR QoS ESR I TR AL s R 25358 7 &

JCHR65] NSGA-II I 3E Wi T — R % B AR 7 NSGA-TI 1 Kuhn-Munkres JIAL 35 B UL RD

iksari HVEW) DEP Jiik, ZEIETERTIE . GRS A A AR — R RUR

JCHR66] K HE SO HE 845 5k NSGA-M 53 3 — 24 BRI 2. Py TIE&
PLIE 2 BS B & 1 ES A7, 3R1F A1 QoS

XHR[67] DQN FIFH DQN SEIG At BB H . ES TAEMEIIM . I 2
SEZNERIRATE TR

X iR[68] DDPG £ 5515 A U T —HMEET DDPG MRS HBE R, 7T LAJRAME S v S5 18]

SLHR[69] Z # ek RL s 4iE T —MZ R RL MR T SRR RFE B R 55 35 (1045 J=) )

SR Yt

B R R JEE /> X 245 ) S S~ 25 55 4 - 8 1 8%
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F AR B TR IR, ST R IR S
NP BRI, 3 5 R R Ak 2 2] S0 R
JE 77 AT R B s A TS AN Zut SR 5%
A8 FH 22 R A R A 2 S0 SRR P [ o SR A
B, i EAREEAT A

P ENVIF TR A ENEE Y AN NEEEYN
J7 LRI TERE, B0 2RI b 2R AR B I R
FEANFEAT RO E T AT TRERES T, ST
ERF I E LM T 2SR A, IFet T
5T Q-learning FVEMEAE 5 1HE IS TE /AT
Fike SCER[7T1ERH T —Fh 2 H AR amAl 7 > 50,
PR fe A5 A 5L 520 Bl Cintelligent com-
munication and computation resource allocation,
ICCRA), % RIS L& IFHERH
Q-learning SEHLEAE ATHE TR /- BC 1 S A8, A
R PR T R G EAS o SCHR[72]82 H— AN AT BASC
FERI2% . A7 AT B B U Bh A8 g R PR AR A 22,
KR BE A 22 ST 515, 3R15 TR . 217,
THE T — R B4 2% () B o o g, DAS2
EEERPI TR . N T R VOEAS ATH R IR
WR] 28 i B Y e A R FH ) I @, SCRR[ 73 1 I A
JE T 08 R B e A A SRR, S T — A
BEEE TR ZAAMET RS —HESE,
TER T — Mo RV 8 BE T 58, AECRUE S R
WIEL R AT T, S/ M R GV A 1) s b
FRRA s B T A — AN IR B SR ) ]
&, FIFH DQN BEkff ik, 1 B SLI gL 7107
A R o SCER[74]42 T — il i o A AL
(unmanned aerial vehicle, UAV) #iBhZE#ib %1t
B 2% (vehicular edge computing network, VECN)
Hh BT 52 2] BB TE 2 BO AT 55 AL BRI, 1% SR I
J8 R T 55 SRk 4R e I s i o AL IR — 20 3 BE AR A
KA B I o ZSCHRIA R T —Fh 2T
DQN FE 55 AL BB AR £ 0705, D7 iR ],
ZOTERA RUFIUSSPERE . SCER[75132 H T —Fh
HEE T oA 22 2] R %, FIA DDPG

Hyk, 7 MEC RS54 Lt 17— s HiE R &
ok FiTH S BIR AL R B, TS A
PiESEIR R, X T AL BIEME, B
H %) B2 R 608 £ R B /D PR e B 1) [R] IR EUAS B
(AT 55 EN A 1 RE o SCHR[ 7610 78 T — PP & BE IR
WT7 58, DA O 2528 X 24 A 858 1) 3 2 RS AT F3 0
), AWM ISE RS, BhA, Rt T
BRI B 5 4k %% 2] (double-scale deep rein-
forcement learning, DSDRL) HEZE, W] LLFE{KZ)
VR 1AV 4E 52 DA TR R G S AL IR R, 5 e A
AR 55 B AN A /5K, BEARA . STER[7718E 5T 1
To NALA B 240 0 245 1) 2 4E 2R B 3, % MEC
Mk 55 2% b B B0 o3 O R Dy — AN 4 A AR AL ]
A, AR R S R A 55 ot 2 SR 1 (] I e R AR D
BAES W E, AEEH MADDPG J7 kAT iR
e, AT FAS IR TR U7 SR R

4 M ALEVE, RACNES . DTER DT TS 45
Al BEAE RS 28358 7 T R S H -

132 FBEMEESF BT TR GRAFEIE
7 &

Al BUFAERR S 5 B TH R B 73 Bo AN E1 2k 5K
TTHIRE, KRZHORYE BAAT R, B
FH B G55, $ AR A 0] I L Ao B R A
TR, R R FE A 2 S H R . Hor, 72
R AT 55 (AR 26 R A0 ik 55 K /NKHATE 55 13047 73 26
i, BT LASR A an SAC R BE s b 5 2] kAT
K, b Besh, FFIA ATSEE (41 DQN %)
AT PR RURM B A, B AT DO 2R A
FORA AT LSS G N B 2000, i i PS54
WG ERGETPMERS &, S£rh R B ER L
GRS ULED, [RII£E 22 8 RE AR IR FE DAk 7 2 T ik
oA 2 BT AT 55 AL & SR BL .
THIBEAT BARA4H

AL SLEAEIR A5 8T S BT 23 O M D 45 e 5
JIFOUTT . SCHR[78)3eHH T — 1M EF Q-learning
(R BT UL PR BB, R ARSI E DL I
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T4 A BEEREMTEZERSSERAEAINA
SRR Bk AL A2 TR A BImk
CHR[70] Q-learning TWHEE 1155 47 HaEE  RH T ET Q-learning HIIE(E 5 iHHELS R IFH AL
I 2E MEC iK% %% Wik, RN FHERER, KN EE
RN 5 R4 BR ELAS S ) B2 950 A 2 TR i
SCHR[71] I 2E {L45 ZE4% SEE ERIIAGIEERA Q-learning SEULEAS A5
CIEL3 MEC Jlp 4% 52 PR TR, A8 R T RGBT
e
XHR[72] DQN Hk 115 T4 RF DQN By R 5E E it, MR EHLE
MEC % 32 W 18] AR () F i R Gt Bk
CHR[73] K25 B AR L4522 4% PRl T —FET DOQN () VEC M %5 iME SR i 2 7
MEC Ji %52 %, AR U SO BRI, PAME
5 .47 Blin 2R
SCHR[74] TEAML T —FEET DOQN KT AN 4B VECN 13
TG4 R AT 55 0 40508 5 %6, B AWLEET DON 5
BT 55 Ab FE S0
CHR[75] DDPG REFE 1155 25 FIf DDPG, fE MEC %% b % it 7 —Hhsent 5
EER M RE MEC ¥ TN EOR S T R A R, RE T K
PS4 45 I Th ZA R S Th
CHR[76] SAC. PPO  fRZHA 1E55 24 #2447 DSDRL MEZLHEAT RS WEIRMAL, AT LA 2
MEC il %5 %% AFERSS IR E TR, BEARRA
%5 5
CHR[77] MADDPG i 4E MEC 45 %% K MADDPG X4~ MEC IR 55 8% (1) 1k 55 7 =3k
(TETXNHLE 235 Ak, A MEC AR 25 2% 92 3EAT 424 Al

BRI

THE YR LI P /. SCHR[79]48 T — PP T
MEC 1] V2X AE55 E A B IE S Bo L, 3@ y)
GRED BT SRR TP . TR B AN
THE BRI B3 e R fse MG R G4 - SCHR[80]
BRI T — M E A Sl SR 55 28 i
2 i 4 R 1T IR 55 1) 2 AL 2k B 48 K R A5
Mo fERCEERR b, $RH T BRI ARSI E R
S B 47 5 DA S A 2R G v B I 2% 1) K
RO s KA I, FERIH Q-learning A
FERRAL S ) PRl AL 5 2] 7%, DRSS me AR it
SR AN BE YR 7 USRS o SCRR[S 13 TERG 18
% 50y 2 55 ) 25 v (10 38815 AR T B3 T8 VR SR A R AT 55 0
B 2SR T — AN R, PR
2% IR e TH #E . hAh, IEHE T — Ak
B B 2 S B B AN B A2 2% 1) 3 ) %, il —
T T DQN [ 77 VA OR FIT 4 H 1) e 80 o ¢ i o
BUE IR 7R R o STRR[82] 8T X
5] % B 42493 2% (space-assisted vehicular network,

SAVND) i THEEI B ) /L, S T —FhEE T R P
5 DQN A v A ZE38 15 Cultra-reliable and
low-latency communication, URLLC) EA1f01H5E
I H I (ASTEROID), LATEH EKH] URLLC
IR L S DA ek fe KA o SCHR[83 ]9t T
— P T S R R 1) 2 K X A 55 S A B U 5
MCT7 %8, &Il WU N S5 55 R L
W SR, Beit 7 —FpEE T SAC IR EEsRAL
POV, WRARAE S AR SR G B AT 55
175328, LIIHRM M. o, BT
DDPG AXU AE DDPG 5%, L i KAL T 1E
(1) IR 28 PRSP 3 R0OH , SEIRL T AT 45 0 285 1) A A S s
BRE T 34T 2R A 2 27 AR 2RI Y A 5% D 4
RIATAT PR . SCHR[B4]2 th T — M EF =it &
(vehicular fog computing, VFC) H1[] V2V {543
W75, RIVHE SR BRG] LUK o1 5%
A TR IR S N AR AR R . 2O Va2V
53 E 0] A G5 — AN P AN e A, R R
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T E—PEM 1950 53 E14K (soft actor-critic
-based partial offloading, SBPO) HEATKf#, 1jK
R, SHAME CIBEHLENE . SRAREIE) AH
B, 2SR S B B AT AP R BE . SCHR[85]
St T — S5 SR AR A P SRR RN A £ A AR
S E S B TSRS, FEAESSINAE . THEAE B
ML FIEHI LIRS, )78 AE 55 0 BN 53 570 i
MR A A 7 %, R s Rk, 913k
IR LR R, SE T — R T 2 R aE A
VR JEE T 7 R S A B R IR 5 0 AN B U ) T
(joint offloading and resource allocation based on
the multi-agent deep deterministic policy gradient,
JORA-MADDPG) 5%, LASEILZEHIRH AT 1)
i K. SCHR[861H B 7 AR A R 5 N T HE S
&, Bt T AR L G E G, I TT
R —METHEDEMBFREEEMEST
%, JHEET MADDPG $2H 7HH R ¥ 2 2 e fk 2
JEFRARAIL Z TR L o STHR[87192 ) T —Hh
T Z M EFML (fog-based vehicular network,
FVNET) Kl = I ERE, $ BA IR B 5
Z5HE N P k4% (fog user equipment, F-UE),
SR IBG B 3805 AN B 9 U 20 T 1) e 1 Dy 22 8
PRBENLIEZE, fei 7 — MR TR BRI Z
BReA A N, DA/ MU SE S AT,

2 Al BRAEFEBRMIBEME B RYARRG
R

AL SEVEAE I 3 S e (R AR SR T 52 07 1814 A
NIUANTT I -

(1) TANUGHBE G E S P [FIEAE Pl

ARARTENNUA B B AERT TR i .
GREFE. ReECRAREAE . To AL FEAE Pl sE
Ji AR K R FERT . Billn, mTRLR 24800
AV B 2 A 2%, 308 o S A5 v 2K o 28 A1 2 4 )
LRI PE AR Fe 4, B0 e N LA Bh 22 1
7 i B /MG R ) R P R JEAE T A L

B A R, 2 TG AL RE AR MEX A &
G L ZhASIREEh SEEl UAV 22 A i 548 1 e
)RR, I FH 2 8 et ) BE T IR R
UEAN, B Hh AT 35 9 2% 1R AT 55 250 8RB R L i)
T AR ERE T ) — N7 1A

(2) 4 ES TEAEAT QoS T I AR 55 2 3 8

T ZEBR N BSR4, DASAS (] X3 A
[F1) B 2 2505 5 4 vty o 1 B I8 45 R 55 1) 75 SRAS I
ES EA T MR A RKRA LA &
Al H3%, fE ES THERE AN 3 7 58 — Mok
(1) ES EACFITICE T, $2% QoS. b4, 7714
RN, ZEEFEBAFE RS2 QoS BRI
RSU #1325 ] it 75 Bk — B AR 8, a0 —2EXt it
SRR S 5%, 75 B ALIC ZE ) QoS k%5,
T He A — 288238 Y 2% BORHt &l 5, U B
R HRUBURK

(3) Al HVE{E RSU S5 1T 12 v

AT 22 106 I Al 25 48 35 28 I Bk 972 K 2 R
BAEEE, WA DH 0T TR s A 2T 1 A
FEH S, H#Mo e Ek R E 2 Ok, THER
K, RRFEKREZ AL FENHEIRS 2
B, PREECERCE, W I R

(4) FTIRSS s Bhit E AL RS

BTSN H 8, B B 2 N R 4
B L, A Re AR FH A B A v
R, s AR, AT DA — R AR
PITHEELENERRE ST o 1 n] LA — AN, Kz
U A0 P 5 BT B, IR 2
B B2 R R AL AR ORI IR S5, I HLX
SE AT SRS T SERT B AR R, T RS I A
AT AR A ZURGETE K, A 25 N R IR 4507 m] AR
PLBEVRZS B bR, SRALBEIR A —J7 th ] DUNESZ IR 55
T WO — 5 ORI o F R IR 1 2H 43 a3 2 IR A
(1, BEERSHAT, IRHEEEER, RE
— & B TR AT — MR BRI o« AR AT DAk — 2
FURFEAESS T AR S B S BRI, DA
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AR IRAEAT N CANZE4 iR | Do B 4= A
18D I AT SO T

(5) VEC %4 5 B A )l

T ROA St BRI, H P R EdE %
SNSRI R A A DR AR LN L, 4 V2V,
55 oK AT 55 BN AR B IR 55 42, IR 55 22 ik
W=t — sz AL ), 7 BEAERR I LA
gt — DR . BET, A i i
A [ sk ) it 0 v B R Al THRT, X BB 2%
B ELBIR R . FEARRITAES, BTN
ZATEbR, X LR AR AT DALE VB B B bR B
(moving target defense, MTD) fit /& 5] [ B 4if 35 2
5 S PR 2 AR, R R R N 2 1 2 4 1k

(6) #f Al FIRAE LB Pk RE

17 F i 2 OB 7 T BEADL L BT AR, T RE
FHOEWE S ESEIAAE —ERWE. AKX
0053 SCRRAS PR T8 FH — L R 40 A i A 12047 05 31
AL, Rk 7R BT Rz H B SE A @ EdE, 18
L FE AT G SRS PR, T S B At X
ZUCE . 2 BN BT SEOEAE BRI ) S A
S5 EN AR SR ) FEUBEAT B AT, Rt B R RS TR
PRG35 AR5 TR A FO i) S0, ARG SRR
SEEAERE .

(7) ZBRe/k ) DRL 5035 N A1 Y ik

ARAT AT 58 A I AR BRI 3 R, R
HZ Baekoib s ) 5k, A, ERIEA
g S TR IR NE, DA — B iR AR
MIEITERE . FERIZR D) BRI e T T, R
FEM &Y i T B A MTD il g s i
T Z Bk DRL LT AR B4R 1
DRL JjVEBEA R BN Refh 2 8 15 BA 4]
DAS et B AT S e [ A8 4, AT 454~ DRL AR
PRAE IR AN 78 1 BRI 0 A BE A R R SR

(8) ZEig i[RI A B L KA I gt ) e o

ZE 2% Wy [0 HE W 0 R B2 I 2% D7) 23 G 358 23, 90
) R 2 A 2 g AR B ) 320 5 iR 55 48 AT A il ARG

17, P UM T R FE I 2% FRHE T o 22 3 iy )
W] LB T R, (ERAFAE FAL R . Ky
B AEAN RS G 3R A i WX 28 SR TS T, D3I &
JRUAE ARy LA BT SR SRS L PR B,
T AR AL MG IE SR I i o AR TAR ] LLE— DAt 5t
T B T [ SHE T (O BERA TP L, 5 A T 4 25 5 %
BT A R BB A, (R A i e 4 i [
[ 2% IR 1

(9D ZEAg R 4 F D)y e A 7 1 )

HRRAE T3 EL IR X 8 (G D) ik % BB o
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R I QU Y LI REAT TR, A LA T TR T
A2 (17 1A o

Sk
(1] 3EUR, ThEUE. BN RGLRD. b E L, 2021

23(17): 51-52.
GONG Y J, SUN H B. An overview of internet of vehicles sys-
tems[J]. China New Telecommunications, 2021, 23(17):51-52.
[2] BRiiby, WY, WA, R M (C-V2X) SRKRE.
FH R[] B ERE, 2022, 38(1):1-12.
CHEN S Z, GE Y M, SHI Y. Technology development, applica-
tion and prospect of cellular vehicle-to-everything (C-V2X)[J].
Telecommunications Science, 2022, 38(1):1-12.
[3] CHENSZ,HUIJL, SHIY, et al. A vision of C-V2X: technolo-
gies, field testing, and challenges with chinese development[J].

IEEE Internet of Things Journal, 2020, 7(5): 3872-3881.



15

BIERY 20234FF 1H

[4] LIU G, LI N, DENG J, et al. The SOLIDS 6G mobile network

architecture: driving forces, features, and functional topology[J].

Engineering, 2022, 8(1): 42-59.

[5] fhiiE, S5, AREE, 45 T 6G IR & — LA

PRRIE 53 [9]. 22 PR R K 5 4R (H A B R, 2021, 33(6):
891-901.
SUN S H, DAI C Q, XU H, et al. Survey on satellite-terrestrial
integration networking towards 6G[J]. Journal of Chongqing
University of Posts and Telecommunications (Natural Science
edition), 2021, 33(6): 891-901.

[6] LIU G Y, HUANG Y H, LIN, et al. Vision, requirements and
network architecture of 6G mobile network beyond 2030[J].
IEEE China Communications, 2020, 17(9): 92-104.

[7] LIUY Q, PENG M G, SHOU G C, et al. Toward edge intelli-
gence: multiaccess edge computing for 5G and internet of
things[J]. IEEE Internet of Things Journal, 2020, 7(8):
6722-6747.

[8] ARy, TkiGHE, XUFE, . BT30S T IR 8 22 16

RERE P ICE BEEOR ). W% 5 (5 B 24 7i), 2020, 6(5):
119-125.
XU T W, ZHANG H L, LIU C, et al. Reinforcement learning
based group key agreement scheme with reduced latency for
VANET](J]. Chinese Journal of Network and Information Secu-
rity, 2020, 6(5): 119-125.

[9] WANG D, ZHANG Q, LIU J, et al. A novel QoS-awared grid
routing protocol in the sensing layer of Internet of vehicles
based on reinforcement learning[J]. IEEE Access, 2019(7):
185730-185739.

[10] PENG Y, LIU L, ZHOU Y, et al. Deep reinforcement learn-
ing-based dynamic service migration in vehicular net-
works[C]//Proceedings of 2019 IEEE Global Communications
Conference (GLOBECOM). Piscataway: IEEE Press, 2019: 1-6.

[11] CHOE C, CHOI J, AHN J, et al. Multiple channel access using
deep reinforcement learning for congested vehicular net-
works[C]//Proceedings of 2020 IEEE 91st Vehicular Technolo-
gy Conference (VTC2020-Spring). Piscataway: IEEE Press,
2020: 1-6.

[12] ATALLAH R F, ASSI C M, KHABBAZ M J. Scheduling the
operation of a connected vehicular network using deep rein-
forcement learning[J]. IEEE Transactions on Intelligent Trans-
portation Systems, 2018, 20(5): 1669-1682.

[13] AOKI S, HIGUCHI T, ALTINTAS O. Cooperative perception

with deep reinforcement learning for connected vehicles[C]/

Proceedings of 2020 IEEE Intelligent Vehicles Symposium (IV).

Piscataway: IEEE Press, 2020: 328-334.
[14] gk, R, £, 25T Spark MBI A0 LA AR

—

[}

—

—

FE2 I NERITT D], THENLRERY, 2021, 48(6A): 518-523.
YU JY, QI' Y, WANG B Z. Distributed combination deep learn-
ing intrusion detection method for internet of vehicles based on
Spark[J]. Computer Science, 2021, 48(6A): 518-523.

TR, BIOR, FEFESC. T 2R R G 22 2 B AL DR
FOTEN]. LA, 2022, 48(7): 29-35.

WU M Q, HUANG X M, KANG J W, et al. Differential privacy
protection methods for vehicle-road collaborative inference[J].
Computer Engineering, 2022, 48(7): 29-35.

TG, W, BRI, . BT 2R R S X Bk
R DL RE 2R K I e R 2 A R IR 0], TR Tl R R,
2021, 38(6): 62-69.

LI M L, ZHANG Y, KANG J W, et al. Multi-agent reinforce-
ment learning for secure data sharing in blockchain-empowered
vehicular networks[J]. Journal of Guangdong University of
Technology, 2021, 38(6): 62-69.

ZHANG D, YU F R, YANG R, et al. A deep reinforcement
learning-based trust management scheme for software-defined
vehicular networks[C]//Proceedings of the 8th ACM Sympo-
sium on Design and Analysis of Intelligent Vehicular Networks
and Applications. New York: ACM Press, 2018: 1-7.

YOON S, CHO J H, KIM D S, et al. DESOLATER: deep rein-
forcement learning-based resource allocation and moving target
defense deployment framework[J]. TEEE Access, 2021(9):
70700-70714.

ZHOU Y, TANG F, KAWAMOTO Y, et al. Reinforcement
learning-based radio resource control in 5G vehicular net-
work[J]. IEEE Wireless Communications Letters, 2019, 9(5):
611-614.

[20] BRJuJL, SEHE, BN, 5. ZRIRN0 AL E SCIRBD I B

PSR, BIE 2], 2021, 42(7): 1-11.

CHEN J J, FENG C Y, GUO C L, et al. Video semantics-driven
resource allocation algorithm in internet of vehicles[J]. Journal
of Communication, 2021, 42(7): 1-11.

YE S, XU L, LI X. Vehicle-mounted self-organizing network
routing algorithm based on deep reinforcement learning[J].
Wireless Communications and Mobile Computing, 2021(2021):
9934585:1-9.

MLIKA Z, CHERKAOUI S. Network slicing with MEC and
deep reinforcement learning for the internet of vehicles[J]. IEEE

Network, 2021, 35(3): 132-138.

[23] EBRE, REE, MNERE, 55 FETIRBESRIL 2 ST IO ZE IR BE

PRE L] ol Hlh &L, 2021, 34(9): 31-33, 36.
WANG X C, WU P, SUN Y Z, et al. Internet of vehicles re-
source management based on deep reinforcement learning[J].

Industrial Personal Computer, 2021, 34(9): 31-33, 36.



16«

[24] EWRE, REE, FMEHE, S BT IEHIR R A0 5T i 4 Ik
W IR A BC[I]. T IEER, 2021, 44(10): 114-120.
WANG X C, WU P, SUN Y Z, et al. Internet of vehicles re-
source management based on federal deep reinforcement learn-
ing[J]. Electronic Measurement Technology Journals, 2021,
44(10): 114-120.

[25] YE H, LI G Y. Deep reinforcement learning for resource alloca-
tion in V2V communications[C]//Proceedings of 2018 IEEE In-
ternational Conference on Communications (ICC). Piscataway:
IEEE Press, 2018: 1-6.

[26] GYAWALL S, QIAN Y, HU R. Resource allocation in vehicular
communications using graph and deep reinforcement learn-
ing[C]//Proceedings of 2019 IEEE Global Communications
Conference (GLOBECOM). Piscataway: IEEE Press, 2019: 1-6.

[27] CHEN X, WU C, CHEN T, et al. Age of information aware
radio resource management in vehicular networks: a proactive
deep reinforcement learning perspective[J]. IEEE Transactions
on Wireless Communications, 2020, 19(4): 2268-2281.

[28] QIAO G, LENG S, MAHARIAN S, et al. Deep reinforcement
learning for cooperative content caching in vehicular edge
computing and networks[J]. IEEE Internet of Things Journal,
2019, 7(1): 247-257.

[29] ZHU M, LIU X Y, WANG X. Deep reinforcement learning for
unmanned aerial vehicle-assisted vehicular networks[J]. arXiv
Preprint, 2019, arXiv, 1906.05015.

[30] WEXU, ZEHy, HARRE, 55 ZE T E IR IERR 2R

IRIZE TR T £k SR AT AIC[C)/2019 P IE F 34 K2 (CAC2019)
WICER. [HFRANTE: i ANTE], 2019: 360-365.
HAN S S, LI Z X, YANG L Y. Wireless resource allocation in
vehicular networks based on reinforcement learning and NO-
MA[C]//Proceedings of the China Automation Con-
gress(CAC2019). [S.1.: s.n.], 2019: 360-365.

[31] SHARIF A, LI J, SALEEM M A, et al. A dynamic clustering
technique based on deep reinforcement learning for internet of
vehicles[J]. Journal of Intelligent Manufacturing, 2021, 32(3):
757- 768.

[32] FOMFE, Bimdh, MM, % FET SAC B IR
WEHIEBN ] THEHL LR, 2021, 47(9): 34-43.
HUANG Y F, PENG N H, LIN Y, et al. Dynamic spectrum re-
source allocation in internet of vehicles based on SAC rein-
forcement learning[J]. Computer Engineering, 2021, 47(9):
34-43.

[33] TIAN J, LIU Q, ZHANG H, et al. Multi-agent deep reinforce-
ment learning based resource allocation for heterogeneous QoS
guarantees for vehicular Networks[J]. IEEE Internet of Things
Journal, 2021, 9(3): 1683-1695.

[34] BRpcH, #hoe, )%, & i C-v2X dfEM%E TIREY

2H@Haé%%i;{ﬁﬁ—'ﬁi@@rﬁ%[J]. HENLS, 2021, 41(9):
2687-2693.
CHEN C R, SUN N, HE S B, et al. Deep learning-based joint
channel estimation and equalization algorithm for C-V2X
communications[J]. Journal of Computer Applications, 2021,
41(9): 2687- 2693.

[35] 255, M, SEH. i C-V2I M3 TS E e
RG], BT2E4R, 2021, 49(5): 833-842.

LIAO Y, TIAN X Y, CAI Z R, et al. Intelligent channel estima-
tion based on edge computing for C-V2I[J]. Acta Electronica
Sinica, 2021, 49(5): 833-842.

[36] ZHAO N, WU H, YU F R, et al. Deep-reinforcement-learn-

=

ing-based latency minimization in edge intelligence over vehi-
cular networks[J]. IEEE Internet of Things Journal, 2021, 9(2):
1300-1312.

[37] ik s, RHA, HI-F. FERNS L F G mEE aE s ii o

BLBR]. HLT 515 24, 2020, 42(1): 263-270.

WANG R Y, LIANG Y J, CUI Y P. Intelligent resource alloca-
tion algorithm for multi-platform offloading in vehicular net-
works[J]. Journal of Electronics & Information Technology,
2020, 42(1): 263-270.

[38] ZHANG Y, ZHANG M, FAN C, et al. Computing resource
allocation scheme of IoV using deep reinforcement learning in
edge computing environment[J]. EURASIP Journal on Ad-
vances in Signal Processing, 2021, 2021(1): 1-19.

[39] LEE S-S, LEE S. Resource allocation for vehicular fog compu-
ting using reinforcement learning combined with heuristic in-
formation[J]. IEEE Internet of Things Journal, 2020, 7(10):
10450-10464.

[40] XIAO H, QIU C, YANG Q, et al. Deep reinforcement learning
for optimal resource allocation in blockchain-based IoV secure
systems[C]//Proceedings of 2020 16th International Conference
on Mobility, Sensing and Networking (MSN). [S.L: s.n.], 2020:
137-144.

[41] B, R Efm i RGP BRI LA T VR[]

o [ LT REABIE SR 24, 2020, 15(1): 92-98.
DONG X D, WU Q. Optimization method of resource alloca-
tion in vehicular cloud computing system[J]. Journal of China
Academy of Electronics and Information Technology, 2020,
15(1): 92-98.

[42] ZE4RIL, KRR, /A% 0 A 2 112 25 1 S 8 U 4 RO 2
FRUIRI]. VLR, 2021, 48(3): 281-288.

LI Z J, ZHANG X L. Resource allocation and offloading deci-
sion of edge computing for reducing core network congestion[J].

Computer Science, 2021, 48(3): 281-288.



17 -

BIERY 20234FF 1H

[43]

[44]

[43]

[46]

[47]

(48]

[49]

[50]

[51]

[52]

[53]

GAO D. Computing resource allocation strategy based on mo-
bile edge computing in internet of vehicles environment[J].
Mobile Information Systems, 2022(2): 1-10.

LIN X, WU J, MUMTAZ S, et al. Blockchain-based on-demand
computing resource trading in IoV-assisted smart city[J]. IEEE
Transactions on Emerging Topics in Computing, 2020, 9(3):
1373-1385.

sKigde, HRE, XM, S5 BRI R TR e X
W2 S5 RE B0 2 1S EN ORI ()], BT 5105 BAEi, 2020,
42(3): 645-652.

ZHANG H B, JING K L, LIU K J, et al. An offloading me-
chanism based on software defined network and mobile edge
computing in vehicular networks[J]. Journal of Electronics &
Information Technology, 2020, 42(3): 645-652.

sk, RE, RS, & FEMHET NOMA-MEC /)
ENRSRMSHE T[T, BT 5148 2R, 2021, 43(4): 1072-1079.
ZHANG H B, LIU X Y, JING K L, et al. Research on NO-
MA-MEC-based offloading strategy in internet of vehicles[J].
Journal of Electronics & Information Technology, 2021, 43(4):
1072-1079.

LI E, LIN Y, PENG N, et al. Deep reinforcement learning based
computing offloading for MEC-assisted heterogeneous vehicu-

lar networks[C]//Proceedings of 2020 IEEE 20th International

Conference on Communication Technology (ICCT). Piscataway:

IEEE Press, 2020: 927-932.

AR, TR, BRER, 5. F:T DON M HLLE M LEAES
Oy RENVERBLVE[]. 15 2E3), 2020, 41(10): 172-178.

ZHAO H T, ZHANG T W, CHEN Y, et al. Task distribution of-
floading algorithm of vehicle edge network based on DQN[J].
Journal on Communications, 2020, 41(10): 172-178.

LI M, GAO J, ZHAO L, et al. Deep reinforcement learning for
collaborative edge computing in vehicular networks[J]. IEEE
Transactions on Cognitive Communications and Networking,
2020, 6(4): 1122-1135.

DAITY, ZHANG K, MAHARJAN 8§, et al. Edge intelligence for
energy-efficient computation offloading and resource allocation
in 5G beyond[J]. IEEE Transactions on Vehicular Technology,
2020, 69(10): 12175-12186.

ZHAN W, LUO C, WANG J, et al. Deep-reinforcement-
learning-based offloading scheduling for vehicular edge compu-
ting[J]. IEEE Internet of Things Journal, 2020, 7(6): 5449-5465.
LIU H, ZHAO H, GENG L, et al. A policy gradient based of-
floading scheme with dependency guarantees for vehicular
networks[C]//Proceedings of 2020 IEEE Globecom Workshops
(GC Wkshps). Piscataway: IEEE Press, 2020: 1-6.

WANG J, LV T, HUANG P, et al. Mobility-aware partial com-

[54]

[55

=

[56

=

[57]

[58

[}

[59

—

[60

=

[61]

putation offloading in vehicular networks: a deep reinforcement
learning based scheme[J]. China Communications, 2020, 17(10):
31-49.

VNI, FFA, FEKR, & FRNAG NS T
TR AL 27 S ) 70 AR AUIRSS BN RO VET]. THENLAAR, 2021,
44(12): 2382-2405.

XUXL,FANG ZJ,QILY, et al. A deep reinforcement learn-
ing-based distributed service offloading method for edge com-
puting empowered internet of vehicles[J]. Journal of Computer
Science and Technology, 2021, 44(12): 2382-2405.

TANG D, ZHANG X, LI M, et al. Adaptive inference rein-
forcement learning for task offloading in vehicular edge compu-
ting systems[C]//Proceedings of 2020 IEEE International Con-
ference on Communications Workshops (ICC Workshops). Pis-
cataway: IEEE Press, 2020: 1-6.

ZHAO T, LIU Y, SHOU G, et al. Joint latency and energy con-
sumption optimization with deep reinforcement learning for
proximity detection in road networks[C]//Proceedings of 2021
7th International Conference on Computer and Communications
(ICCCQ). Piscataway: IEEE Press, 2021: 1272-1277.

MEE, K, BE, 5. ERGGH I T R TR A
P2 5T I 55 0 R 5 k0], TS LR OGR4, 2022,
28(10): 3304-3315.

LIU G Z, DAI F, MO Q, et al. A service offloading method with
deep reinforcement learning in edge computing empowered in-
ternet of vehicles[J]. Computer Integrated Making System, 2022,
28(10): 3304-3315.

SHI J, DU J, WANG J, et al. Distributed V2V computation
oftloading based on dynamic pricing using deep reinforcement
learning[C]//Proceedings of 2020 IEEE Wireless Communica-
tions and Networking Conference(WCNC). Piscataway: IEEE
Press, 2020: 1-6.

KE H, WANG J, DENG L, et al. Deep reinforcement learn-
ing-based adaptive computation offloading for MEC in hetero-
geneous vehicular networks[J]. IEEE Transactions on Vehicular
Technology, 2020, 69(7): 7916-7929.

GENG L, ZHAO H, LIU H, et al. Deep reinforcement learn-
ing-based computation offloading in vehicular networks[C]/
Proceedings of 2021 8th IEEE International Conference on Cy-
ber Security and Cloud Computing (CSCloud)/2021 7th IEEE
International Conference on Edge Computing and Scalable
Cloud (EdgeCom). Piscataway: IEEE Press, 2021:200-206.
ZHAN W, LUO C, WANG J, et al. Deep reinforcement learn-
ing-based computation offloading in vehicular edge compu-
ting[C]//Proceedings of 2019 IEEE Global Communications
Conference (GLOBECOM). Piscataway: IEEE Press, 2019: 1-6.



« 18«

[62] MEM, B, FET 50 ST 8 A B0 2 1T 25 0
BHME]. TR SHAF TR, 2022(5): 45-51.

YANG Z H, LU LY. Task offloading strategy of vehicle platoon
dynamic pricing based on reinforcement learning[J]. Electronic
Technology & Software Engineering, 2022(5): 45-51.

[63] NI'Y, HE J, CAI L, et al. Joint roadside unit deployment and
service task assignment for internet of vehicles (IoV)[J]. IEEE
Internet of Things Journal, 2018, 6(2): 3271-3283.

[64] WU Z, LU Z, HUNG P CK, et al. QaMeC: a QoS-driven IoVs
application optimizing deployment scheme in multimedia edge
clouds[J]. Future Generation Computer Systems, 2019(92): 17-28.

[65] SHEN B, XU X, QI L, et al. Dynamic server placement in edge
computing toward internet of vehicles[J]. Computer Communi-
cations, 2021(178): 114-123.

[66] XU X, SHEN B, YIN X, et al. Edge server quantification and
placement for offloading social media services in industrial
cognitive IoV[J]. IEEE Transactions on Industrial Informatics,
2020, 17(4): 2910-2918.

[67] LU J, JIANG J, BALASUBRAMANIAN V, et al. Deep rein-
forcement learning-based multi-objective edge server placement
in Internet of vehicles[J]. Computer Communications, 2022(187):
172-180.

[68] LYU W, XU X, QI L, et al. GoDeep: intelligent oV service
deployment and execution with privacy preservation in
cloud-edge computing[C]//Proceedings of 2021 IEEE Interna-
tional Conference on Web Services (ICWS). Piscataway: IEEE
Press, 2021: 579-587.

[69] KASIM K, ABU G S, AKRAM R N, et al. Secure mobile edge
server placement using multi-agent reinforcement learning[J].
Electronics, 2021, 10(17): 2098.

[70] REYL, W HENS, TKW], &5 EBCE A PR RN S B

SrECSIETIIC[]. PIBkRZAAR, 2019, 3(2): 20-27.
XIONG K, LENG S P, ZHANG K, et al. Research on hetero-
geneous radio access and resource allocation algorithm in vehi-
cular fog computing[J]. Chinese Journal on Internet of Things,
2019, 3(2): 20-27.

[71] CUI'Y, DU L, WANG H, et al. Reinforcement learning for joint
optimization of communication and computation in vehicular
networks[J]. IEEE Transactions on Vehicular Technology, 2021,
70(12): 13062-13072.

[72] HE Y, ZHAO N, YIN H. Integrated networking, caching, and
computing for connected vehicles: a deep reinforcement learn-
ing approach[J]. IEEE Transactions on Vehicular Technology,
2017, 67(1): 44-55.

[73] LUO Q, LI C, LUAN T H, et al. Collaborative data scheduling

for vehicular edge computing via deep reinforcement learning[J].

IEEE Internet of Things Journal, 2020, 7(10): 9637-9650.
[74] YANG C, LIU B, LI H, et al. Learning based channel allocation
and task offloading in temporary UAV-assisted vehicular edge

computing networks[J]. IEEE Transactions on Vehicular Tech-

nology, 2022, 71(9): 9884-9895.

[75] TAN G, ZHANG H, ZHOU S, et al. Resource allocation in
MEC-enabled vehicular networks: a deep reinforcement learn-
ing approach[C]//Proceedings of IEEE INFOCOM 2020 - IEEE
Conference on Computer Communications Workshops (IN-
FOCOM WKSHPS). Piscataway: IEEE Press, 2020:406-411.

LYU Z, WANG Y, LYU M, et al. Service-driven resource man-
agement in vehicular networks based on deep reinforcement
learning[C]//Proceedings of 2020 IEEE 31st Annual Interna-

tional Symposium on Personal, Indoor and Mobile Radio

[76

[}

Communications. Piscataway: IEEE Press, 2020: 1-6.
PENG H, SHEN X. Multi-agent reinforcement learning based

resource management in MEC-and UAV-assisted vehicular

[77

—

networks[J]. IEEE Journal on Selected Areas in Communica-
tions, 2020, 39(1): 131-141.

(78] TRZWL, EEs, HEAL & —FhEE T oA ST I I

UG T SE HR R (D], 3 PR R R A A R (AR BEEARD,
2022, 34(3): 525-534.
ZHANG J B, LYU J N, GAN C Q, et al. A reinforcement learn-
ing-based offloading strategy for internet of vehicles edge
computing[J]. Journal of Chongqing University of Posts and
Telecommunications (Natural Science edition), 2022, 34(3):
525-534.

[79] 5k, FF0, PEARIL. SDN Fil MEC 288 F V2X #1#k 5
BEIRAYHEC[I]. 85 5R, 2020, 41(1): 114-124.

ZHANG H B, WANG Z X, HE X F. V2X offloading and re-
source allocation under SDN and MEC architecture[J]. Journal
of communication, 2020, 41(01): 114-124.

[80] LIU Y, YU H, XIE S, et al. Deep reinforcement learning for

=

oftloading and resource allocation in vehicle edge computing
and networks[J]. IEEE Transactions on Vehicular Technology,
2019, 68(11): 11158-11168.

KZAMI S. M. A., OTOUM S, HUSSAIN R, et al. A novel deep
reinforcement learning-based approach for task-offloading in
vehicular networks[C]//Proceedings of 2021 IEEE Global
Communications Conference (GLOBECOM). Piscataway:
IEEE Press, 2021: 1-6.

[82] PAN C, WANG Z, LIAO H J, et al. Asynchronous federated

deep reinforcement learning-based URLLC-aware computation

(81

—

offloading in space-assisted vehicular networks[J]. IEEE
Transactions on Intelligent Transportation Systems, 2022: 1-13
HAZARIKA B, SINGH K, BISWAS S, et al. DRL-based re-
source allocation for computation offloading in IoV networks[J].
IEEE Transactions on Industrial Informatics, 2022, 18(11):
8027-8038.

SHI J, DU J, WANG J, et al. Deep reinforcement learning-based

V2V partial computation offloading in vehicular fog compu-

[83

—

[84

[}

ting[C]//Proceedings of 2021 IEEE Wireless Communications
and Networking Conference (WCNC). Piscataway: IEEE Press,
2021: 1-6.



*19 - BIERlE 2023 F% 14
[85] HUANG X, HE L, CHEN X, et al. Revenue and energy effi- XIHETR (1988— O, %, f#L, JbntlieEK

[86]

[87]

ciency-driven delay-constrained computing task offloading and
resource allocation in a vehicular edge computing network: a
deep reinforcement learning approach[J]. IEEE Internet of
Things Journal, 2022, 9(11): 8852-8868.

ZHANG K, CAO J, ZHANG Y, et al. Adaptive digital twin and
multiagent deep reinforcement learning for vehicular edge
computing and networks[J]. IEEE Transactions on Industrial
Informatics, 2022, 18(2): 1405-1413.

ZHANG X, PENG M, YAN S, et al. Joint communication and
computation resource allocation in fog-based vehicular net-
works[J]. IEEE Internet of Things Journal, 2022, 9(15):
13195-13208.

[fEEEIT]

BT (1999- ) , 5, Jbutlp e k=4
A, FERRGTFANBGIE . FEBERA

— —
o A

PRI, BRI RONAGT R Rk
PRI 2 g
-~

v

BB (1998— O, 2z, ALHTHR K2+
A, R ITIANIA G YIBER R 2%

i

FEA (1965- O , F, WL, JERUHEs
KRR, LERITT R AR 5L
G A S TR EAML . 2%
ERET Y i 7 2 N A RSPV K



	01-2023019-·⁄.pdf

