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Abstract

The World Health Organization (WHO) points out that in order to prevent traffic accidents that
cause millions of deaths every year, the Vehicle-to-Everything (V2X) communication between ve-
hicles and other vehicles, infrastructure or pedestrians is essential. V2 enables vehicles to broad-
cast safety information, including its position, speed and collision warning information, so as to
reduce road accidents. With the progress of wireless communication technology and the devel-
opment of intelligent driving technology, real-time delivery, low network cost and stable delivery
of communication information have become the foundation and core of the rapid development of
various intelligent transportation systems. However, in V2X communication, data transmission is
usually carried out through a base station to allocate frequency and time resources to vehicles,
and the stability of transmission cannot always be guaranteed. Moreover, the communication
characteristics of wireless network and the mobility of vehicles in vehicle networking bring great
challenges to vehicle networking communication services. In large-scale temporal data distribu-
tion scenarios, the traditional distributed service framework can’t only rely on base station ser-
vices to meet the high-incidence heterogeneous network resource allocation and communication
resource sharing, because the coverage of base stations is limited and vehicles are moving at high
speed. In view of the above problems, this paper systematically studies the information service
technology of vehicle networking from the perspective of service framework and algorithm de-
sign. The main achievements include the following aspects, the large-scale data distribution in V2X
communication environment is studied. Firstly, a multi-agent temporal information service frame-
work for distributed resource scheduling is proposed, and a distributed resource allocation model
is established. On this basis, a distributed resource allocation algorithm for multi-agent rein-
forcement learning is proposed. Through the real-time interaction of vehicle inspection network,
the reservation and reuse of wireless resources in dynamic environment are intelligently decided,
which makes the resource selection adapt to the dynamic changes of the surrounding environ-
ment of vehicles, and significantly reduces the probability of group collision.
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J&, M EEENn, FEubE VA IR, 7R TR b A 0 AR SV S AN B BT AR T
H, SEGEESHIAREE, oA v2v iE e EmE BT, E4E V2V EfEh e n 2
AR R RE .

E AR V2V BT, PMEBRIEE(CAM) [1] 25402 18] B A TE S s B —Fh A B, N
T 3CFF CAMUIBAS R F 58 A5 P L SPS SE /- FUJe 2k B, B SR VF 4R B ik R 4 Bl Rl PCS
BT EEBE, FRE S AL SRR R, ARE AT B BEALIE R CAM BRI
ATTRE (AR R e R s AN Lk 55 0Bk K M 28 A5 B A PR BE 1 45 5 R A AR i i, A L5 3
MR AT R FAH R B, JRAERE R 10— RPUE M P T, SEUIXERPAILN CAM ER
fERD[2]o FFAIECEMZE TR, X SPS FUASRH 1 B s pkak, Remin] S eE, UL ER A
IR A AL A1) o

JIT ASRATTRA) F AR A2 A Rl A 7 A 2B 20 IO SR R e IR SPS I SRVAAF AE AORIEARE i L, TPk, 7E
WRIESE S, I ZR A R RO R SORI B TR SCRAEBEAT A7 R0 A5 B Rl & VR SR, 45
SR 20 AT DA IR P 2 >0 A2 PR S SRS B E R, AT L P T i RS RS 1 22 ). IR BE SR AL 2 2
(DRL) W7 - ZLER AL LB BERIABE T, BN BEAR R RS AR5 (3] 2RI, VR UL, B 3)
BRI, SOBITER] RS MBEIR RS, WA MU, SR AEAAETT, R BT A
BEPRIKIAEAE, ZORE REARCURIE LR SRS HAT B, DL ORI B 14 H AR [4] [5] [6]. PRI,
V22X AE AR A 2B 2 G AT CLAE 2 B B AR IR AR AN (8] BRI AT 1 i 1 2 0 5 R &
HAMAAA7AE, P KA R S B SR B T R e 2. 2 B e AR SR A0 ) SN 1 25 i)
CLER M A AR TT 26, R TR M5 SRS FEE MR RIG, V2V ZRBEERNA s RS
B, BMAZINEAETH R BT R [7]. A V2V B R IR A 2R R R, KA
V2V RS YU ARG, USRI — . s, FATHINZ IR — MR, X2t T
A HAD TR A5

2. AR

HEEER T, V2V SRR B s 2k i, BRSO BEIRle, o 2R a2k T S TR,
PESCEIHS 3l (1) B2 IR eyl B 2 S5 7 mT LLgEAT V2 v dfs, XA 7 UL 7 T, BT BEUR 25 Tic H s W
—EREE LG T SRR, AN AR TR I R B AR R G A O DI SEAT, BEE R eI IR
J&, MPIEEENEM, PSRRI N A, M P ARSS A R s s 4, AR T
HZERR ) SR RS B I 2B M B BT IR, SEUEE SIS, BEEMA RS, E
AR ERIEZ, FEURSERBORMZ, SEEETHRub o B0 2 5 1 BE B Bk iy, BT BL
AZE R Bk, K IR AR B b AR 55 A AE — NN b, BRkSz 1 BRuh s 7y, WiRTE TR IR SRR,
JIr CA 43 A BSR4 | 75 1 RIS T AR

E AT V2Vl E, BT SR A RS B T S rh i, PR AT E(CAM)I 2240 2 [A] A
MRS (5 BRI —FEA(F R, N T SCRE CAM 815 28K F -5 S RS SPS Bk B e we i, Hp
RVFERE FIRFE LIRS W& DT EEE, UZMWELTR—FET, B AL
FEBEIE, FEie vl AR TR, 2518 - JR o 25 FARRL, B B 2240 AR AT e b B34 7] ) B2 U5
AT, R BUL R, (SRR AL T REPERRAS, B DARR BT o0 A U AL o 7 A
L 5 A AS DAL 1

EEX B R T FE A A, AND A im st ol SPS S 1 B IR B 7 AOR Rk /INRIE i AT v BRI
K, WHR[S)HEHE T SPS KW IRAT B ik (Resource Alternative Selection, RAS)Ev2:, KA Tl EE #1 iR
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AT BN, RS ISR, SCER[OJ#R WA Lookahead (1)} #F4E 1 [ (Lookahead Based Semi
Persistent Scheduling, Lookahead-SPS)5Hy%, 1E) #&IH B I 6 7 B I 2551 SPS 235 &, Wb T
/AR JE TREEAE B AR Rl (ERR ZEAAMOAE T . SRR 1O I 5 Ak 27 =) SR AR tR ZE B v 7 AT
FUBEUR 43 FO AN D Ze i o) /L, AR OR B iy 1 50 A P o P AN T 2 D6 D0 e T 55 (R A 3 e o ThiE |
WRITVEN, BRI TR A E 2 [ E ), SRR R A T 5 B A AR R R

T A 153 A0 2B JR A 5 VA2 i 2 SPS B3, £1X SPS By A A7 5 IR 1 1) /5, SCk[ 11 ]38
Z R R IR & ik, kYRR SPS BAM A B, BIEF AN [R5 N BOAS [0 SR FH A [ 1 I 26 i3
ITRIE, WEHRKIEOLT 5G WA NEAR LR gt Pas . v RERERRE, WOKORIE | HaR &5 &,
WD TR AR . SCHRT 12480 FH U0 D7 von BRI M BAR AT R T, WUR R BT R R A A
RGWIbR T8, Wb S — 7 bR, DA Debs 5 AH R 380s WT e A G 48 ) gt o

AT S Y AR R D 2 B B0 IS TR R MR, SCHR[ 13 1@ ik xof () 7 1) AT 7 ) ZE 4 AT X
43 AR ) R B AT Bl AR S, RS SPS Sik, ORI/ T Bl bR e, 890 T Bk ik
S AT SR o STHR[ 141 PR FE B A 2% 2] B0 o J I A G LIRS, MG IR FE R 22 M 25 40 G5 TR,
2 HH 2RI I o) 29 B AR A SRR R AR T s A i

AR, 2B B AR TR B s A S Bl F T & M SR 200 e i, EL Al B3V 2 I 1n) RS, P AT LA
FERE 22 B R AR G A 5 =) B FH BRI N 1R 23 A U 2% BRI B 1 R b, 1o, oA AR S5 TR AR A IR R 2
() 2 o 5 4 T DM N — NN BB, 805 I AE BORRAS  BEE0E J R mg, INITHASEAS 224 T —
WWCRAT S, XT SPS B A RIS ) /B, ] LAd i 22 8 B A4 R BE DAk 2 2 B 2RI R AN AR i & 3L
TS BRE, AT/ B (R A o) 2, T L T RAKEAS [R] RO PR 58 AR A [a] R B A% e, & A R T30
B2 V2V Bl eSS .

B AA ORI s A 5 S HESE, R TS50 4 IS IR FE 5 21 B, 90 2 2 Re AR AE oSl I 00 T AR e
BB B TT 5, BRI Re AR UR I8 H RSB AT A E, DA R MR I Bl s 4 H b
I, V2XIEAE TR A A B R BO A T DAE AR B AR . I A RIS ] B SR AT A A ) R A
ZREHAMEWRIAEAE, DA KBRS R B T 22l ek 2

3. RGIREF )@k
3.1. RGER

TEAE, XTRHHERET € S, TEERRM R, 505 R & A S b 2 AR TR ASE B
VRS, R A AR R A S E(CAMs), T i B 42t A7) 3% . P ZE I CAMs 13
Bras A M ERAMLMEE, WMEEE. S0EE. EERN T LI ES, 58
Fi% CAMs 15 BB ICHARYE MRS (5 B, Ml A PRSI A& 0 SR, AT il a5 2R

ERHATE EMESH N ={1,2,3,,n} , FHNLT—EZIIRE, HEWHERE—AEXL
MR B TR TR A TR RAS BRI TCVE R IEE R, RZIMR . AR IR /A 3R ik
& IR T, WO A YA U B, BT R S B E . ARSI S N
AR, & AT ] AT BRI K = (1,23, k} IEBAT— IR T Bl iR

X TR RIS, AR S — AN T R IR R S, BV 9070 ¢ i 2% [0 A %o
IR K AT, AR R B R AR A AT R AR, FTC BT T R SRS
Frife, I8 EEZ LBI(PRR) [1515RFR, B2 LUBI AT 2 SN ¢ B2 2240 i 1% 1) CAMSs AL D H20K
(U AT TR E N i L

TEAS R s IE RS 0 2R 40 R R % CAML Bl 6, 8 A IR 55148 R PR 2R 3000 | B 50 kAT R AL A,
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JIT LA AT DA BRI A B4 PRR HEAT R, R4 i 76 ¢ I 20X I8 & RO BERR NEME o =k » BT %A
t W ZLEB I SET KRR N a, = (a,l,af,--',afv) .

Xof - 1) R R AL K i, AT T — A R MR R IR A (EE AR, (H 2 T RS
W, TR TR B AR R 16]. T B0 SR 22 4R 45 i 58 A% TR — Al gt IR, e Hik
155 L B 3 P ZE AR A T AR

FELL - JERE b, ST PRR (a,) FoRBHIAE i T8 ¢ I 20 BT R I B0 60 4 A 2 o 40 1 L
AT

J=1
t

PR ()= 02, (727) < X - (01 v

Horp N RORAE ¢ W ZIZE5 | FORRATRZERELH .y R i MBI EAE N j e N ALHI{E THEEL(SINR), 2
AR

i —
=

PWﬂZ H (a,)
5 ke -

ot + Y Pl | {i}

P BRI T8 5 A HI RS 7 Z(MCS) 1545 52 SINR FRRECR, i P &TF /M F— N T 0
A1 Z A RBEALE,  WIEEE G R I RIS . P RFTE ZEWiE 2 RS ThE, o Rtk m i A sh
R, NaaH t NZIMMERE T EdE LS, |H;*f | F |Hf~f | Sl Rk | RFRICE j 2 A DA R R I%E
FH ok R j 2 A S TG 25 .
3.2. @IREEX

ZEAm ) B AR &M PRR SKef KA E] CAM 15 B4R R HE . R4 PRR 5 X, TATHIE T —ME
TR R L SR 5 IR R BRI E A 7 (¢) 1643 PRR e KA .

maxiPRR; (at” )
7=l

2

(3)
subject to a, € (1,2,-+,K)

X ARG O, WA AR B A B, WIAGYIRA S . SR, EREIIEILT,
W2 ut, AV — A SRR NS TR AT, DR 50 1) a8 T A o AN 2T 1A 5 DR 40 ) S sl 1 T AN
[Fo s RACHTA R4 PRR B SREE FRON SRR R0 7 o

PRI, RIS 27 BAAPRNE, B9 Hh Je i B8 w] DL 8 A 440 1 i 3
s AR AT AL B . AR R AU TT Serh, BRuh bR R4t R RIET M EH, (RFPEET]EE,
BP PRR, HARKUL, 4ZE402 [0 AR S K T /N EE R B I, A [R] i 58 U A B 45 254 17]. 5
&, WAVH B T I 55 2 AN IS Ol DRt R 20 SRR A A HOun B IR AT B .

T 0] ) B &S 2 4R, FRAT TR LA IR O — > 2 B R AR B i A 2 =) el i, XA PR R A 2 4
JAhIZE AR R B B, A B AR A AN R ) B e T e, AT AT 1 Lo A 207 2 A = B2 MR
SRR BRI,

4. BEEHES

584k 2] (Reinforcement Learning, RL) [18], x& N T8 e 8ds Hh — 4 FINLES 5 2] 0] /. RL M &iit
o EHER AL S 2 RIS ORI K . TR %% 2] (Deep Learning, DL){E AL 2% ST 5 Hh () L 2L
AU, IAESREEE AR SRR ERE, ERE. BARET . IEE5WHE 2 N SIS T EE
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MIpSI[18]. BARMIAR, AMTFRMEZHIS RL BEUSAH ) DL SRAR e DA AE DLARER ) 108, 5] B 123 i R
FORIUAT A 5 - B4 Deepmind T~ 2015 4K % T Nature )3 FAH R L SR AL 2] 1 IXSEIL T 7E Atari
ik B 5 NSRRI 2 & AACE, it NEHL T DRL (EK#E 7T,

AT B E T 5 2 5] K 2 R REAAATR, 4R 2 R REAASIR AL 2 ST IR R AR AE S R B

4.1.D2DQN

TEA/NT R, FRATTHE H 08 202 A X 2 4 B AR TR FE 5 AL 2% =) B2 79 i 5772 (Dueling Double DQN,
D2DQN) o AT G137 2 AAE T FHAUR IR S s R AL BE 22 B e A2 =) R 48 rb (1P A2 (Non-Stationarity),
TSI AT BRI RIERE 4 B SRR gEE i E AL R B, IR EIdE R TR
KL B oA L & U T A0 I 7 B 20 AR W T 7 A, TR LU 8 AR 004 B A 22 %0
PRI . SEEARIE, 240 A A0 C 2 EE AT PN, 25T A v DL B RN s HERT S C R,
MNTIFHEI 2 2400 C g 2 BB L SR IRe £, AT, 2280 A W DLOAAR S CAM S LR HARKI&1E
PEAR IR T E S AT BRI T, M58 1 W4 B AR B KA, S P I R 22 0 e s AR A O 1R ol
JESEA LI RNE[19]. £ MADRL 452012 RHEF L, 2BPITIOHESR . EET Iy, Wil
Y 1) AR AT SR 8 B MR 22 5 . INZRER 2 s i, B 2R E AR R F N k10 S 5 AR
A P . b sUNIZRE DQN S H S I B Re RIS, AR TSl 8ot = . BOAVRMA
HEAFRFER]], FATRERE RFLESE, OREILERRRRBEN . RSB0 .

N T ST BT ERCE, AT TSR 7P RS, SRSEHIRRE 2 S M 5
. AR Dueling Double DRQN,  BILKE & 18 B K53 J R A B BRI 38 60 8O R P KA BRI AZ O
% 11) Double DQN HJIGRIRAS, & EMERMERSCHERH FT 2 Double DQN #1540 AB RTS8+ & Bl (R
AR, R E ARSI LIy, ST R s AR, B REIA L R BB R IR A R, UlH]
EERT Q B EA M, HZRZAXT Q IR M, Dueling Double DQN H I i [0 265 AR A% & AS U R AL
I3 S E , RSB 735l IR, 38 93 X 28 2800004 RO EA s A R i W8 [22] . 7E double DQN
A BRI E T — B ER Q M, Bl o' SR, RSP KISEOE IR . AN, A
%ﬁﬁﬁ@%%%,wd:@ﬂmﬁﬂdﬁﬁﬁ%%EWEM%?W%oﬁﬁﬁ%%ﬁﬁ¢ﬁ%%@ﬁ
(5,a,7,5') ~U (D) BATHENLRAE, SOREM (G RBUR MMM THE, 4500 T AR ERIA AN, IR
FIFO Z&IX, HR/NSARERIEER LG, Lok fdEFFaE, 1 Dueling Double DRQN 5 Double DQN
N—FE, BONREEE, EEHBAGHARE. Dueling DQN HyLIHHAREH 733, 452 %R
SHPREIE V (FrE) AN SNERIEE A (SanERIRZEEE R 1A &) B ER R 24 SE BURFAE SR
FRAER R, NSl AR R0 30, 70 RURS T EAIRRE, S5 RORSMEFI A8 AH
INBRIRT A3 2RSS RIEh R B[ 23]

4.2. RISFREIEIT

YEN Dueling-double DRQN 3 B #1282 X 26 45 14 (1) — 43, FRATTAE B K A2 12 (LS TM) I 28 /B Sy 2 —
2, WRIEALE AR TN ERZ K. LSTM B4R —NWEIRAS,  FFBEE I TR 3R 1 00 45 SR 2
fek. RATEILO(s,.a,h,_;0) F ST, Fob | Al — SR PO BERRE . ERRE
B = LSTM (s, ) = LSTM (s, (, ,,++>0, ) » 3L L AMUER UK. LSTM % 2 Ji e Axe e AT B 22
TSNS ERE. BRI HIIZ— DON, {EACEERIIIRAIE, KRR MCE AR 3 A [ 1)
WS AL CRIBECRA, XA E LA A I DOQN tHEERIAF . 2 5 XPIRZAS FIBAE 2 (7]
AT [24].
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1) REMBEZE

B8 i RS R s, BHARER § AEBR ¢ SRIK e T E R, I HAaZ i &R IRV A B2 R E
FAL AR B A, B ek f(p;',B,R) R4 o

FET WL 47 B 43 41 (View-Based Positional Distribution, VPD)i %1 f( p;',B,R) FIFH BB ¢ B ARER 7 (1)
SRR pl v BT8R ) B RS (AL B e Z° R /RREE ¢ (OS2 ST R € 27 SRR B3
RN E . AETA0ERE MR CAM W EH, FARHEMLZ eI EE .

FERX I TAE S, AR BrA T s g, BRI 1 AN BT 1 A EEARER — S B,
METZRR T A={ala=kkeK}-

2) bt

it — L ot e th T VEAE R ZE AR ZE IGO0 T I PERE . B4 Sk FEA R B, (Ha2 2
PBFHIEOL, 2 A i) 24 s A P AR IR R B2 MR A 22 T H SR T

1 Ne=1

A 0 if dist(c)>r,, N =2

' (a1s))= (e)> 2l O
-N; else, N/ =2
-N°  N'>2

Horm g ¢ A FEFE ERTRKARE, Be=[ik-.1], ccN. N =|c| ZMHRERF DL ERER

; S y P > ANy /==t S N R i z;[:lr’i(s’i'a’i)
¢ (R R T S AN A A R L USRS AT A 7 (5] | a)) =7/ (s] |a,)+To

FRAAS T BN S AT TERIE R IE K 70 218 5 BRI DA TH S el . AT T 2 7 B 20 A
ANBE R 73 HE R AL AT B -

Bk 3-1. B THEMALE S
Function F(pj,B,R,rhre,txlD)
A — SRR D
for e in p; do
if e[a’ate]<thre then # IR ERNER
dist = calculate dist (e["pos"],p,’,[”txlD"][”pso"])
If dist<R then # WIREWHZERFHLIKITERE A
D. push (dist)
end if
end if

end for

D =D. sort() // Sort the distance in ascending order

H = Histogram (D,B,[—R,R])

Vi = H[len(D) //Calculate the distribution from histogram
irclD

return v

end function

ZJEEATXF double DQN FELE M HEAT e it, BARDERMGIEM T
Step 1:
fNJZ: DRQN HIHIA S 52— AR+ B T, Hrp4p2shifE =g RN, o al 3R
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MO IR . BRI INLE T — NI TR A F RIS EE RS — 8855 B 2 — MBI 73 W
DAL TR R, e HR T IR, 5T X A~ S50 e .

Step 2:

Bz : H—J2 N LSTM JZ. Z 8RR I EITH T MDP %, AR RRIER N — IR AS
A B REAR AR G YoE, i A PR EUAT A E . FEFRATHI TAE R, FRATA LI A 2 ¥ i 1E
HEHE, FUNTRAME M0 B Ao SR, 3020 LI B T AL R R A A2 sh i, M 24
R B A sl kR, SCER25] [26] 27100 LI TR, LSTM M n] LA Db H T8 3 il . LSTM JZ{x
FENAIRES, FEBEAE B R HER AL A WA . LSTM 25 A1 AT 1 2 2 AHE

Step 3:

fith)Z: DRQN B 2—A e, HR/NAFRRN T PPRERAN, BASEME. 55
SR, AR BN E S B E

Step 4:

Double DQN 4R R4 IE BN VAl 15 [F— W& (4T3, BT iR Bk mtERe - . ML, K
AR Q 2 2] LA R 15 51T (1 A o

% 3-2: Double DQN Hik AT
WIda4: WA dueling DDRQN %% O Fil ¢f
WAk M E-2E A O, BEVLILAERBE o
Wt BEsE- w0, VIR E 0 =0
//EEE T FENLILEHEE — episode
for episode e=1,--,M do
// episode FREHIEETE—1 BT 15, MX 1k —Eis{T#] episode 5
for r=1,--,T do /| X B T &
for ve[l,--,N] do
//RBCEFTARER EHPRES I & 5] in (s,ap.a,,7.5)
if random(0,1)>¢ do
TEBNAE I BN LE R — D BNE o

else d =argmaxQ(sf,af;c9)
died

end for
TS Y ST Y
=)
D=(s,.a,r) BIGHETRHT s, a1 0T D AT EH;
end for

f D BN — AR B s a5,

r, if episodes endsat 7 +1

WSy, = I+ yQ(s,+l,argrpax Q'(s,,a’,é)) otherwise

WRIBAR (3, -0(s,a.0)) HHITHREM 0 HHIKAE.
X B AL EEAE 0 BEAT ST

R E N K X episodes [116'=6

HHre

end for
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£ Double DQN M1, i N\ N iZI ZI 8 Be A FPIRAS(H A & %0R), A LSTM WA NEEAR LIS,
IR BRSSO BEAT R, A IS DY AN 2 KPR S P I A S BN (51, 5,,5505, )

B N — DR, AWEEZH., MHafE. RN, HoaiE —MEICICE R T/
B HEERPATRE DL, AR TCA (s, ay,a5,7,5") » Fe o 8" S0 RIFOR B AL A BT T AR IR 5
REMPATENEZ G ITAIRES, ay a, BT BAE B ZEWRIUIZNE,  y 240 22 5 ek 2, 1)l
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