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[Abstract] In order to solve the problem that the traditional content popularity prediction method in the Internet of
Vehicles cannot accurately capture the vehicle request characteristics and leads to the low cache hit rate, an edge collaborative
caching strategy based on federated learning and reinforcement learning is proposed. This strategy pre—caches content with a
higher probability of vehicle requests in other vehicles or roadside units to improve the cache hit ratio and reduce the average
content acquisition delay. The federated learning method is used to train and predict the content popularity using private data
distributed across multiple vehicles, and then the reinforcement learning algorithm is used to solve the objective function to
obtain the best cache location for the popular content. The results show that the proposed strategy is better than other caching
strategies in terms of cache hit ratio and average content acquisition delay, which effectively improves the performance of the
edge cache of the Internet of Vehicles.

Key words: Intelligent transportation, Edge caching, Internet of Vehicles, Federated learning,
Reinforcement learning
(31 ARE) sk i, SKEHE, /5580, % . R 56 T IR RIS Ak 2] 1 4 4 S A7 SR (1), Y ZE R, 2024(10): 49-55.

ZHANG L, ZHANG G D, LU J W, et al. Edge Caching Strategy of Internet of Vehicles Based on Federated and
Reinforcement Learning[J]. Automobile Technology, 2024(10): 49-55.

TR . AT KM 200 o O NG A7 A 3 s A7
P2 B SGEAF MO T P R R PREAT A7 43
R, dn et S th AR i fwe /D FH RN o (X Bk AR

1 #r=

[l

il

SN T ZEBR W) (Tnternet of Vehicles, ToV) JE 2 =

I 55 45 ) 77 1) A0 I A vy, R L2 i A SEE g 0 22 A A
R AL, FTE N AR T NG ATHOR i
EPCGAF RN 7 b, DA (AR B B ) B it
I PR AR 5 A IR BRI, 0 T R R A il A

BIR , DR A7 SR s b AU SE T AT Hoe 32 AR P ST B T

WERBEEORIG A 2 A7, TIEAR AT G A7 R R i 9N
Ho FRGATE N A B RATIE AL R EA
ZHTBUCZRAF AT NS, SBE T M 75

TE B G AF o HLAR =~ 12 B T 100 N 2
WATHE , AR W B A7 38R o SCHRIBIER I T 56 TR~

AT H - [ K A AT H (2021YFE0116600) -

SEAFER R R W, 5807 o B BBV 4 F R |, niandaiyijiu@163.com.

20244F 10

- 49 —



5 R, A5« IR 00 Hh B TR RIS AL 27 ~ 13 G G A

1 B BT SO 2 Bl G A7 SR G 0 R Sl 2 A
i TN A AR AT BE o SCRIKL41R) I 5% 5K (Zipf) 15 R
BN TAT I, I AR 2 40 A B 0 59T (Road Side
Unit, RSU ) Y P9 75 3J BUSE I TR PR 258 R AR IO o 9
T, Zipf #5655 [y S35 SR BHis 2R A7 3+ 5, i LA ofE
FH AL A 2 T AT BE B I AR RS S TR TR X — ] L
SCHRI61R A J 3 12 T &4 i) psf ) 7 37 e 1 1 2%
IR I K H G5 AR N Zipf BB AR, LR T O
B M T AR R 9 A TR o AR, SRR AT R
3SR BAT BRI L XA R R OR 3 5K A 9 28 IR I
TE—&" . HET LR N A GAF SR IR 2, A SR
— Pl T 238 3 Gk G A S TR I G KR A
LA K BB A3 5 s R AT T R S AR, R
i b B M7 — R IR R R A o o) B P [ G2 A R
W& (Edge Cooperative Caching based on Federated and
Reinforcement learning, ECCFR) . #R )G VA fEfnp R
A 25 A i SE I S AR 8 4, il 3 Python - 5 #E47 05
B, R G0 3 BT A R A R OO i g A
F14 B3 [7) 2 A7 58 W B R
2 WHRBHBREFERNE

ASCH IR T L G B Af i h =20 IR)Z
2 IR A4, vh ]2 4 3 20 RSU, T 2247 I I 4=
A RETE SR B9 N A, TUZ 2 24 HAT A7 ) 1Y ik o
(Base Station, BS) , I -7t HL 48 55 1 [Fl A1 Fir A RSU Y
GAT N BN I BHLGAT R, P 1R

RS
L
mEEE 7 Wg!ﬁ*
-

SRRETES 3 202775

TE BS 17 55 X3k P9, RSU 7. (s=1,2,3,....S) AR % D,
5 R R B — O AT R A RSU Z A& &1
B X W, (=1,2,3....) & 5 1k Z 4 RSU 3
i DX AR T G I R — O AT B G Y
JE u, (i=1,2,3,.. )2 ST [l o3 Y, OF BAE R UG (5 g
T RS S TR AR 7 ¢ 5 [E] Y A RS RSU S

- 50 —

N PR ZE 3 85 R V(o) , S S 800 A A RS i Y,
I, FERF A ¢ A RSU S A B9 2 380 g ROARE SR ]
PIRIR N

PV = g) = AE e (0

M2 5 A RSU B 55 XU, % 30 440 mT LA
2 F RSU I I H & 26 NSRRI iR N A E
GEAF VA o 75 00, 7SR 22 0 0 25T DA E R o R B
iR N2 RN AE A A rht

3 ZERREBEENTEREAE

31 BERKER

ASCHE RSU FIH P A4 7 WMV E G2 47, DA B o
1 b 2 R T P I AR T RSU & AE B — B
Vi) B PR AR 1% 2 00 0k 3 A7 e 5 2 o 12 AR MRV
GRALT A R JETE R I — A o ME
DR AL, ELAH B A7 A 5 R v A AR R AU
TE— Bk 5t

BB RSU r WA RN R C L Sl B 22 47
Tl WEARRI/NAC, W C <C_ <N, T NH
TN A TATEE R SN . N T RoR i
KRNEE q(g=1,2,3,.... Q)& B EAFAE RSU Al o, 1, 7 L —
AR Y, R BRI

Yrg

YeaYerq € (0,1} (3)
ey, =1 BB NE ¢ ZAFERSU r iy, =0 F£m
RNGEAE y,, =1 R B W B BV G A7 20,
yMZO RRANGAT
32 BIERERR

T A A B S AE v DR AR [ Y A5 AR, O 7R
AN [ s o G (A MSE F R O d L 5
2 ! B (5 B 45 RN
hi(dis(x07)) = U} (dis(x0])) g (dis(x07))  (4)
xS G o AT IRAF LY 8L, Y w=r FROR
RSU r,, 24 x=v, I R4 B ZAF 4 v, s dis(e,v?) Ry 4 B
AT o, VR of Z 100 A BE 55 5 1] (dis(x0) ) SR %l By
AT B0, I 40 o 22 18] B AR P HE 5 g (dis(x0))) Hy
W B AT o, RN 0! Z R B3 0, AT
TERTEOE 530 .
A~ RSU 3@ 3 42 X % M 52 5 (Vehicle to RSU,
V2R ) B 5 H A o DN 1 23R AT aE AR | i ] — 1
ZE R 4038 1 45 X 42 (Vehicle to Vehicle, V2V) £ i
PRV DO S A N




5K BL, A5 < ARIR 0 R R T IR A A2 > B T G AT

HEATA {509, RSU r MV 928 47 75 0 o, 7678 [ 030815
s 5 A o 2 1) 9 B S DR A [ £
Y DUAS [] 1 8 238 1 47 4% L V2R B B 19 1% i o 5
K,

(5)

P h'(dis(r o
R, = Blog2(1 . Us(rf))))

ol
KA B AT AL, P i RSU r (R D%, o2 Al

FARA, V2V HE B A S R TR
thﬂdw(uwvﬁ))

2

R;’m[ = Blogz(l +
U(‘

(6)

K Py Ry, 1RSI,

ST BRI, AT LT N B A R AR, 2 Py 7%
B RAFAE AR OL B, BREUTTIE SR P9 25 g 10 P9 2515 4 4iE
BHEARE . RN g BAAAEAR R RSU r P, 4240 o 3
i V2R I\ RSU r A FRER N 25 A A B AT A SCH

Trl — s’l ( )
reig R! 7

i

s A% g 1R/
S V2V e MR B 1 % o, b BRI PR 1

it
T = 3 (8)

ik

4 ETEBIRLFINHEZTFRE

IS AL 2R Y, B T HRIR 2 ST BN A
TAT HE TN AN T i Al 2 ) B P A 0k, an s 2
N

\ CF-VAE B8 2

m AES R 1

- EERIE

2 e AR
43

AEINIHATHE

HET IR 2 0 A T HE

AR

JET 3R ) (R P I 2 47

B2 BT IR b 2T 1 U ) 22 47 5 s
4.1 EFEFEIWNATRITERN
4.1.1 BEHEE2
2 3] (Federated Learning, FL) R 25 25 3047
ZHCIEAE R IAE S 548, ik 3 R
20244 5510

(G OB
'V
SA7 Rsu

b Wiy > = | -
O 6o o \
® ® B e B/»Jllfﬁ

D%kt

K3 BRI g
a A BEFE o A kR A AR R B R B i AE RSU
DX 33 P ) 457 BRI T Sk T MR T IR 1) A A o
T 2 o BB SR d B8 AR A A T 1 AR Y T
w), (u,,<ui<uw,,), B o 306 #8587 20 A0 0w 1
LA R BRI A

flui)=
e*#(xti’*u)l
Sl SUI S
/202 (erf( WUpax — M ) _ erf( Upin — M ))
oV2 o2
0, At

(9)

K s erf O w2 H {7 22 o T RO 715222 B
94 5 RSU T8 35 B 4 5 B i T

ria = (D= P) (10)

u:

Ao D RSU 55 X IR B4R, PY Ry of 6 RSU 2 563
Rl 23t IR B

AR B A — A AR SN ZRI (6] Sy 7, I HLAfE 2
1R T, A5 > T, T, W37 Z A0 5 B i 2
KRS S FLING, 2 2D,

b BN 3. 7RSS d Rl (R T, RSU L T 461 %
A543y B 8 4 15 %% (Conditional Filtering based Variational
AutoEncoder, CF-VAE) ¥] i b 2 i Al ', TEZ )5 1
—HE b RSU AR B 42 Jay R AL, I ST 14 4 Jm A A
IR T A VB E G

. BEAVN G B L4004 A RSU AL T Ay 42 Jayfb
T " ¥ BN AR AR HURE Y, 3 ) 2 5 04 7S b BB F
FrNrak AGZRR . BER ke IR ARRY AR M RO o),
DO 40 o FEAS HO AT oo, T 9 SRR R ERCH

o) = |Ql;.t_k|,ez@"'( w') (11)

A Q1 7R v I 258 rh B WL U B0 L L(w?)
Sh B bR R AR S I A AR v 565 A I ) T 45 2K
-5] -




5K BL, A5 < ARIR 0 R R T IR A A2 > B T G AT

SRR IEARET U A o PR BENLRAFE— 2L 258K

PEIFTHAR(E+ DUGEN . TR+ DGR A IS «
@l o' - nVi(o)) (12)

Ky HEE ST Vi(0f,) N (ol ) BIBREE

FE UL YR ARRBIGR B35 E 19 S K
T v SE AR LI 2k o

d. BRI A% KRS B A HIR Y ! AT L
FEE|RSU IR S5 %%

e BRUIRAG o A28 P ALREAY IS  RSU K AT A Hu A
RUPEAT ARG, 2B BORT 4 42 JR A o 1R — %638
FUIZRIY 4 SR AR BT h -

1 d
wd+1:2%y1w?+l (13)
i=1

! A o A B B ¢ M R E AR
A HEHE i, 0! T A o TR S AR MR,y =P/D,
R 0! R A RE
4.1.2 AT AT

FH TSI R AR JE CF-VAE,, 32 %2 i ffE B peh 22
I8 28 112 B 28 I 248 2B o 0 R IR X RITRE B ¢ i
SR 28 R0 255 L 27 2 VR TERAE 2, AR 5 F X Se 5545 1
RAELH A A 5 DR R X AR S AR i X 4
W NSRRI L, A5 P Z R S A N2
TS AEARIE 1, R ZWARIE N 0. (K BT AT AR 3
SR P ERARIC O & AR A BRAY , PR AN IR S HR 11 P 25 v
AT RANBERMRPOE RN B, T XOR
HIZS T BEALR AR 1O R M 25, X g T 566 [ v 25
HIALE . ¢ AP LT SOF B, X N
TTEERERE o F ki E AT HE R 5 i s A5 o B i 1 NV
DNNEPOEERATNE , IR 4577

X ©
1 1 )
ST s i
7 7 Sy,
~ AT
0 1 (\, P € /) X PN
1[0t ‘(/» I r '\) 0.7/0.3]0.5/0.9 "
- gt [0.5[0.0]0.a]08 34—
N HIA ‘>,/ >;/ i th prige o8
&) I (Y 0.1]0.6]09]07| VR -2
Ljojt N Iz N 0.7
‘ - 0.8/0.2/0.7]0.6
ol1]0 [,/ ™~ [/ N
1[1]o «\‘)
¢

B4 KT CF-VAE BIWAT N 2 Fi)
HH , CF-VAE B T A4 xeX, 2550 1 4k &
2 z~p(z), HorP pl) SR WA A8 8 2 AR R 40 A . H AR i
FAA LA A K « BORER B AT DL UK
p(x) = [plalz)p(z)dz (14)
AR I8 53 A p(e) AL SR AR T plalz) &R 7T LA 1 25
N B B8 50 A5 plale) 7 B AR VB AR 23 6] b R AT M LA B
— 52 —

MR . BRI, CF-VAE S8R A 28 I 2% g(2lx )2k
AR LS 1Y I 58 53 A plele) DT 443 B AT B 7 A i A
B o WO TR AE AR 5 1 3 A, LA 36 5347 q(elo )95 10 55
Wrordi N (.o ), w I, o R 2. SOt f/hMb
q(be) F1 plzlx) Z 18] A9 T (Kullback—Leibler, K1) 2 52 i
(B R IR
D[q(z)lp(zlx) 1= E_, , [logq(zlx) — logp(zlx) ] (15)
N FH DU SR, T DA 3]
D[ q(o)lip(zlx) 1=E._, , [log g (zlx) — logp (zlx) |+ log p(x)
(16)
T e/ IME DIg(ao)lip(alx)], 453X (16) i fk A
logp(x) = E_, ., [logp(xlz)] = D[q(zlx)llp(z)] (17)
AR MK CF-VAE 2843 F 5, A R 4%
ploolz) FIHE B ) 25 q(zlo) 3l 8 d5e KA FLAR 43 B R AT
/Il
e, AT YN ZRAF BRI N 25 AT RS . 58
R N A IRAT RE SO S A AR SR L h AT A A, Al 5
FiR o

HiA:X.e.PLD,

IR AL 4 SRR o

for each G K d=1,2,3...do:
for each 1R 4% v'ildo:
Ti=(D = POlu!

if Pi>T, +T,  then

v BERERES I FLIIZR

end if

PP PRE

end for

°

end for
: for each #E BE PR ZE 4 v:l do:
g a):l + ‘Hfﬁ%ﬂiﬂﬁﬁﬂ%(wd,i)

_ =
- o

12: BARARHBEAL 0 + 1 5] RSU
13: end for
14: o' '«—2::]%;},&,’ !

15: TIMGRAT N AT HEF J5 S e N A
16: return w”', N

TR HAETT

iAo

1:  function ZEHZ M (w0 i):

2:  for each k=1,2,3...do:

3 BEHLABCR R — M 01 T I 4
4 —w'- o)

5:  end for

6: return w;] S

i

end function

5 BRI TIRHRA ) I N AT TR Ak
42 ETRUFINMNEERE

o4k 2% 2] (Reinforcement Learning, RL) & —Fh H &
WL T E B G AE , RLJE — R K i 7 12
WA SCHR T —FP 3T Q-learning W HME N AR AT
Bk, Q-learning 2 KRR ZS 5 SIEXT W AU X il (E 10 SR AE
TR B s S/ N



5K BL, A5 < ARIR 0 R R T IR A A2 > B T G AT

QAR A5 Ao ) B YA AU i R v, Q HE 2 AN W
FOB R e R R KBS , Q AR TR
o f, AT B, B REVACH L Hdm g 2 S AR
BEEIBIEAR A TE E R GRS AT . SE BRI IF]
GATFEACTE 2 Pt AT TR, anT&l 6 s

itk QR AT USRI Y,

A d F 5 AR RSU TP ITAT A3 SR A9 i N AN AT N 25
for episode = 1,2,3... do:

for B i slot = 1,2.3... do:

WML R GRS s

MATEIRTS s I BIVEER T BENLEE I SN o

MR SIE R IR IR AF DR 0] i o TS D2 A h % Hr

R(s,a) = Hr

Q(s,a) < Q(s,a)+alR(s,a)+AmaxQ(s',a')-Q(s,a)]

s s

0 N N B W N =

— = \©
S & »

: end for

—_
)

: end for
: return Qil——_’ﬁﬁz
R RGO RS | B A I A W a,

K6 51k 2:3F Q-learning WP F 247515

XA I A ECCFR B4R T AR i -

a. IR ¥4 RSU r MBI GEAF 0 0, 1Y RUBAFAS
ARG

b. SIE . S T SRAFAR I (2l B RE A S A
T EN ) R GRS AT SR, RN AF PR . g, R
SR GAF USRI Y A s Al 2T T s A4

c. %o TR RGUIREPAT RSS2 UAH B
Nl , T eI 25 Q R 1 ik Rt b BT TR AE, 7RI 3
W B FLESA T IR I E X B SR . R, AR S0
IRRAMGAT A H AR B RNl R, GeAr PR RR N -

Hr=Pr,xa, + Pr, X a, (18)

K Pr=[ppyupsseop ] 0T — I [R] BN 3 3K 09 451>
AR 0] 5, o, 9 RSUAH I B Ze A7 R 1) B, e, %
BY A 4 ZEAF DR R (1]

B RSB RN — DR R(s.a), BN A7
i A, B RE R S LA 2 il (e 2o B A =) Q 4
Perb s s 47 50 a SN TR AEIEAT R . Qs.a) AT HRT 20
A PrR:
Q(s,a)=0Q(s,a)+a[R(s,a)+AmaxQ(s’,a’)-Q(s,a)](19)
Hres' Fla’ T — I 2 PR FIEIAE s Ry > 3202
ANT BRI T, 2R 0 R R B il 4 SR
(B, A [EHEIT 0, 7R B RE MR 3 OC 1 B H A 22 il , A {H
FEIT 1, W7 RRAACTE V J AR 5 Db

5 HERRBRSSHR

51 FEMREEZESHIES
AR SCRERL T — AR X8 Y 4 L 2 S AT
20244F 10

—_ =
A~ W

S, 1ABS, 240 RSUMINS S5 EL 724 . A4 A
RSU . MBS Z 1] /38 15 2% &% = A0 A MR ACRE 1131 (3rd
Generation Partnership Project, 3GPP) 1 %% V2X ( Cellular
Vehicle to Everything, C-V2X) 38y , b 50X B S %
3GPP AR ", i B35 R Python3.6 , TR Ji 2% > HE 42
4 Pytorch o £E 350 v 4 FH A9 5445 K 1 MovieLens [ 3%
Wi 4 14 L 52500 4E Movielen 1M, ZBUIR L& T R
H 3 884 #HLEZ 1Y 6 041 4> & 24 P (19 1. 000 210 /> 1F
a5 VA P ) R SO B B 5 A R
IS 2ttt 1k g5 42 DA AR b 5B B AL 26 80% 1 54
YER RS, 20% RO ECRVE AR . S 1 B 4240 i
SRS AR B PO —F RS AT 1 IRPFAr
IRV AESS P Uy
52 WMIEIRSIRIEXTLE

AR SCHE A G A7 fiir T 3R PN 25 2 A A B AR D M B4
P 2k PP Al ECCFR S W&, I (0 1] 3 i e B A7 R g 5
ECCFR #F 17 o ¢, 3 Ff b % 5K m% o0 - B AL 28 17
(Random) , RPBEHLEE AT P9 25 4E RSU 4 Bh 2 47 44
BT B /0 i ] (Least Recently Used, LRU) , Bl 24 35 31| 2%
TEZ8 5 BRI, & e Se N SR 8 A7 b el il FH R B Y
WA, B A H 1] (Least Frequently Used, LFU) , Bl
TR RO AT AH N 258 2 0 B
53 REREREHN

B 7 ISR A 75 o T AR AR PERE X L
W Ta IR, 45 i 28 A7 SR W 10 B A7 PR BB A4
SRS R T ORI R R
FRAE W LA AT T Z 0 N4 4l B 22 A7 224 Fl RSU W]
AT ok [ 40 P BT 223K . A, BEHLZEAE He s
Random [ 2% £7-fiiy " 238 51, PRI Sk 32 5 s (S I AL 6 436 9
LM BNFWATIE . FEEAEZ N 350 Mb H,
Random , LRU, LFU 1 ECCFR f4 28 17 fir 'h % 43 5l
8.329%.44.32% . 47.33% H1 55.18%. -5 H:Ath 2% 77 5 W& A1
I, ECCFR A rh 2853 5l ) T 46.86% .10.86% FlI
7.85%. ECCFR 28 £ iy 48 17 i 19 Jit DAL R A 2R T
JEF CF-VAE [ P 2515 R 00, 175 P9 25 A 7 B8 B o o
W, RAT T 2240 P e — s Ta] BEI SR A4 vl B 3k
HINZS . QI 7b 7R IEARFZAE A BT I AR
I 114 Y- 247 P 25 £ Yo S8 ) i 25 2% A7 225 Sk (18 385 o v sk /)
R R, B AT R BN, A7 h oK 4 L 4
150 2B A v SR AR AR A FH P AT DL A 2T SRR
TR S, DT 8% 6 30 A 91 Fsf 3 1) [ R 3 DA S 2 TN
AR PERT AL R IBOE R N5 . FE G247 45 1l 350 Mb
it , Random \LRU , LFU il ECCFR % N 2% 4K B 34 42 1t

- 53 —



5K BL, A5 < ARIR 0 R R T IR A A2 > B T G AT

4354 58.78 ms .45.50 ms .42.10 ms 1136.41 ms, X &b
5 HABE WA L, ECCFR 114335 PN 25 3 HCHE Bisf - 531)

AT 22.37 ms.9.09 ms F15.69 ms,
0.61

—o-ECCFR
—aLRU
051 4 1ru
—¥-Random

m;fr/ffa//k—f’f_i

50 100 150 200 250 300 350 400
A A /MD

(a) A7 %
701 —e-ECCFR
—a-LRU
651 —4-LFU

3050 100 150 200 250 300 350 400
AT B 1 /Mb
(b) 34 N 23R B Fsf

E7 AFZAF AR N AR RIS P ERETE b

& 8 N YR AF M2 N 100 B, ECCFR " RL Y 1%
RUENGEAFAir b R SN BAG R AE I 1) R . BEE %
FRURER B I, 28 A7 v SR, N A% i A
TR AT, 32 PR Ayl B 28 A7 2 4 R RSU AE T 10 R AR
IR TZAF T Y RIRAT A . kARG 3] 101Kk
FeAT I G AT Hh 3R A A% i S I A5 A, 3 = A
N BEAARTESS 10 UGE AR FF 4R~ ST P T I A ME S A

Y o
026 148.0
024 F e Afimhg
Sianate ~ 475
0.22 E
E
'E{‘ =)
7020 TP A A §
& 470 2
o8 &
® z
ﬂ
0.16 465
0.14
0.12 : : : : 46.0
20 40 60 80 100

EARUEIK
8 AR A T R A3 P 2 AR HUAE s

- 54 -

Kl 9 M e 24745 5 T, (i T RLAY ECCFR 22
A 5 AT T R AL T IR 27 ~F B4 DI I) S A SR e
(Edge Cooperative Caching based on Federated learning,
ECCF) B2 A7-fiir th R FIY-3 A A AR MU A2 - 4 ] 9a fir
7, ECCFR I Z2 A7 fiir H % AL T e i A 5 ~J 1Y ECCF, iX
JEIN N ECCFR RJ LGE i 58 Ak 5 > 1 7 AR 3l 7000 )
TAT R E e DM EGAT , T AT LU 1 i
ARG R WAT N . W& 9b 7R, ECCFR f°F- 1
PR A BUREE IF /N B A 5 Ak 2 2 9 ECCF, 1 2 A
ECCFR RYZ{7-fiir "R AL T BT #1465 > B ECCF, A
B P RE 6% LR 8 AR A SEE IR A B 22 A7 7 i A
RSU AL BRI IR A o

60y == ECCFR

f— mm ECCF

W W
=] wn
T T

S PN 2R SR BUAE I /ms
~

40}
35t
30 :
100 200 300 400
AT B /MD
(a) P-4 N 25 AR AL A

mm ECCFR
ECCF

+
& 03
&
® 0.2
o ‘ ‘ ‘
50 100

200 300 400
GAT A i /Mb

(b)ZArfh3
K9 NIRZEAFRAET ECCFR 5 ECCF SRR X 1L

6 HRIE

N T B P oV B N B G P R I
BARIIE R , AR T — iR TR R A 27 ] R B
VEGEAT SR MG ECCFR . I RME L T 25 R ad B A2 73 11 3l 4
b As A AT A FR AT L, 5 A~ ST R AL A7
R AT REN] M LT H AL Z A7 S, ECCFR
TEGEATAi RN 327 PN 2 A% i SE i 7 TR B . %
JEB T A B Bl 2 S EUBU S MR bR AR AL
N TR AT AR AL B X A PSR L B

WO R



5K BL, A5 < ARIR 0 R R T IR A A2 > B T G AT

FHA A EGAFRKRE ST B G 1 Z A Y M S A7
TR A R R R T I
2 * X W

[1] YU Z X, HU J, MIN G Y, et al. Proactive Content Caching
for Internet—of—Vehicles Based on Peer—to—Peer Federated
Learning[C]// 2020 TEEE 26th International Conference on
Parallel and Distributed Systems (ICPADS). Hong Kong,
China: IEEE, 2020.

[2] YU Z X, HU J, MIN G Y, et al. Privacy—Preserving
Federated Deep Learning for Cooperative Hierarchical
Caching in Fog Computing[J]. TEEE Internet of Things
Journal, 2021, 9(22): 22246-22255.

[31 YU Z X, HU J, MIN G Y, et al. Mobility—Aware Proactive
Edge Caching for Connected Vehicles Using Federated
Learning|J]. IEEE Transactions on Intelligent Transportation
Systems, 2020, 22(8): 5341-5351.

[4] 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.

[5]SUZ, HUTY L, XU Q C, et al. An Edge Caching Scheme to
Distribute  Content in Vehicular Networks[J]. IEEE
Transactions on Vehicular Technology, 2018, 67(6): 5346-
5356.

[6] WANG R Y, KAN Z W, CUI'Y P, et al. Cooperative Caching
Strategy with Content Request Prediction in Internet of
Vehicles[J]. IEEE Internet of Things Journal, 2021, 8(11):
8964-8975.

[7] MANIAS D M, SHAMI A. Making A Case for Federated
Learning in the Internet of Vehicles and Intelligent
Transportation Systems[J]. IEEE Network, 2021, 35(3): 88—
94.

[8]CUI' Y P, DU L J, WANG H G, et al. Reinforcement
Learning for Joint Optimization of Communication and
Computation in Vehicular Networks[J]. TEEE Transactions
on Vehicular Technology, 2021, 70(12): 13062-13072.

[9] ZHAO L, LI H X, LIN M W, et al. Intelligent Content
Caching Strategy in Autonomous Driving Toward 6G[J].
IEEE Transactions on Intelligent Transportation Systems,

2021, 23(7): 9786-9796.

20244F 10

[10] ZHANG M, WANG S, GAO Q. A Joint Optimization
Scheme of Content Caching and Resource Allocation for
Internet of Vehicles in Mobile Edge Computing|J]. Journal
of Cloud Computing, 2020, 9(1): 1-12.

[11] ZHANG K, CAO J, MAHARJAN 8, et al. Digital Twin
Empowered Content Caching in Social-Aware Vehicular
Edge Networks[J]. TEEE Transactions on Computational
Social Systems, 2021, 9(1): 239-251.

[12] ZHANG Y, WANG R, HOSSAIN M S, et al. Heterogeneous
Information Network—Based Content Caching in The
Internet of Vehicles[J]. IEEE Transactions on Vehicular
Technology, 2019, 68(10): 10216-10226.

[13] ZHANG K, LENG S P, HE Y ], et al. Cooperative Content
Caching in 5G Networks with Mobile Edge Computing][J].
IEEE Wireless Communications, 2018, 25(3): 80-87.

[14] CUT Y P, DU L J, HE P, et al. Multi—Vehicle Intelligent
Collaborative Computing Strategy for Internet of Vehicles[C]//
2022 IEEE Wireless Communications and Networking
Conference (WCNC). Austin, TX, USA : IEEE, 2022: 1647—
1652.

[15] CHEN S Z, HU J L, SHI Y, et al. Vehicle—to—Everything
(V2X) Services Supported by LTE-Based Systems and 5G[]J].
IEEE Communications Standards Magazine, 2017, 1(2):
70-76.

[16] LIANG L, YE H, LI G Y. Spectrum Sharing in Vehicular
Networks Based on Multi—Agent Reinforcement Learning|[J].
IEEE Journal on Selected Areas in Communications, 2019,
37(10): 2282-2292.

[17] CHEN J Y, WU H Q, YANG P, et al. Cooperative Edge
Caching with Location-Based and Popular Contents For
Vehicular Networks[J]. IEEE Transactions on Vehicular
Technology, 2020, 69(9): 10291-10305.

[18] WATKINS C J C H. Learning from Delayed Rewards[J].
Robotics & Autonomous Systems, 1989, 15(4): 233-235.

[19] CHEN S Z, HU J L, SHI Y, et al. Vehicle-to—Everything
(V2X) Services Supported by LTE-based Systems and 5G[]J].
IEEE Communications Standards Magazine, 2017, 1(2):
70-76.

(FLHhE £ —)
TEMORICE] F B 2023 4E 6 H 12 H .

- 55 -





