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Abstract Vehicle Edge Computing (VEC), combining mobile edge computing (MEC) with the Internet of
Vehicles (IoV) technology, offloads vehicle tasks to the edge of the network to solve the problem of limited
computing power at the vehicle terminal. In order to overcome the difficulty of on-board task scheduling due to the
sudden increase in the number of tasks and provide a low-latency service environment, the vehicle tasks are divided
into three types of main tasks by using improved Analytic Hierarchy Process (AHP) according to the dynamic
correlation change criteria of the selected five feature parameters, and the joint modeling of resource allocation is
carried out based on three kinds of offloading decisions. Then, the constraints of the modeling are eliminated by
using scheduling algorithm and penalty function, and the obtained substitution value is taken as the input for the
following deep learning algorithm. Finally, a distributed offloading network based on deep learning is proposed to
effectively reduce the energy consumption and delay of VEC system. The simulation results show that the proposed
offloading scheme is more stable than traditional deep learning offloading scheme and has better environmental
adaptability with its less average task processing delay and energy consumption.

Key words deep learning; edge offloading; multi-constraint optimization; task type division; vehicular edge
computing

ARk, fEREAE SGuh BB B, M MD) H# & SBIEMIGK, B BN KEN
(Internet of Things, ToT) F1J £& 38 15 £ AR A Wi & Feo 1EN 5G HIRBEHAR, BahilgitH (Mobile
JEITEE . RIS, HETE IS S s Edge Computing, MEC) #{ 1\ N2 il s it 54T 55 75
N AT A, FEFEh %% (Mobile Devices, SRAWIE KD FH P B St E R R IR R —

Weka HH: 2022-11-07; f&EH#H: 2023-02-22
FEEHH: ERARBAESEPRAERRBA (IEC\NSFC\181300) ; #iL& HARRIFIE S ESIE (LZ23F010001)
R mRE, WL, #%, FENFERES AL RS TR

*J#{5/E# E-mail: zhanggh@zhejianglab.com




30 HL TR A AR

53 3%

P ol RGN S EEAE N MEC B O EOR,
A DK A A S I A U A S R T A AT
5 FUTEAH LR FE = I 55 25 B B ¥ 3 e 4 1R 1 2%
MR 2525, AT FEARHAT 2o AT 55 B I 2E 5 REFE, 38
I R = IR 55 & (Quality of Service, QoS) 5
H PR F & (Quality of Experience, QoE)
ZEHEM  (Internet of Vehicles, IoV) LI 4 5
. EH5N. EHEMRAFEEE—Y] (Vehicle
to Everything, V2X) HIfE B HY. 5G 5 ToV
PR TR — AN 4 ETIE . KSR IEEAEE, I
BT PLESGEAS @R > SISl 5 X 25 AR 2E
ZE 4 3 % 1+ B ( Vehicular Edge Computing,
VEC) 14 MEC 5 loV 45 & K SUCE QI HT HOR,
H AT S22 7 BONT 2 9RE . VEC Il it 8 MEC
JIk 55 %5 LA K% 2% 1 #1. 55™ (Road Side Unit, RSU) N
AR MR 55 o RSU AE 2 & 32 78 2% Ml ) 38 {5
Ky s loV HEFE L o
N T BB RS R ), 18
it PR AN RIS % BE SRR i e T L R, AL
ey ZE 5 REFE, FEIREE{R VEC RS A IHFE
SCHR [9] £ XA B s MEC & 1R T —Hb
FET O AR FHEHEYE (Particle Swarm Optimization,
PSO) WIiHSLENHSRMG, A RPER T MEC 55 4%
Ak RN 2E I FLP 7 LS. SCRR [10] 8 T
3 F 2250 CPU SRS HR 1 T & m) EPERAE L, I
A AE S fRE SR T A R R BEEE
(Greedy based on Efficient Searching, GES) K3k15
Ty AR, AT AR SE . SCHR [11] 4 3K A
5 X M %% (Software Defined Network, SDN) i AR
FINAEG AR FR, Wit T —Fie SDN £l (i XX
JZ A VEC 4514, FH8EH 7 —Fhah S Ik 55 2
HiE#a, DtRe Xk RgEtE, 20k
IR T ATIS IE S REFE . SOk [12] @A 7 o3
(Directed Acyclic Graph, DAG) FiAT-55 7 5 V1] ik
FEAS B0 DA AT 3] fa A0 1 S D0 BN AR SRS . SCHR [13]
2 [ WA T R 26 A B RS S R T SR
TR B 3 MEC %5 4%, 4T Stackelberg 18
I8 55 A% L e At VEC IR RS, HmoRE
JE R 2 i PR E A AR AR . SCHR [14) 45 &
IoT ¥ # . MEC JlR554% 5 MCC ik 5% a5 L3 1 —Fh
AE & ORI AT 45 B3R L, R 45 A 2R
W RE, WE TR EALE . TR [15] A
=23 AR e 4 MEC iR %5 28 R AT 5 Bh it

S, BRENL T T BEHLARAR 0 B[R] A DG B2 SR AR
B MR RS AR B ROVAT 516 SR BRI, IF
A DASEEILES B A B 10t o

TR 22 218 FH B AT 2 AR08 2 TR B A 28 Y 6%

(Deep Neural Networks, DNND k2% > 5 #iz, K H
REFHT ToV M8, SERIRETEA . T A HE D 28,
YR 5 TR 43 T 1) T A 4 R PR ) 2 N 4 S
VEC B FCHIATTJ7 Ao SCHR [16] 32 DNN ZEIR Tl
DAY SR FRAE AR 73 B %% S FAF 55 B H BN E
TR T RIACR R B TS5, IR ST N H
TaEfk 23], W VEC RS A 8 U 125 55 J8
FIRE J7 . SCHk [17] @ /R Al K k5K (Markov
Decision Process, MDP) 45, Fi| FH V% B 54k 2%
(Deep Reinforcement Learning, DRL) &b #! iy

AT B0 A AT 55 W B S TR AS o SCHR [18] WL 1
ZERRN R BT B FAE S5 4, R DAG 3REL
SRR IR T — Fh BT SRS A B 19 40 A =X
DRL, HHECHUAE 7 S0 SEAF A ENEERE . STk [19]
FEH T — Mk T BT A 21 ) MEC BRALRY T7 1,
REf% SCIL SRR R N AR, 1 TR AR Sk
gty se. Sk [20] & T VEC 5 A
TEREE, 1Rt T — Mk TS 2] (Extreme
Reinforcement Learning, ERL) [#] b~ J&%1 VEC 1%
SRERRT, SILT 96% LA ¥ VEC 1T 45 5¢ il
o SCHR [21] 52 T — ML 455 DRL 1) H & M
FIATIR 7325 0 1% VEAE 0 DRoE) 2 808 o2 & 1 [R] B
DT RGN REFES N AE

HATCAET, KI5 2R 80T 55 I R AT PR D
PR > o B KA TR W ZE . ZER )9
ML, R BT 55 S B35 1T B2 25 Hi 52 e P 5 |
JE. N TRERETY) VEC R4 0t IF HARRE A P )
M55 R S, AL T —Fh 2%, # MEC
k55 45 A S 2= Ij 25 4 4L R P) VEC 28 L4844
1 REEN
1.1 EER

KRG NE 1 s, RIEA RIS S
TE % # B £ RSU,  ZE49m] Lk v2I 345 77 =0
e XK RSU #HATEE . N T HET#HE, #
HLRSU T s I X S h BT Rl . % Rk
TR AEAR AT AR S 115, ] DUE ST
55 %% BUIC % MEC IR 45 % RSU B skAT 115 .
TEARTE RSU TGN EEEZ I RAES, EXNEE



1

e, 5 BRNASH R R UR R ST AR 55 R R

31

WA EWHAPEEGNU={U,Us-,Upy}o
TR ZE A — A B2 A A BT AT 55 77
17, B XEW n ESESAM={1,2,--- ,m}. [}
ZH T AR ) MEC 4545 LLAL, RSU EHC %
—ANATE RS A AL HI A 5 sk e . AT B R
5 BN EFUT SR 5y MR FEBURTY . I IE U A DA

Jegt

« V2I M

oo V2L Gk |
CIN SRR

IFl— B 220 RSU BB 7 45 454 B AR
HE A U AE S NS, ] MEC W 38 47
FLCH SV, MR 7 AT 25 AL O
S BN, T E B2 B S R T 0
MU, IR, AR S T B A
B AT, W& SRS A . [
B, % AR T 4 1 MEC i 3286 5 533 25
S, RS 0 VR KA AT %
0 £, <
dz{ g,

KP4 a=1 B, 0 MRS m R R
Fon KT 24 B T 45 B B B R

o> V2LIRME CIERURTD

Oniamss

. RSU o

K1 VEC WAl

- kij=13 kj
residue 1)
c (
residue

e P g g

5 EM R B RIRSGASRHAT R d=0 I, 2R

AT R B LRSS B
1.2 {EFFIRIHEE

Wi e —

ASAF SO R JZ RS (Analytic Hierarchy o
Process, AHP) ¥ %= 34T 45 R 4 N SE UK. RE
BUR SAEBUR 3 R, 1, A T AW

1
T el1.2.0.9) i

>

i=1

JAEGUERAY 3 2%, JRAKkHE MEC IR 55 28 3 4% IR 1)
BB ATENF SR, AR — A A
bum €0, 1}R I8 o b, =0 TR 250 n P 1E A AL BEAT
% ms b, =1 RN n ¥ HAL % m #H E MEC
MRo545, & BRI KIE SR A AR A 7 HATAE 55 5F
BT EFAL S LAESE MEC RS 2817 .

W, e BEAT 55 i K AL FIN JE Tmax | B AT 5% 55 4
FE. 3 CPUFIAHE Z,. ES5EBIEEER
CPU ZZ A7 M BB IX 5 2% Fia A AE i A5E 28 114 ) J31) v DU
Fo Hrp, (RS HRAL TR SE 2 E AR R, K
SAET S5 VB I R 2 o A S S o D 34T
JE R EHE R IR AT — B EE,  PR Bk nT DAAS
5 n AT m (11— B K g = (Kij)gxe

s g TR HE AR ke R TR UL G 5k 4 DU
J B BRI o AR S G o UK AN [R] R A 55



32 HL TR A AR

53 3%

K IR — I Z1 RSU 54 2 1 B 43 48 55 (B X
I i) B 3 S o DU AU B ) R -

1 2 3 4 5
o Yo Yo Yo i
1 2 3 4 5
Wi Wi Wi Wi Wp
| 2 3 4 5
Wlm Wlm Wlm Wlm Wlm
1 2 3 4 5
Wor Wi Wy Wor Wy
1 2 3 4 5
A= Wy Wy Wy Wy Wiy 4
=TT T )
1 2 3 4 5
W2m W2m W2m W2m W2m
1 2 3 4 5
Wn] Wnl Wnl Wnl Wnl
| 2 3 4 5
L Wom Wam Wam Wam  Wam “nmx5

HEAL S RN ZE W B ir 2, 752X Lk
32 P Z RS P AT S T . X >
ASFRI SE S I, B R AL TR ZE . AT 55 B B 2
D) PPy A s P 2 s ) 7R LB AIR CPU 401 6 1 1%
M, s E DL K CPU ZAF MK ESE = . B —
ASH) H AR 3EAT 2 S HE T IR 4 AT — B A
55, DRk n] At iE H AR EE [a) 25 R

o e @l
2 2 2

e S )

RPN
K, ol @l L iR w43 B 3 H bR 4T
PFRAE N AL E S EE . B, RS RI N 3R
B, X EHRRIL 0] A FEA (unxs) = 41 X A28 7R :
Yio Yo Y
Yo Y Y

5%3

A3 = (6)

t s e
Yom  Ynm  Ynm Jnmx3

K Vs Yo BA e, RN B4 n AT 55 m 1R 53
BT SEBURAY . JERURIY DL K BEFEBUR Y & H 1R
WAy o 3 U A KR Bhym = max(y!,, Vi Yom T X I
I RUE AT S5 e 2 0 H ) o
1.3 BERR

AR, RSU V4278 55 70 [ 9 22 490 22 [F) 1N
HIATS, #%ET OFDMA #4%, KA PLZRE A
[F) S ZE 3 1) & T 5% 2 R AR S T8t S5k

I, BRI A Bogh SRR R, T AT B
RBNZER n 56 m MES W EAT R ZY,
Ryum = Blog,(1 + %:{”) (7

KA, BRAEW n FATHEM I F5 18 5%,
B=B/n, B\FK FLATHERK ST H, RnFHin 5
RSU Z M) LGB B 25 s Ny N i B 7S T
H, Ny=o?, o (a8 5 b sy 7 5 0 7S ) br ik
s Pob RONEIXHMESS m B4 n (RS I,
1.4 itEER
1.4.1 AKxbitH

EEXTZE5 n PR € R FH AL CPU AT AT 55 115
DURATEEREL . H e, B HEWAL CPU KT AE
JIAflecal, HTARSANAE AT 15, AHFHE
1555 WAL S sy 2B, PR O 2240 n AE AR H AT AR 55
m PITHFEH N SE Dy«

local _ Anm
T”m ~ flocal (8)
n

A ay, BN n 5 m MEF TR KA
220 52 F AR B SR {5, T BLAG B 22
n AT ST AR B IE Y -

M
T = > (A =bun) Ty ©
m=1

E X ey 5 n AEA M AT BF 1 bit HdfE 1
JESERRERE, AIASHLPAT A 55 B AR BE B :

local __ local
E.." = anme, (10)

142 A%t H

EEXT 2280 n Y sg KA S5 VIR BTN G IR 5 2 1 1
DT AR, % 8 MEC 45 %% EL#:AC B 7 RSU L
X — M5O, DA G 2 BE B RSU G AT 5 5 K &2
MEC %54 M RERE S I ZE . — MG Ol NN il &
M55 28 BA 2 I, BRI Z40 n AT 55 m =
RN 2RSS 2% B AR R A -

T = (1)
nm

SR, RS EIL SR 5545 AT A E T
AL FISE

7off = Zom (12)

" fm
i, [ NGRS &5 o Be 45 1% A 55 1 A0 2 5%
J5. BT MEC MR 95 4% [ 4548 4240 n 1H 45 SR B0




1

FUEC, S LGSR P TR S ST AR S5 R 33

PR ANEARIR AN, PR SOAN T R AT
Pl UL S 2259 n SRR A RN I S RERE . fES
SE A B ED AR TR (D} Z S5 T AT B ZE A0 n )
B AE

M
T3 =" bun(Thy, + Tom) (13)
m=1

A0 n AT, m PTHFERIRE RN

E!,, = P} " (14)

nm R
nm

BRI, 7T PG B B0 0 f AT 55 m #1820
GRS I BERE Y

off t HPrmecnm
B = Fan =
A, 8N P N MEC RGBS HIEEIIR; uh
MEC IR 55 8 I BERE i b . =0 B, B E3T
BB 0 FTIEFEIREE .
143 =itH
4 G A7 A B A B i A B AT 55 BT 75 SR R
Ik MEC 25 N TH 5 %R, AT 5% A MEC IR 45
WAL E BS MR Eidin = REa. T4
CHATE RIS R, B RGN, AR
e LT RS RERE . RIS 0 AT 5
m 16z R 55 a4 b BT S

cloud _ Anm
T”m - fcloud (16)

(15)

X, AT RS TR R E X Poow
NS EH BT, WP n (ES m £ 5
k554 LTS RERE N

APcloud@nm
fcloud

X, ANBIRFBEPATESZWRFELLL, X
A=0 BF, EFXT A EHOE R R B R 0 FTEFE
MRS . 2= iH A R 3 3T 76 30 2 it SR R S il
b, L BARREIEIR R (b, )5, b= BT
%o R ENE T 30, RS 50 (13) A1l (15),
15 B350 1) 2255 n D #R A IE 5 7R n AT S5
m [ REFES A :

cloud _
Enm -

an

M
T = bu(Th + (1 =TS, +dTE)  (18)

m=1

(I = DuPmecnm + dAPoudnm
frfm fcloud

Kb, Ha=11, ZEFHFERRKES WS

offx _ ot
E, =E,,+

nm

19)

d=0 i, ZAEFEATFERL KRB LRS-
1.5 [El@EER

AT R I IR BT 55 58 ) s i 8
MAEEREZ A, BT LR 3FE, BEFnE m
AMES AR 8 SO BEFES I RE AU E, 5l N T
W KRR IR NBUEE I R A, IR AR 2R
(AT 55 SR EURE S P e 28 AU flE, 79
(A =Y ERS1 = bym) + E9 b+
Vpm MAX { T,?ff* , Trllocal}
Yim = Ym
V[ EXS (1 = bpy) + EST* D+
max {70 Tlocaly] (20)
Yam = Youm
Yl EXS(L = bym) + EST by 1+
(1 _ ynm) maX{Tlgﬂr*, T}local}

Yum = Yom

Arp, RISy (18) Al (19) it 45 R,
R = M 55 4 4 Bh G BT I 5 REFE. BIA RS
M C, HAERT AT A AE 55 1 REFE S I 2E 200
BUE, PAERITAE VEC KRG BRI ZE 568

c:i[i Cnm) @n

n=1 \m=1

TEZANYRFAMNT, RGN CREIEIL E
BAME. B, RERESZ B EE .
min C
s.t. Cl: max{T,llocal,T,?ﬁ*}s i
C2: by, €{0,1}

N M
C3: ) D fin < fiwn

n=1m=1

C4: yume(0,1)

C5: neNmeM (22)
A, CLEH T 250 n AT T A AR5 B B RS 2
IFSE; C2 %5t 1 — A “dE R EI B C3 BRE
73 WK 45 92 A7 BA 3 v B9 AT 55 iF 5 B U AN RE G
MEC ik 55 as i RTHE BRI C4 a1 %4551
FIol: C5 478 TIZARG T EM AL HE .
2 BRwit

AR T — % T DNN 1) 9:47 0 VEC W

ZEENERIEN, G 2 BTN . BEAREEM B ST IR AT
KA EE T, MR, TR —
BROS/INE A AE BT 4 3B 53 LR FFAT 43 A7 I E1 3 5



34 TR AR

53 %

TG LA KR BE 5 e T A S BI AR A # R SR A B
Horr, BEAEIEF RS 5T AR DNN;
Tl B HUH DASEBL AR R A AR ] N AF ST
BN SEIE R ] 511Gk, ZEN R AR T % 2 %
B B R 55 4% DLSEBIL R S A A

MAS L mERE

A

RS RN e R AR e

2 BETUREE 2T VEC AR 45 B3 2% 424

25 E A P B ONEE KA, IRR AN E X
N Se BRAFHU NG M RAT LIS, PR E — %%
77 H AAF TR BT 55 U A AR SE Y={A,B,C}. H o,
PRZE A Ly = Vs BR2E B X Sy = v6,5 bR2E
C XFPLYm = Yygno

P #E L SAE S BE R N2 SEH R =T
R A {bY IR /N RAREOM I K, ER KA
HILR, A B DI 0 28 5 ) R AR A — A NP X

(NP-hard problem) [n]#l, 2% &A% A i B 55092 DL J

1] R E8 D> 2R IR AR AR AR SR L, AR 1]
TR AR R I R, PR R R S SRR
2.1 EEEMRE
21,1 HERELLHRAELEL

R0 —HEAN S, FER B A G 1 1 E
FEME A HAROR, ATH] & ANETECR T AE R kA
TR ENERRR by, NI 3 FR . R ANEIECR T
B)ELE —A DNN, NxM A AR 2 AT 5515 A
BRI, EIERE b ME AR S

BT HE R ITTHM k4> DNN E A H [ 1 45
HEAFR NS S o (we v Fob, SRR
R wy, B IR 70 A W1 46 A6 4% tfrandom_normal

initializer & X WME, WM R v, BE EYIIHL A
tf.constant_initializer & X HIH . 5 A bR A& AT 5518
A NGB kA ISR, D R R )
ZHRILARIN:

foiS = by (23)

BT

3 HIEAIT

— BAF R kA b E AR R, R R ) R
Pl LR 4 C2. C4. C5 [ I, R [a)
W FEAT N — AR BC 5 28 N RE 2 B ) 8 (P2):
(P2): rsr}gcl C(S,by)

s.t. Cl:max{7'ocal 70} ¢ pmax

N M
C3: )" D fim < fonmn (24)

n=1m=1
FH T ) G 40 0 R AR 45 FO B G URRS R e i
MEC % 8 22 RV SR, 0 4 B, Ak Sci
thT R, MRS
BT I 24 R 2R SR, R DA
B, LSHRIE S ZIRS 0 BB RS A

R BN AL BT 5S

L)

WX R a,,, MIUEE
ZIRERITH 5B IR N N

X
<
3

N
=

R S e VA g

Y

A4
WRE 411 H3H MEC
w5Ez [ mes )

K4 HEERREE



1

FUEC, S LGSR P TR S ST AR S5 R 35

A BT RO E AT 55 BRI RSS2 (0] LAE 3
AN C(S,by) e fERRGEIR A BL 1) e, AT 23R 2%
fF C1, PR P2 R4y — A e K2 2R I 2 3 ]
@l (P3):

(P3): rsng(l C*(S,by)

s.t. Cl:max{T'o 7o) < max (25)

212 ETFHHHMEETEHHK
X T P3P AUF A AL AR CL, G T
PR EORMIETH R B AR R B L3R Oy 1 RERE NG & P
B IRSEE, IR A iR HORALT i 8, IF5
IF A R SR 5 A e 24 3 1 2 R B
HOG, RLHSRAE CL TR I
g = max{T)>*, 79"} - T <0 (26)

Hk, *ﬁkuéﬁ%ﬂﬂfﬁﬂﬂ)j n AL S AT I AE 2
I f KR I A -
h = max{0, g} 27

M A<OR, AREETEWFRRE: 4 >0
i, T H bRk, % B3 RSU & ok Y0 A
PR, AR R B AE AN 2 BB P Ak, AR A

LG AT IPAT R R, Wil i KA R
I R T R G AR i AR AR s, AT 7 2 7
1U 55&

0 h<0
10h O<h<1

Oh)={ 5¢" 1<h<3 (28)

7eh 3<h<10

he"  otherwise
N EE B B T IR DR T e B ST
A LMERC R BB IR LR T, TR RGEH
Ao FITAHE 2 B BB K, T R G T i #6400
R, S BRI o H b R S T e O N B AT A

B R

Fitness (h) = Fitness(S, by) = C*(S,by) + 6(h) (29)

TE i U B K25 2B ZE 7] # (P3) Je , AR SCAE

k HZ L EN R TT . W RE R T DL ST S ) I e

ﬁ%¢ﬁﬂ%%ﬁ%%¢%ﬁ%%%%ﬁﬁ%%%

WHEAT R, X — 20 R S TR SR 5 0 L A

Séﬁﬁﬁﬁ%ﬂ%%%%ﬁ@oﬁﬁ%%m%
PSR IR FE AT AR IR N

L = argminFitness(S, by) 30)

22 BERESREFES
VEC TR 2] AR 55 3 EE I T

S5 1 VEC W TR EE 52 5 AT 55 # Uk

Input: 7 I’ 245 21 H FAES BN Sany,)

Output: X B ¢ I 2175 3 i) Ja) 8 e 0 D 3 3 L

1) A FH BENLEE A48 4 k4> DNN W 2% 2 3
orefwi, vich

2) VIR AR E R ) K /)N standard_size 7 &
WA

3) for each episode do

4) fort=1to T do

5) N S, Rk ANEVEER TR R £ AP VEC
Rt € HEEIRK b=r,(k.,S,)

6) if MEC fik 554 F 1R Bt B> £6 0

7D KRR I S5 E R RS A, LT
HFHEAN C

8) else C'=C,

9) endif

10) MRIGRIE by HI W AT 55 AT IS LE 2 15788 1t
TR 5 KA RN 4

1D TR IS 2R &k 4 Fitness(S,by)

12) e fe/IMEXT B B P SR AE D Jm i B e e o
L = argminFitness(S, by)

13) 4 stan=(a,.y,by) 1F 2 #E W A7 il 2 br #E e
Standard

14) 7 Standard HBENLIHIE & 2H stan YIZK &k A
[F] 45 #4) DNN Jf 5257 4 2 2 Ko

15) end for
16) end for
I8 LIRDIR, HIRVIGIL k> DNN 1M 2%

OB TSARHEE N R DB, ®E%
SH IR D 1R SR AT 251 D 8 ) 48 AN [ B 240 ¢ )
N, BAREAEQR: ¥ F i Z) RSU B0 8 104
S35 SR Y BN kA DNN 1, SRARIE ¢, 5k
% b EEF|4HE—A RSU LA % — 4 MEC IR %%
8, BB EESE RS SEE BN E RIS
i MEC e KitHERR. N T WX —im @8, %
W URAT SR B n RS 8, FEEFRBUUY

i C. TEERPE O LUa, AL M P1 L
BN P2, EEE| RSU s u AR, WETME

NZER n AT TS R KA DN LE, N T
B R AL ZE )52, B H — P 2O 1 R 2 e
I ) 385 38 N PR B Fitness SRAL T 29 K T 1Y VEC &
Ay, FIT argmin PR EAT 2 Fe 350 B AR B 2 ke TR
Lo ¥ (S,B) J& 1 T 1 B Hs N5 A7 N A 1
Standard H', {E& DNN I ZRAEN] . 7858 B —



36

HL TR KA AR

553 %

WAL, BEPLHIAE & I ZRE N 53 Bl 45 P A7
DNN, FHIBE BT BE S, e /ME A5 2% B3 loss
MITTBE BT DNN 2% 24, BARIEREQ T

1

1+e %
loss = —Xiue log()’pred) = (1 = Xrye) log(1 - log(ypred))
(€19

Ypred = sigmoid(pr{wk, vi}) =

K, Xpue BTE—LLHIN S XTI B /MR A 30 25 1k
Ho MbrAERE Standard AT (I, E 3 R AR
GEEHE FF S I (B VR R 7

HVE 145 H) VEC HR & TR B 2% =) B4 T 55 D
LR Tensorflow SEIL, BREA VAW
RERE (M 2 I 2 il I 2R, AW 8CE 22 AF et
RS, FEREHE LEAR R I [7] P IR A T 45 BA B A
Rk
3 EERSHH

3.1 BHKRE

A S i O B ¥ {8 A Python3.8.6 Al
Tensorflow2.6.0 SE¥. W B EWEE N=3, 15
& M=3, f—"MMES K/ME [10, 30] Mb Hr Bl ATLHX
i, FEIEERA, ZEAR IR ThZEP,D =1 500 mW,
{ZIEH %8 B=1 MHZ!", {ZiEH#25 h=2x10", &irH
W TR 07=6x107" Wo AH TR A, ZRAp A
Hh CPU 115 RE 77 flocal=2.105%10° bit/s, AHb R fE
FE R B elo=3.25x107 J/bit. DG FBER G, i)
%% 4% CPU 11 & 8 F Ny 2.5%10" cycles/s, 5¢ i &
bit 1T 55 J1 7 JF W% 10° cycles/bit, MEC R 55 2%
I TE 5 BE 1 £, =2.5%107 bit/s, MEC IR 5 %% it % %
N P25 Wo il BB Y, ZREGHETHE
fE 71 feloud=5x10" bit/s, RSB IIE SN Pyou=
50 Wo UREES SIHEVER S I Z 0 0.01, 5> A b

10, FRUMEFER/N RN 1024, HEAR/ANK 128,
32 ZRAHh

ARSZYG Y, FEAR T VEC 38T 3% B4 A gk
17+ 4= MEC #I#. BEHLEIEL L AL Gt TR 2%
I3 Ai=EI 2™ (Distributed Deep Learning-Based
Offloading, DDLO) 1X 4 Fh7532: 5 B th i 0 27
TR

1) AARHAAT K 2RI IR 45 7 R A e B
TEZERANEAT A0, BRI 5 I FE a5 5 i 2=
1 % Bt

2) 4 MEC #1#: A L5 3558 i i 2 ik %5
FRAT IO, AN RS SR ATV RE

3) BEMLEIER: BENLLS o ElH S IR AT
AR, B AEEIE SR I RS T

4) DDLO: — Pk T B 2% > 1) 53 A1 BUE1 2K
TR,
3.2.1 HEsRbERE

Bl 5 BoR TS A DNN AT ASCHE st
PERE. BHERIN S AW H, Azg 2™ FhAS[R] i
B, BB MU EAE VR SR HE, WSk
O A T B I R 8 B L AR AN Fitness(S,by)
H/AMUI A . BEE 5 S R N, ARG
BESCT 1, 1 DNN A0 2 58 2 bl sor)
FRE . BT T A I Lk R A RSB AR v SR
L, [k DNN NM—% K T5% T 2. 24 DNN M
N2, ST YREE 13 000 YA RE A U Sl R A B
0.98; T4 AECN 10 B, S WRBUN T 1000 KAE
RE IR I F] 0.98. It/ /MK DNN & 585
P IR AR, it 2 DNN £ 5 8RR sos
P, AR R A B AT Rt KT & R AR
AT REME . BRILTE 2 5 M Jseai v, 52 5H%
WCBRENS LA P Re,  H3E DNN NN 4.

1.00 F 1.00 F
ol 0.95
0.90 | .
s 085 | s 090
a}: 0.80 | §
= 075 | & 085
0.70 0.80
0.65 |
060 bo0v v vy 075 HH——
O O 9O 9O 9 9o 9o 9 o o o
S © S © S © S o S 8
n o N O N o n O RS
NN~ O AN n O N v
S 9w T g
B M€
a.2 /> DNN

b.

4 7500

w

1.00
0.95
% 0,90
zo
=
0.85
0.80
(== = S o o o o o o <9
oS O o O <o oo O o O o o <2
S n ©O n O v O wn O wn o wn O
S N n ~ O N N~ O NN~ O
_— = = = —_— = = =
AU 2
4~ DNN c. 4~ DNN



E1H IR, S ERRNGT SRR TR S ST AT S I 3 37
1.00 1.000 F
0.975 |
0.95 0.950 +
o w 0925 b
x5 090 = 0900 |
= = L
0.85 0.875
0.850 |
0.80 0.825 |
1 1 1 1 1 1 1 0'800 -l 1 1 1 1 1 1
oo o o o o o < <o o o o o o o o <o <o
oo O o O o oo <9 S O O O O o O <9
i O n O n O n O v O n O v O wn O
NN >~ NN~ O o™ v o~ o N v o~ O
D e B I oN | — = = =
2 SR ESpe ]
d. 5/~ DNN e. 10 4~ DNN
K5 AN[E DNN ANECR Uit g

322 AH%uA

5 R IR A FME S BCE N R E 6
e SEREERERY, BEEMESHEN N, PrA ik
HF B R G ISR T . AL R 4 RHELE,
RICHRH I EIEA 0.53%~44% HITERETE . EExt
EARMPATEILN E, BAKK CPU A2 B8 /145 i
KREKHIAC LR FE LA R BERE, DL RGN — EE
AT 0T AR, MESHER DN, %
FOECEAL S . — BARSS S BN, BT MEC ik
S R IR, HNEB B R,
BRI RGeS AN K. TS TR AL 0 2 %,
EIE IR — ELBCH INEIL B, R RCR I AR
Mo ASCHR A SR A B DDLO HkAEAE 55 B i
P JE, A%E R BRERRGAUNRIL

o
—
<t
[\

2500

N TR
[N
[ st IESY

2000 e oyl

1500 t

1000 t

FBIRGARAMN/

500

3x3

4x4
EEAHUA
6 AFEMEENETH RGN

5%5 6x6

B 7 25 AN A BERE AL w4 X 5 R EVA Y
GO, ZIEOUERIN 3 MR AUE ST S HUAH A . A
SCAR M T — T MEC i 55 28 55 SO AT 55 2 2 ik
Fras MR, DR b [R]85 18 A i 55 4% (K RE G o
b, B A R AE N R A o 252 0 PR 5 A
0.5 EJta 3w, MHHAR 4 MRS, AL

KIGERE T RERTRM . B 7 BoR e 1
N3, AR, AEiEk. BEALEIE L& DDLO
SR T A Y R G AN 4 R 598 T 493 T
4917, 483, A HAE D, PRGN
N 4581, KT 5.5%~30.6% HIPERESETF. fE

W IRTE, ANegAE A Stk fe, Hoxnt 4
E L RGN IE BB R R2 0

B RO w4 A w4 EE == EALE 3 == DDLO

600 +
500 ¢
400

300 ¢

PRGN

200

100

2.0
AEFERLE/(J-bit )
ANFEBEFERLE T ) R M

0 0.5 1.0 1.5 2.5

K7

Bl 8 45 T REFEBUB BT 25 o LUx) 5 R AL
ST o 22 [A]— B 21 B2 1 SR 1Y) BE FERIUR AUE 55
b LN, BEALEN B 1 RGN AR
o, BROREIEURBA R, AR5 AR
U RE R E . AT BIE M RGN AW T
B, BRI RAHPATA T EH BEE AR R4
PAT I ZE S REFE . XTI 2 BIUBRAT 55 o5 bh A K
15 B0, T DDLO 5k A% FEAT 5 R A 1 &l
gy, EIEREA B AR, BRE R R SR R
Ho ACHEN LAY 4 FhoL, EAESRM ST
AR5 T35 RARMEED . I EBURTT
2% Bl e FEBUR AT 55 5 EL N 60% I, KA
1L RENE A 1.28%~ 56.8% BX 0.79%~ 33.4% I 7



38 HL TR A AR

53 3%

BIR G Ui 5 BEFE BUR BT 55 &7 L AR H]
B, AR SCHEIEBE 7 ] PR AR 43.8% 0.8%- 4%-
13.9% WP RGAR M. RIL, ZSIR s FAER T
ARSCFIEAER SEURT S5 5 LLBCRRS, Refg HaT
HBEAR RGN .

- SRR NS 7R
630 el - 2 kHy
. e e B
600 ~ Tl —— BENLEIE
= AN “~~~.__-+-DDLO
£ 550 .. T
& ~ el
W& 500 M
= e — e e
Eoas0 [ T TN T Nl e
STy
400 e
UUTEE. I
350 L2 o

02 03 04 05 06 07 08
REFERBUR TS5 it
B8 AFIRAUES &t I RS

i bATIR, ARXEIBIEAR VEC BT, 3
BEUE A AR RGN, K& 4 Fp 5
%, RCEERS R RV IR 0.53%~83.4%.
X T A AHPAT B, BAKBI A CPU T H AR
W2t ok EOR B ZE40TFE, AT S BT 55 b HR B 4iE
I f KN AR S e 4 S BUT S TR, Rl
AR FIRES N RIS 2 . A E RN
HAREVE, FIH MEC LA K = k45 & ) mih B 3R
IRKFEREE FRRAR T BT, (HARSS 2% — EH I3 IR 4
BCAS B B A HAT 450k Z L, s 2 425
7 AR AU () S5 I 2 5 A B S AT 3G AR o XS
TRENLEN RS, EER R — B INEE B AR
Yok, PRIEEAAR R A2 AR . DDLO A
AT SR 4y, DR LN e SR AN L A% X
R EIE BRI 25 o AR SCHEEF I DNN 582 IR
S DA S IR, BB A B R R (] pAy A ) 28k o
KL MR, AT VEC RANREFES
I 4E

4 ZERIE

ARSCERH T — P TR B 22 2 1 F 47 30 VEC
WIS 5, %07 ST DU PR VEC R4
REFES 2RI P B P P I 5 I RiE o AR S e %
WRIEEBALF AT TR ERRREE. BB
SRR R FOR 2R AT S5 AT R o) RS
10— = I P R AR 2 AL 2 293 6 A1 1) VEC
RGN SR F 0 B SR v 0 B FR T A

LT R BOH R AR A A, M ZAEERIT
HHK] DNN A2 5] I G A2 B PR 3R 5K, 52k
R IR A . D7 HSEIR SRR H, AT
FAEEANR VEC 315 T BAT bk e R B, H
AR T RAEMBEFE G IE . 2L HIZE K
RISk, W ARSI RD I [a] A AR i 10 0
Wik ZJ5, I MEC R4 2% (0 Eat b, ot
5 WA A8 43 A [ 2 B 1) MEC il 45 #5% 4 .5 250t
Y, SRR IIRSS S B BIRA R E IR

2 & Bk

[1] SHI W, CAO J, ZHANG Q, et al. Edge computing: Vision
and challenges[J]. IEEE Internet of Things Journal, 2016,
3(5): 637-646.

[2] ZHANG K, MAO Y, LENG S, et al. Mobile-edge
computing for vehicular networks: A promising network
paradigm with predictive off-loading[J]. IEEE Vehicular
Technology Magazine, 2017, 12(2): 36-44.

[3] CISCO V. Cisco visual networking index: Forecast and
trends[EB/OL]. [2022-08-23]. https://www.cisco.com/c/
zh_tw/about/news-center/news-20190225 . html.

[4] ZHANG J, ZHAO X. An overview of user-oriented
computation offloading in mobile edge computing[C]//
2020 IEEE World Congress on Services (SERVICES).
[S.L]: IEEE, 2020: 75-76.

[5] STORCK C R, DUARTE-FIGUEIREDO F. A survey of
5G technology evolution, standards, and infrastructure
associated with vehicle-to-everything communications by
internet of vehicles[J]. IEEE Access, 2020, 8: 117593-
117614.

[6] KOMBATE D. The Internet of vehicles based on 5G
communications[C]//2016 IEEE International Conference
on Internet of Things (iThings) and IEEE Green Computing
and Communications (GreenCom) and IEEE Cyber,
Physical and Social Computing (CPSCom) and IEEE Smart
Data (SmartData). [S.1.]: IEEE, 2016: 445-448.

[71 KUTILA M, PYYKONEN P, HUANG Q, et al. C-V2X
supported automated driving[C]//2019 IEEE International
Conference on Communications Workshops (ICC
Workshops). [S.L.]: IEEE, 2019: 1-5.

[8] PU L, CHEN X, MAO G, et al. Chimera: An energy-
efficient and deadline-aware hybrid edge computing
framework for vehicular crowdsensing applications[J].
IEEE Internet of Things Journal, 2018, 6(1): 84-99.

[9]1 LT S, GE H, CHEN X, et al. Computation offloading
strategy for improved particle swarm optimization in
mobile edge computing[C]//2021 IEEE 6th International
Conference on Cloud Computing and Big Data Analytics
(ICCCBDA). [S.L.]: IEEE, 2021:375-381.

[10] FENG W Y, YANG S Z, GAO Y, et al. Reverse
offloading for latency minimization in vehicular edge
computing[C]//ICC 2021 - IEEE International Conference
on Communications. [S.1.]: IEEE, 2021: 1-6.


https://doi.org/10.1109/JIOT.2016.2579198
https://doi.org/10.1109/MVT.2017.2668838
https://doi.org/10.1109/MVT.2017.2668838
https://www.cisco.com/c/zh_tw/about/news-center/news-20190225.html
https://www.cisco.com/c/zh_tw/about/news-center/news-20190225.html
https://doi.org/10.1109/ACCESS.2020.3004779

1

FUEC, S LGSR P TR S ST AR S5 R 39

[11]

[12]

[13]

[14]

[15]

[16]

[17]

REN Y L, CHEN X Y, GUO S, et al. Blockchain-based
VEC network trust management: A DRL algorithm for
vehicular service offloading and migration[J]. IEEE
Transactions on Vehicular Technology, 2021, 70(8): 8148-
8160.

LIU Z, ZHAO J. Optimized task offloading policy in
given sequence in mobile edge computing[C]//2020 IEEE
6th International Conference on Computer and
Communications (ICCC). [S.1.]: IEEE, 2020: 1656-1660.
ZENG F, CHEN Q, MENG L, et al. Volunteer assisted
collaborative offloading and resource allocation in
vehicular edge computing[J]. IEEE Transactions on
Intelligent Transportation Systems, 2020, 22(6): 3247-
3257.

WU H, WOLTER K, JIAO P, et al. EEDTO: An energy-
efficient dynamic task offloading
blockchain-enabled IoT-edge-cloud orchestrated
computing[J]. IEEE Internet of Things Journal, 2020, 8(4):
2163-2176.

MA C, ZHU J, LIU M, et al. Parking edge computing:
Parked-Vehicle-Assisted task offloading for urban
VANETSs[J]. IEEE Internet of Things Journal, 2021, 8(11):
9344-9358.

GAO M, SHEN R, SHI L, et al. Task partitioning and
offloading in DNN-task enabled mobile edge computing
networks[J]. IEEE Transactions on Mobile Computing,
2023, 22(4): 2435-2445.

ZHAN W, LUO C, WANG J, et al. Deep-Reinforcement-
Learning-Based offloading scheduling for vehicular edge
computing[J]. IEEE Internet of Things Journal, 2020, 7(6):
5449-5465.

algorithm  for

(18]

[19]

[20]

(21]

(22]

LIU H, ZHAO H, GENG L, et al. A distributed
dependency-aware offloading scheme for vehicular edge
computing based on policy gradient[C]//2021 8th IEEE
International Conference on Cyber Security and Cloud
Computing (CSCloud)/2021 7th IEEE International
Conference on Edge Computing and Scalable Cloud
(EdgeCom). [S.1.]: IEEE, 2021: 176-181.

FR, IR, T4, F AT RRMERKINF TR
Gt F s AR 7 ik ()], 1845 4R, 2021, 42(11): 28-40.
FANG C, GUO Y B, WANG Y F, et al. Edge computing
privacy protection method based on blockchain and
federated learning[J]. Journal on Communications, 2021,
42(11): 28-40.

ISLAM S, BADSHA S, SENGUPTA S. Context-aware
fine-grained task scheduling at vehicular edges: An
extreme reinforcement learning based  dynamic
approach[C]//2021 IEEE 22nd International Symposium
on a World of Wireless, Mobile and Multimedia Networks
(WoWMoM). [S.1.]: IEEE, 2021: 31-40.

PARK S, KANG Y, TIAN Y, et al. Fast and reliable
offloading via deep reinforcement learning for mobile
edge video computing[C]//2020 International Conference
on Information Networking (ICOIN). [S.L]: IEEE, 2020:
10-12.

HUANG L, FENG X, FENG A, et al. Distributed deep
learnging-based offloading for mobile edge computing
networks[J]. Mobile Networks and Applications, 2022,
27(3): 1123-1130.

ow M4


https://doi.org/10.1109/TVT.2021.3092346
https://doi.org/10.1109/TVT.2021.3092346
https://doi.org/10.1109/JIOT.2021.3056396
https://doi.org/10.1109/JIOT.2020.2978830

	1 模型建立
	1.1 网络模型
	1.2 任务判别模型
	1.3 通信模型
	1.4 计算模型
	1.4.1 本地计算
	1.4.2 边缘计算
	1.4.3 云计算

	1.5 问题建模

	2 算法设计
	2.1 局部最优决策
	2.1.1 卸载单元与调度单元
	2.1.2 基于罚函数构造适应度函数

	2.2 算法流程与深度学习

	3 仿真结果与分析
	3.1 参数设置
	3.2 结果分析
	3.2.1 收敛性能
	3.2.2 系统效用


	4 结束语
	参考文献

