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Abstract

Efficiently offloading computational tasks from vehicles to reduce task response times and improve the
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average load rate of Roadside Units (RSUs) is a critical challenge in Vehicular Edge Computing (VEC).
Deep Reinforcement Learning (DRL) has emerged as a powerful tool for addressing computational of-
floading problems. However, existing DRL-based approaches often fail to consider whether dependent
offloading tasks can be merged and overlook the load balancing among roadside units. To address
these limitations, this paper proposes a Deep Deterministic Policy Gradient (DDPG)-based computa-
tional offloading scheme that incorporates task dependency and load balancing. By categorizing and
consolidating tasks, the action space of DDPG is reduced, and tasks are processed in batches, thereby
decreasing the average response time for offloaded tasks. It further prioritizes task groups based on
their priority, urgency, and critical path length to enhance offloading success rates. Additionally, a dy-
namic weight allocation mechanism for RSUs is designed to assist DDPG in achieving load balancing
among RSUs. Experimental results demonstrate that, compared to existing Deep Q-Network (DQN) and
DDPG-based offloading methods, the proposed scheme reduces the average response time by 21.4%
and 22.5%, respectively, while significantly lowering the average RSU load rate.
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1. 518

B 5 ZE AN ZE A (Vehicle-to-Vehicle, V2V) [1]. ZHHAIEA % it (Vehicle-to-Infrastructure, V21)Z [ ]
FAE, 9T REAT I £ 4i(Intelligent Traffic System, ITS) [2]-[4]38dE /& J& . 4 #%i51 2%t 5 (Vehicle Edge Com-
puting, VEC) [5] [6]38 34 55 71 43 % B 7 % I 5. 7t (Roadside Units, RSUs) [7] [8] F, #5 il 2R ik =
Ji ¥ AR 45 (Quality of Service, QoS) [9] [10]. 47T RSU BhRINLHIIAATE LA A3 [, 18 % 42000 1) 22 Al
FFA— X3k N AN ] RSU 2 [8] SR AN 516 . 7ED 1 B B RO R AT 55 S0 T, i g 2 e it 171 3035
AT S5 AR ) D AR S, AR BCABRER . A& 481 T 8 R O EARE IS SR e AT H T8 DR B0 ) [ 11]
[12], TR 5L ] (Deep Reinforcement Learning, DRL)IH it fifi &1 & #4142 2% 3] (Deep Neural Network,
DNN) S RE 17 5 384k 2% 2] (Reinforcement Learning, RL) (IR SEALHI[13] [14], W] PAFE T FREDIR A1k £
WAk, JRE G S EESENE, JOHAE AL PR S5 S RSU [R] 3285 2o 45 I et

Hl, #Wiii@Eys F VEC I UK IRAAE — SN MERI PR AR . Fofana Z5[15]42H | —Fh&i&
Stackelberg FZR AR 2 >J 1) VEC, SEI 73 8T R 400 IRAS DA 2 THE R SRR s 8, IRt B T 250 1)
NN . Walia S5 [16]4 PS5 N aRfb 2 2], AL WIBE I S F A iR o 5D RN B 70 I, 3R THIR S5
. Pang S [17]F A 17 o B (DAG) AT 55K R &, Wit ShaS PR AL ZEIR A REFE, Fiid XU B
Q M2 (DDQN)HEAT %k, Zhao S5[18]F2 1 | — M SN FIME KA TT 58, 75 IEZEAMAE S MEAME S5 Bl 4K
i, KH DRL YIZRENEHENE , Bt 22 sh it il Sk it ROl S N a), I A1 5510 56 2 e 77 S xt 45
FeBAB e AR S5 AT HER o« AE BRI FTH, A MBS S B AT 55 L A AE R s K/ oG 2R A IR
FURIME T B T EI AT 55 Z R AR EOC R, 1 3 2 - 7 JE3E B (DAG)HEAT bRic, S8 )5 T b #1483 RSU
b, BRI AR O RIATIRARINETE, A X S ARAT 55 4T A R i E A B B IR 4T b HE 4 . Zhang
G191 T 2 RAUES P E B A, WA ES R KR KA BIEB XS, MEC HKHE1L
Fe B PAT AR ENF MG . Li S5[20]5] N5 FH R SIS ERERD & M BORAS, B AR5 B il s Rk 2
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PR T RL,  ERINZIRS A 3BT N . Zheng S5 [21108 RSU BB WS, ZEAAVPAN AN A% DUIL HRAT 55
BEbR, HEZ RS TR 5 NG BT EN B SR, $RTSE S I TR Ml . 78 L
WEFFE R, B REAT S A BRI 5, i — SR U B ST SS T BRI, AR AT B
WA % e RSU 2 [ (¥ 1 2k 34165 -

AL T —FP T DDPG {45 1M AN 47 8k 32 i 1) 1 5 50 %% 7 % (Task Dependency and Load Balanc-
ing Based DDPG for Computation Offloading, TDLB-DDPG). FZE 5N T :

1) BAVHRE 7 — Pkl A TR E 0 5, R SR O A A B EAT 55 ST 34 i R B[R] R RSU
P A RAL AR, R 0] AR R B R A 5k Y 3 d 2 (Markov Decision Process, MDP), 45t
T 3T DDPG I MG I Z5 5 1%

2) $R T PRSI KRG L, XS E BT ST 028, AR R 2R A i) 0 B AT 55 AT 5 0T
%/)N DDPG MZh{EZ ], $#mHIZRE, BGPTSR | ¥t 72/ e Hor s RSU
BAF AT S5 B4 2 [ (R AL BRI, BB, BT 55 v] LA Je b B

3) & T —Hh RSU BIAKLE, k¥ H) DDPG i i ¥ RSU AT & HL R th 8k, AR KT &4
Hf) RSU P34 3

2. 123
21. RGEE

1 85T VEC HITHREEIE RS, R4 5 N A RSU MM A, 73 al&RA
RSU = {rsuy, rsu,,---,rsu,,---,rsuy } MV ={v;, v, v, vy} BUS— ki (Base Station, BS). o, %
AN RSU @It V21 @5 %R, FTE RSU L4 T MEC R4S 48 Al Y SR, MEC HR45%5 0 E F 448
1 THE RIS, REBIEAE O B N I R L e o . RSU Z (Rl e 4014 R4 n] Lod
i Vel #ER| BS, fiH BS i Af BAE R R ZEAA AR SS AT A AL B] L 8 3] RSU B0 2 3
BEAh, R1% MEC REGUZTE S BR FigqT, & X T RIS, HEESGERRAL2 -t T}.
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Figure 1. VEC task offloading system
[E 1. VEC i+ HEIE RSt

22. NAREFERER

£ RSU JEMEVERIN, GAAERE NI IR t 0 Al NN, T3 7 2 77 A A L ) BAT R 0% 2R
WSS, XTS5 ] DAA AL, A DLEDER B RSU B3 v R v, TERTBE t AR RN
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Amj ={vm,Z, Hj,tdeadnne,type} , Hdj e[1,2,...,J], 7 HRifR A, P ijgmﬁaﬁzﬁi%&
2 BIHHE R, 1™ SR A | ES B BRI I, type WELFROAA. A LA
TS Bj.= {bj,l!bj,z,'-.,bj,z,'-.,bj,Z} s FES AT LUE SUN By, = {m, Js Z,dataSiZe,tdEadline} . datasize 1%
Koo BHEFEREH | =H | (mxm) ARARAE S ZF RO R, FEEPRSH0y 0 81, |
Hm,j,“ :{0,1},13| <r<mo.

2.3, BiEER

FEREANIFER T DB KGR RES I, R4 IR HCR V21 577 305 RSU fRFFER: .
RAEF R AN, EHE RSU ML R LUE SON:

pmgmn
D, :WIogz(l+ 0'2' ] (1)

b, WOREHESE, p, ARV, MIERIIR, o ATHMES. g, MV, B rsu, 2 G 115
2, TBLE UM

9n0nA”

(4xd,,, ) @
v, g, g, RN RS KRR RSU [ REk 28, AEEM; A NESwK, NE e,
d,, . AR RSU 2 [Al (I8R5 . 4E405%) BS (A4S o, . BS BRI E4E S o, MaR@)HEM, 52X

Omn =

N:
pmgm
" :VVIOQZ[1+'___;EEJ @
o
@, =W log, (1+%j o

Rk, AR5 AR A] o AT BLE LN

0, Xz =0
datasize
t:r:é?,sz = ) i ’ Xm,j,z =N (5)
1
datasize datasize .
mJ.z + mJ.z , ijz =N+1
CDZ (D3 -

Hob, x,,, =0 RAEMOIES ARSI, x, , =n FREMOIES EEE RSU SRIGIEH RSU,
X, . = N+1RFIESERFIZH, WhEHRS BS, BS HRAZM. 1 TFEMMAEHIERM RSU
BTN AN 2 G, BRI % JE AR & L AERE /], 7208 RSU A BS R 545 48 R0 IS
.

2.4. HEER

THEEN R AR TSI (8] T LRE SO A BRI [B] ATHERA R (] . FERFRR t, 2540, mimel RSU AEHAE 55 T
PRI TED PR A AL BRI ), 5 SR
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datasize, ;, o
—v y me 2=
fim !
datasize,, .
exe _ m, J,z _
tm,z - f"SUn ' Xm,j,z =n (6)
datasize,, .
iz _
fcloud vaj,l =N+1

Horp, fYm o £ fO R RR AR, RSU M A uniARIERE ). RS TEGAHEL RSU AbF 2 B T 45 A5 1
I AL PR A HERAI 8], PRl < m AR B AE 775K, HEBNIS TRI P 20 AN it PR, HEBAIS AT AT BLE SOA:

d pri_or_local
m,j,z _
Pyt Xnj. =0
d pri_or_rsu
delay __ mJ.z _
s = fru Xmjz =N )
0 Xp i, =N+1

SEofr, ol ror_towl 1 o1 43 51k AT K ZEAHL A RSU L ALTERY, BB e A 45 AT AT R AL AR
BN, BRI, FERTIR A, AbHEAAMT 25 RO SER [ -

one_task _offload __ ttrans exe delay
Tom =t 7 +t 8)

ZEAP v, AEIT Bt AT 2504 55 M S ) A
J Z

Ttér;g_task_oﬁload _ z z 1 T one _task _ offload (9)

madxZ o
2.5. fLiLiElRE
9T AN SRSk B I A, T A/ IMA AT 55 P 38w R R ASE- 2 RSU AR gk, mT LR 4k A an
AL ]
min (e, Tog + Al )
st. Cligy+p, =1
C2:¢,>0,5>0
C3: X . =10, N +1}

(10)

Hobt, T ALy, SM 0 BT EE A5 (0 TR S [ FT RSU 0P U8R, o B, MR T, Ly,
FODTRCREL, ESehmbmitels, JRATAT DR O B AT SRS o B O, X, ., = 10,0 N +1 RSB ¢
W, R, E R | S 2 VAR, 0 B AMATE, n FREE RSU, N +1Em
B2

1 T M
Ta Z Z T avg _task _ offload (11)

Vg = t,m
TxM T

Hrr, T 5 SeB0 i B
Lavg 5E XA
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L =S Y L 12)
T3
b, Loy rsu, RUHHE RSU 105U P IO I9ME, 19 <[04], C NHHL.
3. &F DDPG Ryt E s

31 ESHRBARREH

W 1R, WIS MRS 2K, IR B ANMEREXT EATEAT SR AT, I 4 HAREFE IR )
BALE ARSRMALE 9 M Az EE. RN RS Szl Za5RA. FERRSRE,
AR el . B S A B SIS R 6455 . R BURTE SR LO~L3; HR R MEE &
N C1~C4; il & MMKH & A D1~D4; RHBIES To 55 . 5k 4 DN MR RMNEBMRAT 3 M-
P1. P2. P3. EFEIERA B A, EIHRE] RSU. EIEB = 3 Fhe T T4 B EHRE 5 MEE,
b, DUSE AR BURE 95 R AR 55 E18T AIRZ  R 3R

B 302 R AR S5 AR S B AR R KRR B R R SR AU S AR R BT .
AL FTERAEFD s PAEURFISE AU S5 W AR U R AR I . GE B AL IR RV AR
RAEFOFERE S REEHAM. SR e ERAEAUESS W SE AR, Zhi Y]
EEL RREER A (G RBRR SRR S WIS SR . B OA. EERE, R
RAUE S AL RS Wr . KHIVERE AT R BRI s Mode Ja A B 5 DAL SR AUE S A 2 AT
i BERIARACIEREL, fRIRER UM, At B RAUES BT . B, ERE .

Table 1. Classification of vehicle-generated tasks

# 1 EWERESSER
—HRAESRA CREFRME RN WHEEKR BdEE Bt (RR HERERGE

Hzh 55 3 Lo. L1 C2. C3 D1. D2 55 Pl K. RSU
IR 3 L2. L3 Cl. C2 D1. D2 55 P2 RSU.
PRI AN 3 LO. L1 C2. C3 D2. D3 & P2 RSU
) 3 LO. L1 Cl. C2 D1 ¥ P1 At
=] YN 3 L1. L2. L3 Cl1.C2 D1.D2 38, P1 RSU. A
FEBIRSCH 3 L2, L3 Cl. C2 D2.D3 & P3 A,
TR e A 3 L1. L2. L3 C2.C3 D2.D3 3, P2 Zi
Bl 5 a5tk 3 L3 C3. C4 D4 G P2 i
HER&E% 3 L3 Cl. C2 D4 T P3 P

4 2 R T B AT RO RS M E I, # RS 2 MK R, MR R b i
ISR v, Ry, EFASRI R T —He(E 5, KEE(E 28 TRy, BRI AT Il & 9
DAG EIRMAE S 2 B AT RS, S IFRAZI T -

Ht,n,p = Hm,AUHm,B UHm+l,AuHm+1,B (13)

Horf, H N U, rsu, BESSAIER R ORIIESBAL K e[L2, K] . 0 RFEALS 2 IMTHeHH
Fo LAREHIBRIT T 10K, 2 tIF,
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° 4, HORALF

Figure 2. Merge of tasks with dependencies

2. BAKREBRRAESHEH

W 2 Bos, W ARKBOR RIS T, B FRAUESS, R DR v 5 R A Bt AT £ 55 10
HIFERAE. M TR R TSRS, TREEE DN, BT 2L CPU BTk, PRI RR 2 i A B g
REIES E PR RAE S . N T HEHREFROES, LR LBON, NEACE, @ %
SRR R, MR ET R, AT SRR, AR RN, Nt E SRR T
THERRMMES, HBEREILBORN, SRR, 8 & A5 sl LLBUN N, Bt IF A0 .

Table 2. Integration of homogeneous tasks

F2 FXRBEZEH

TR R\ = 4 5K (D4) Hdf 1 (D3) il &=/ (D1. D2)

THH K= (C4) BB AR T BB AR T AL 2

THE R R H(C3) FAh A It Eininee
THEL T RAK(CL. C2) B AL R ftEE fitiEa

FERMEMKAE 4L, it 2 DHLHIDRAEBEIEIAMKME; R S AL RS B R AR, Ak
HAEAAINE ST HBEAN — DA D EI SR TAESS, ARG [ WUPRAT, AP i 2 2 K
VEONM AT 55 AL s W SRAE S5 A AT 55 it B LUK, DRI AT 55 L B B — A Ryl B A, B
I J S 28 L T AT RIRAE ST, IF A AR B, (6 g S Bdim AT A

32. A&

3.2.1. RSU Bh7SILE S B
N TP RSU Z IR B2, RSU [ 8Z T LE LA
L, = «,CPU, + S,Queue + y,Memory + 77, Net (14)

Hrr, L e[01], a,+B,+y,+m,=1. CPU HFKrsu, M) CPU A=, Queue, 45l FAFIHFHE
RN RS S L], Memory NN AE A%, Net vl 3 5 %6 . 43R0 RSU KT RSU 1Y)
FEIEDLE, T A EATT80AS 2 B A K4 B DDPG AR okt B #1301 o B e R
1.5 L,<06
W, =41 06<L,<08 (15)
03 L,>08
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Hrp, W, AR U, GRS rsu, BEATEIEACE . AR RSU Y UL FBER A, AU

eWt‘n
P, = 16
T (16)
Hr, e 24T RSU ST RSU AL KAl
24 RSU 3 L, i#id 0.9 Hiffir RSU WA 1% RSU {5 R, Actor 2% 23481% RSU 41 NI R
4B, % RSU IBE VO B Y I 40T 55 v DAAR H AR B Bl 2o oAb 3, B3 L, PO IE R Bl RSU Selic ]
% RSU 5 BRI L, IEH I, A 22481% RSU MENER R4 L FR .

3.2.2. DAG & E¢HHEEFF
7£ RSU BAFIH, A 5538 4H 42118 4 SRt 26 2 Fa % (Global Priority Index, GP)HEAT R 7, )G I
A, ENUR:

GPl, ,, = +a,Priority, ., + ZUL, , +7,CPL @an

oy, Priority, ,  NIZARS TR SER, AT TFAAE [F) — PP RAE S5 AL, AR 55 A S ZUst 2AF:
SBAMR. CPL,  AITBRt, fE rsu, 1) DAG {45 B4 k IS AAKIE, ) DAG iR K it
. UL, NS R 28 (Urgency Level, UL), & AR :

1

UL[ynvk = TDAG T current +
t,nk

(18)

Hodr, 1500 MZAESS RFALI B R], T 9 BT (], o A —AR/ME, Bk BER 0.
3.3. HWEDRAKERE

ARG —A> RSU JHAE VG A BRI 42 o S BB AN g R L iR A 2 50 e, BIVERRAR 42 i o — A
BREAA, THEEVERSE T DALY MDP. ERSBR t, rsu, B RGIGARAS ) E SR
S :{Sm'St,z"'USt,m""’St,M} (19)

Hrr, s, = {m, A . j-info* } FARLER v, ER B PR, A, AR ERMAER, info™ HiZrsu,
J Bt RSU M35 5, FLATTHSE RSU I S8 d& o

info!* :{n,(xn, ¥, ),CPU_,Queue,, Memory,, Netn,info”‘”ghb"“r} , N A RSU MIZS], (XY, ) NiZ RSU
AR KR AL E, CPU SA4HT CPU [ I3, Queue Jy 14l BA 5125 #5455 % o fe K DA 41 25 B 1) EL 45
Memory, NPAF 5, Net, s o % infom™o™er — {g,(xg,yg ),CPU,,Queue,, Memoryg,Netg} , H
Hh g ML RSU Z 5], JETHAE B /& RSU BEEA(E R

TERFBR t,  rsu, fCH AT S EN B R S AT BASE SN

A ={au 8, a0 (20)

i¢,qﬁﬁkﬁﬁwdﬁRwﬁﬂmeﬁ%ﬁ@%@ﬁwﬂk%ﬁ%ﬁﬁ%%ﬁ,%&ﬂ%?ﬁ&
FREH P AEIAES b, o X = {0, N +1} FIRA DAG AES TR EI LR, 0 NAMALIE; n
A4 RSU BUEIGIUE RSU; N + 1 NEIEE| =0 . 24 RSU XF DAG RS BB T T #I8E, AW
BAT S5 M BN R SR B AR

FERFBR 24 RGO B AR R S T, 2RISR RIIN 2hA R —AIRZS o BRI 225 mT DL 24 A ) B
FIT At PR D AR SR R AP AR o AR S E b 0 TR A 0 S SR, SH i /DM B AT 55 1D ST 357 ) 7 B [
A RSU R . R, 7ERTBR t BRI 225l SR
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avg

f:( — _% i-l—t’an\:g _task _offload Cﬂl Llocal (21)
=1

3.4. T2
TDLB-DDPG [t & HI#AE 22045 Actor (4% . Actor [ B FRIMN%& . Critic 4% F1 Critic 1) H bR 4%,

Wk 3 fios.
i ActorpZ& i i g Emi
: | DAGIEE & : E=2 |
| i o——p ; |
1 State i love 1 1
: i —— : i
| | [ wsiEafe > | B ene g ggﬁkéui
. N\ R e ] i
4 A
=1 K
=1 N =

| mmmmen i i S ERT i Vv

i i SR i (s,a,1,s" i (s,a,r,5) )

i o@o . KO Gl Ko BEU

i | : (sars) | | RSUENESINEDTER,

L ; R — 4 R

Figure 3. Framework of TDLB-DDPG task offloading scheme
3. TDLB-DDPG i+ E #I#iESE

H¥: 1: TDLB-DDPG THELEIER R

BIN: VEC W%
WrH . RS
¥UGAk Actor 45 11550 6, Critic M4 2% 6°
Hittk Actor HFRIMZ A Critic HARMZHISE: 0 « 0", 6 « 0°
WIB AT R
for episode = 1: M do

VIR, BEMLEE S N

PAFHIUIRE s,

fort=1:T do

5% 53 28 45 400 00 1L 55 A b A 52 G 2 i b B PRI AE 5%

DAG £ A & IF
10:  ZHEBESE, RPCEEHT RSU KT RSU T mlik HEE 2%
11: a[=;1(5t|6”)+Nt
12: if a,=n
T2 T RO PR AR B EN AN RSU I BIAEME, 1Bk a,

© 00 N o O |h~r w N
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13:  HUTEIE &, RSU M4 RS SR ECk BASI AL 55 B Ak Jo b B, 45 3220580 v FUBT IR ERRES s,
14:  K{s,a.h,S. ) FALKIBR

15: MR PBEHLRRE n £25 (5,8,1,5.,)

16: 15 TD HARMA:

Yi =" +7Q'(Si+1’lu'(si+1|9ﬂ,) eQ’)
17: w/MEBURREL L BLE ST Critic (45
1 2
Loss=ﬁzi(yi —Q(si,ai|60))
18:  RAESRMEAR TR Actor HEHE YL
v,.J (aﬂ);%Zivgﬂy(si|9ﬂ)an(si,a|0Q)

a=u(sj)
19: SEHT H AR 4

0% « 709 +(1-7)0¢

0" « 16" +(1—z’)9”'
20: end for

21: end for

TDLB-DDPG % iIlZkit R Mt RGNS 1 Fim. BoEWIaM 4 NI S B R A R (5
1~3 17). 1E43 episode JFAGIT, WILGHLIREIRIBEHLME S N KBRS s, (5 4~6 17). XTI,
SEARIRYIAERAS s, SPAE ST 20 KI5 46 TR 5 AR A H AL T 1) 4 55 () S0 38007 SR (35 7~8 17); %T DAG
(RS BT I RIECE 9 17); MHATEIAAE B, 5512407 RSU KB RSU FT A Bl E s it
(3 10 17); Actor L% L RIENIE a, (55 11 47)s b TIREEAN n AOENER NG, H2 MR ENET AL F
REPEREBAEE, BEEifEa (OF 12 17). W5, HATEIE , RSU %M 4 R0 Je s 5ok bh
BT 55 B HEFF S AL B, SRAS ST AHT (KPR A R, X S MR A R w1 (3 13~14 17). fERAI
BREGIEAH, MR PRIk — i B 1B i BB 44 (3 15~19 7). ¥ %EiH4 TD (Temporal Dif-
ference) FLARE y; » it Actor () H FRI%E & F—ASRE AT LI R R —ARERIUHENE o1 (s,.4]07 )5 T
it Critic [ HFRML LT — SRS T MRS REBUISHE, WTEEE TSRS Q 4
Q’(sm, ﬂ'(si+1|e~')90'), LRI 25, FTEASE] TD HARME y, (F 16 17). 25, Ry, MLk
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Table 3. Experimental parameters
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Figure 4. Total rewards for various algorithms
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Figure 9. Comparison of the average load rate of RSUs under various numbers of tasks
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