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Abstract Vehicular edge computing (VEC) is a key technology that can realize low latency and high reliability of internet of ve-
hicles. Users offload computing tasks to mobile edge computing (MEC) servers,which can not only solve the problem of insuffi-
cient computing capability of vehicles, but also reduce the energy consumption and the latency of communication service. How-
ever, the contradiction between the mobility of vehicles and the static deployment of edge servers in highway scenarios poses a
challenge to the reliability of computing offloading. To solve this problem, this paper designs a collaborative deep reinforcement
learning-based scheme for vehicles to adapt to the dynamic high-speed environment by combining the computing resources of
MEC servers and neighboring vehicles. Simulation results show that compared with the scheme without vehicle collaboration, this
scheme can reduce the delay and the failure rate of offloading.
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WIS 147) . HRFER— F Borb , DRL A3 Ay 2k i 3= 4
25 AN TR 44 AR 2R (8) T A 4 2 5 T AR 45 B L A5 F)
RGNS L 1R s 3 41>, 3 F ok B AR A
AR e 500 R R IF AT o, (B 1 TS 5—9
A1) R rand BRECRE DL A BUAR 2T 5 W 9 A 2, 24 B AL AE %
KT e i S VG h B AL B — A~ gh 1 5 T, 32 430 XoF R 32 ol
LA G, a) JF BA BKRAGT Q M sh1E., AT 3
18 a, J& ARBURINE o TR — RSN s, 0 G 1 P es
10 47) s PRSI (s, vay o500 TEETE S IR AFAE S D
ORI 1149, SRJE . DRL QLA I BE LB B
TR R AW T B R 45 S 8RR 1 SR 12— 18 A1) BB
TREFEMAE RN KGR 12 1) . NE R A 25
BEDLIMEL U S REAR (B 1 PSS 13 47) e e BE AR B die L R
PFERCOITFEHR QE v, (B 1 hEE 151D @l it ®
PR R B F2 VR B A 28 45 1 S50 0 AT TR (BER 1 R
816 11) . mJa A B R AR RS AL 1 iss 191,
ik 1 VEC F3#T DDQN B H & #1812k
1. #14H 4k DNN Q.0,Q' 0. &5 77 i 2% D;
2. for each episode do

3. MR QT AR A R R 5 A mat, 155 s

4 for t=1 to T do

5 if rand()>>¢ then

6. a,=rand(a);

7 else

8 a, = arg maxQ(s.al0)
a €A

9. end if

10. S sre<—env(ag);

11. FEfE (sevagsrase ) 3 D;

12. if t=0 mod K then

13. WD BEFLHIR U DNFEAR Csphajarysioi)s
14. MAEXCHITEER QM v';

15. AR 3 20 THA G bR B UL T 05

16. i QM%&SE 0

17. end if
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18. end for
19. PEFE A~my (S5
20. end for
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5.1 SHEE

R Afi ] Python Al TensorFlow #f 47 52 1, Bl — Bt K
400 m . & 10 m A BRLI] A B 20 B 1 4533 [15,30]m/s
B 30 #6245, A5 RSU M4 5 2 8] 7 5 S0 A IR 25 45 3 Ry
Ay, =200m,dYay, =15m, EEEWFEETSHEE P
(0,17, BEAMME S 19 B K/ D, € [0, 1]MB, 75 32 1 H 4 9% IR
C, € (1,1000) Megacycles, it K & Z BF 18] tmaz; € (0,1]s, 1E
MEC IR % # B35 8 1 /M =10 GHz, ¥ % B9 715 fE
£ €[0.5,1]GHz,RSU # 5¢ B =15MHz, i+ 5% BV =
10MHz, 800k % 33 P =400 mW, & B (1 1 75 o &
N,=—100dB, {5 EHXNT r=1,EH#E o=4. FHkE
A AR B P I ) 64 RS B 6 = a1, = tmax /2, A
HL R B AN B 0y = 80 %6 . by, = 20 % o I 0T 47 0 i 5 4 S At
WS EWMEE N =0. 5. PrdmBE FA=0.9, W LH LMW
WRHER e=0. 9, KW A4 K/ U=3000, 8 K BLE N
300, B[] B8k T=50,#L K /N 32,2 F % ¢=0.01, K
K=100,
5.2 ZRAMH

R TV A SO L RATER T 3 For & . DAE S FE A M
AT (Only Local) , T 7 4T 55 4% 4 # 2 £ 78 A o P AT 4T 55
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Fig. 2 Convergence results
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