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Abstract ; By introducing edge computing technology, the satellite Internet of Things has sunk its computing power to edge servers

0

close to users,and improved the service quality of users. However, the edge servers with limited computing resources may be loaded

m

when they have to process a large number of burst offloading tasks,and resulting in increased task processing delay. In this paper, the
above problem is transformed into the optimal policy problem under the Markov decision process,and a joint resource allocation edge
computing unloading algorithm based on D’PG(Dueling Double Deterministic Policy Gradients) is proposed. This algorithm utilizes

the Double Q-learning concept and Dueling architecture to redesign the value network in the Deep Deterministic Policy Gradients algo-
Ell

rithm ,in order to improve the accuracy of computational offloading decisions. The simulation results show that the algorithm can effec-
tively reduce the average delay and energy consumption of the system,and improve the task completion rate.

Keywords :satellite internet of thing;edge computing ; computing offloading ;resource allocation;deep reinforcement learning
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Satellite edge computing system model

Fig. 1
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AL SE PR R B IR 2 ) B LR , Crittic S8 A B R4
Q(s,a) X} Actor FEFERIZNMEFEATIFAG. Actor AL E—MELR
BRI , () FI—A EARRIERILE 7, (5) , FELRIRME ] 4%
AT RA RS s, BLSF ZIZNAE a,; Critic P EEF—MEL Q
B2k Q,(s,a) F1—1Bir Q W4 Q, (s,a) , 782k Q B LUK
& s, FEHIE a, WA i Q BRI B IE O(s,,a,).
ST , Actor-Critic FESRFP X Q {E A MMERY 1, S H %
SMRRENFE ZREENZN.

3 Dueling 45 244" 7] ) #% & DDPG 5 1
IR A 2 S R SE M Y1) . Dueling 48 224 v 48
BFNILE P28 43515 S (B B3 V() SRR E R % A (s,
a) JEiH DON 2 EEEBURFALAR, Kb —&HWHX T
REMMEF I —FHERTHENREREE, ZE G
27 Q B¥. Dueling DQN #) Q BR¥UR RS M EREL V(s)
I LB EREE RS A(s,a) BR, FTRARUT :

0(s,a;0,¢,m) =V(s;0;m) +A(s,a;0,0)  (26)

JEAL5|A Dueling W45 2244, B AR ®/E T DDPG HIZ
BEMRERE , ERIRAAT RN TR, X2 H
F Q RI4F BRI 4% FHE 813 AR Double Q-learning'™’ ff)
B RRBR AT R TR BIRIAE, BB R A B Q&
AR ERRA MG T R . Bk, B4 Q EIPfE 80 AT
VAR AH BB B , S AL AE X O B A THE SRRSO , RIB HEAT
Tttt B AE L BB — X R R4 (g, , 7y, ) FI— 0
WERIE (Q,, , Q) AT BNy, A HNEL T Q, F0 Q,, FEAT
THAL:

1 =7 +yQg (8" 7y, (57)) (27)
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AT, BN EREERARNZR BB EEILE,
FHENHFARTLIMIN. Bk, Double Q-learning 3 ARESE
SHEBRT R AT 78 LR R BB A AE T R
AN—ANR G B EARRIESHCERT , 7T MR REE Rl

y=ray ming, (s 7, () (29)

R ER—R P, M R T £ 55 # DDPG 5 5,
7E Critic ¥, 533 5| AT Dueling FI#&3244%0 Double Q-learn-
ing BAR B Q BRI X, I Bx Critic ¥3 f) Dueling
W28 AT T EFT SO, B BB G ML ELE M S M2 18] 2 AT 2
PR, 5T D'PGREMMEEME. Bk, BB T —F &
F D'PG A REN I G EHRE R E RBKRESEE
SRR ST B B E R &, W] DA SC B LR DDPG BRE . E
PREYDIZRAL AR

HTEF AR ASER M ET D PG BLAHIR 4R 1Y
NGIHREESA %, X B A E AR, A 1 s,
®iZ 1. ETF D’PG B ERIEA R MAZK T HARA L
BN GRS H LRBEEMIENRSER, HEESH
REEB
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1. FEHLAD#R 4k Double Dueling #HE M4 Q, IS4 6, 1 Q,, KZ%L 0, ;
2. FEALAD IR AL IERE 2% m, B &5
3. MBI EIRME S0 0, ,0',0, ,d"—;

4. R RE ARk D = ;5



2548 VN

B R HENLER A

2024 £

5. for each episode

6. EBRABMHENRELRHRE S, ;

7. for each step:

8. RIBTER BRI 7, (s,) EIIE a,;

9. PATEIE o, , NIRBHERARED r, T — RS 5,415

10. ’I%(Suaurusul)ﬁﬁﬁgﬁﬁmmD I:PE

11. M D FREHLREEEH N REWHE (5,0, .1, 5,1 ) K/NER;
12. HREAWIE =7y (5:41) 5

15. B/MER &< B¥E T Double Dueling #1E M4 :
f,+—arg min 5. (3, - Gy, (5,4)) 73

16, ARURESE N B N I
VI (8) =1 EV, 00, (5,8 Ly Vams ()3

17. 3 Double Dueling #HE B A7 FIZ% A3 B AT P14 :
0,10, +(1-71)6";
d'—rd+(1-7)’

13. B BB : Qi1 =glliano',-(Si+1 1@5e1) 18. end for
14. BEBIRy =1 +vQ 1115 19. end for
| 25 |
| H*G.ans.)
(S:,HY,V,,S”X) l
] ActorP &% / CriticP % \
u e s
g iG] RS WHO.]  REO EHG]  BEe
B a=m(s) L Actor A=Te(5) FELCritic FEZEActor
] RETd s F% 0, He,
| s | wEg| i mingp) ) [HES
B et H#rActor TlS1s) B#rActor BirActor
EN \ F%% 61 EETH /

B2 D’PG % 45HIE
Fig.2 Network structure diagram of D’PG algorithm

BRI B 5 5, AWM E T KR T EY
BRI GA R GRS A M BENRSRER
UERHELESFHRSES R, H R EREHRSER
5, HHERBE BN ELRBNE 7, WA, BRI RER
EFEBRRMFRLSEIRE o, 58, DEYRMAZIT R
XML EIBIIE a, BEATRNL , 15 IR BL A2 RD r, F T — RS
Su1 FERERTS 5, BIAE a, 20 r, DR T —DRE 5, fERH—
FEBRPRAHBIERE RS R 5, F ALK S At
HEEHLEREEER , A TSR EN N AR &5, BEEA
T St | R R P 4 R (B R 2%, S 2 B AR VR B AR AR
% 1 W OARE AT SR AT IR 2 2% BE 32 211 25 A 3 episode
FORHE] 25 step BB , 24 episode Fl step f3EFH KB, B L)
IR A BETT LAy : T epsiode , step) = O (Mg gpinge ) » 35
¥ n,,, B4 episode H step IR, 7,0, T2 episode )
HE.

4 HESHERGH

4.1 TEMES5SHIRE

F BB DEYHEMAAZITEESHIRT, RE
HEBERDE T R.1 A% MG 4 KR & —1
T E R OHE R X TENERB AT IS S REE R
/NE 100kb Z] 400kb 2 &, £ 5 B9 HH B A& y KA K
25cycles/bit, 4 i % B THE RE J1 O SO0OMHz; 30 2% i 585 1Y)
THHERESI7E SGHz B 25GHz Z ], =it H L E MR
S5 BLRTT R BE 1 O 2GHz, R4 B9 B L AR SRR T B0 3R
o 2MHz, 52 30 30mW , KK P BCAS B R 1.

X T B 9 D°PG B3k, 5 S B M P24 R Il 4R

¥i2,D°PG #1 DDPG Hy#i &M % 1 PyTorch fE4RSEHY, M4
P FIA BRRR B 2 T 3R 2 Bl 50 B D 200 0 300. K
VIGRRARERR/ A 64 B /NLARTR , F6 K/ 2000 B
SBRIM, BEAirMEKERHN « & X 0.02.

x1 LHRBW
Table 1 Experimental parameters
& &

LA NIVTERS £ 500MHz
DI SERN:Ipa AWl 5GHz-25GHz
SHEPLAERTEED L 2GHz
BERH R W 2MHz
fEHTI% Py 30mw
ESBIREID 100kb-400kb
THEAR y 25cycles/bit

4.2 HilarEs o

R TS ECT iR B R R, BN R EAF
% S BB R S TG . ZEFE R, I a5
BE R le e M le . NE3 AUEH , KN le”
B, BHZE7E 100 4~ episode 58X 2l & MAE , FE7E A BIR SUS
BB RE. R, YR 1e °F le ', FELERH K
F 50 4> episode 7 REA BN SCRA. B ILAT AFSH 4518, i 28
MBRME S %I RN R/DARE L, YEERRIERRNES
RN HEFEE MG EARAZIRSURE , %%
i KET, HZEA—E RIS B — M E , 2SR
HARE.
4.3 3ttbse

Bk AR M R S E BRI, R A 3T
iR s AR . X L =B 30T :a) DDPG;b) DQN;
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Fig.3 Influence of learning rate on convergence
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RAP AT TR, BEE (£ 55 BR800 , &0 & 2 fa
FRETE S AR, EXFELT AR EES7EY
TREA I IE] A SRS RS2 AR, 2 BiL 45 I 55 B SR S A B B3
i, AT AN T AR 55 AL 38 9 34 SEIR . [ 4(b) BoR T REE 3T
BAESHIER M, AR R RN FE ARSI, RE
RBERINFES S BIRRRIELLR). B 4(c) RUIEEHHE A
SRR BN, TR R ERE S SRR AR T Fe. X
R TESBEEEREM, HREESESSARERNTER
B AT BIAR T EAE SR A BT E TR, S HEBA
BREFEFRER , SN BTEALE B RHE A B AE 5

H P 4 WA, 41 4 B0 B R/ BEE S 250k B, D'PG
Y BEML T DDPG, VI RER 484 T 11.56% , RERFEREML T
13.97% fE% B ERIEH T78.05% . [Fit, D’ PGRYHEREMR T

-~#~ DIPG

- 10
030 [ = D3EA 07|+ DDPG
- DON 09} ~+DON,
S 025t —a Greedy 0.6 -~ ra::,i Y
5 —-#— Random % 08¢ = = Rando
& 620 = 05}
oy » 0.7F i 04l
B 0.15 & o6l - DIPG g O
=] - ggge o3}
05} —-
0.10 ~e- Greedy 0.2+
0.05 k 0.4 | ~ Random o1l
100 156 206 250 300 350 400 100 156 200 250 300 350 400 100 150 200 250 300 350 400
HARE /b HAEBE SN HAR R /MK
(@ FEER (bUEH T (©RERTHE

B4 AEFBIRE RN RGE PR L5 5 A REFERIR

Fig.4 Impact of task data size on system average delay,success rate and energy consumption
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