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A reinforcement learning-based method for inter-satellite computation offloading and resource
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allocation of low-orbit satellites is proposed to address the high cost of single satellite processing
tasks and the varying frequency of recent failures in satellite network nodes. Firstly, by filtering the
satellite network nodes, available satellites that meet the requirements are added to the edge sat-
ellite group. And combine task information with edge satellite node information to establish local
computing models and offloading computing models. Then, an optimization problem is established
with the objective of minimizing latency and energy consumption, and maximizing the credibility
value. Finally, the DDPG algorithm is used to jointly solve the unloading decision and computing
resource allocation. The simulation shows, compared to single-star processing tasks, the designed
inter-satellite computing offloading strategy can significantly reduce task costs and increase the re-
liability of offloading.
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AR, B TESEAE BRI 8RR AL TR W 4 (Low Earth Orbit, LEO) RIS &, KL TLAE
L By 4 TR L IEK I 783 e L4 i M [T 308 45 B ) 1) B B[] o AP T B ER L v LI (G % 7 300 A L
A 2000 A B2 [A)), BAA B A (E LB AN 5 i B EE AL s 2R 2], R [RI I A TR A B TR
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Offloading) 2 845 TH AT 55 A — A B R EI R ) — > TR SO i b FEAT AL BE[5], 1 7532 w] BL 78 43 1 H
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W 2 PR 5 v v R AT T BT 55 B E AR AN B R A E NIRRT B PR 1 6] R [6]

FERET R T, SCHR[7192 th T — PG B3R 5 5 SR A L B 72 o 125 1R I R 5 1) 7t
RO B AR 2 5 — VUEC 25, @i Mudk i Gale-Shapley S0y A1k B 2R AR EIL AT SR
AR, BRI 2 1) e I Rosen A FEF 5 I AR A% B H e T2 AT R4 SR AR . SCRR[S]HR H T —Fh LA 2D
WS TR R FL A 5% o G TR GG W) A = AT P ORI A4 AT S A
BEAETT AL, R RGPS T RGIRERE. SCER[O1EH T —FhEE T AL Sk i) B R A St FEE
Jiike aIpiEdE S PRGN ME, BT 24 B RS 5 B R R ST AT 55 AR D A e R, AT
27 LA 55 Wi I S0E SR T LG AT 55 S B R I %

FERARIRBN T, SCBR[L0]5 1 — b T~ 73 A 2QUR FE 2 2 M W (B o SN R AR, i 2 AN IRATIR
JERRZE O 28 B2 7 SIS RN o 5 F A T SN B SR A L, i SAE R R R R R B AT T
ST Al R A RE o SCHR[LL142E T — FhoFE T 5 AT AR HEPF (Soft Actor-Critic, SAC) AT 55 1 2 5 555
B E R, BAERN /ML R G AR MAEFE . SCHR[12]42 1 T —F 3£ T Dueling-Double-Deep-Q-
Learning B 10 Ai N5 %o &5 FRIHIRE A SJ(DRL) 715, MR T PEMLZ HHLEG % AEE M
AEAid B IR AT PR 10 73

5 ERFERE, AR T R T DDPG 1A a5 3 5 W IE BT, Reig IS Ak
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Figure 1. Offloading scenario between low orbit satellites
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Figure 2. Offloading process diagram of satellite inter satellite computation
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Figure 3. Interstellar link
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Figure 4. DDPG algorithm framework
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Table 1. Simulation parameter settings

=1 HESHRE

2 EV¢:
Number of tasks, M 10
Number of edge satellites, N [1, 6]
Size of total task, D [10, 50] MB
Task workload, w 10 cycles/bit
The computing capacity of local satellite, f" 1 GHz
The computing capacity of edge satellite, ™ [5, 10] GHz
The transmission of local satellite, ptra" 3w
The effective capacitance coefficient, 10~28
Inter satellite transmission rate, v 2 x 104 MB/s
Maximum tolerable delay, t™ 200 ms

X} DDPG 24, Actor (28L& PIAN 4L 2, 43 il B 128 1 64 NP EE T4 RR, % ] %274 0.0001,
Critic P28 & =N 2, 707 258, 128 1 64 MHATTARL, “#=13%Jy 0.001, H4ML%H R H
AdamOptimizer SKIHEATHEHT, OU M5 FIFIMEbRHEZE RN 0= 05, [FIHEE N 0=0.2, KF[A2PK di=0.01,
OU M 7 & /NI [R] 5 (AR THE 22 Z2 080K N 0.9995, HT#IRI T » = 0.99, #FEHTIH T4 = 0.001.

EINGRS R, R UIZRIEIAE0N 2000, 2456 RIRZE M X K /N A 30000, RAFRLIRAR/IN N 128.
T I%AF DDPG HiEHIE %, KI5 Local. Random A1 DQN Sk rxtth. e, Local NAHHTEIZ,
AL FEAT S5 ;. Random AT S5 BEALA: P E kv S AN 2 PR BENL AT S5 /0 BO i 5 %508 DON Aok
PR HRE S AT S 8L, 232 E R REA RS S EA A .

42. HEBESHT
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Figure 5. Comparison of convergence performance of different algorithms
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Figure 7. Rewards for different algorithms under different task data volumes
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Figure 10. Average latency of different algorithms
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