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Abstract

Due to the limitations of local computing resources on ground devices, computation tasks are of-
floaded to Low Earth Orbit (LEO) satellite networks to reduce processing delays. During the task
offloading process, to overcome the computing resource constraints of single LEO satellites, a com-
plex task needs to be decomposed into multiple subtasks. However, complex dependency relation-
ships within the tasks pose significant challenges for task decomposition. To address this problem,
this paper proposes a task-offloading strategy based on the decomposition of complex dependency
relationships. Firstly, a regional controller is introduced to divide a network into control domains,
which coordinates computing resources within and across domains in a unified manner and is re-
sponsible for task offloading. Secondly, tasks with complex dependencies are modeled as directed
acyclic graphs (DAG), and graph convolutional networks (GCN) are utilized to model and extract
features from these complex dependencies. Then, the task offloading problem is formulated as a
Markov decision process (MDP), and the deep Q network (DQN) algorithm is used to search for the
optimal offloading strategy. Finally, experimental results demonstrate that this strategy can effec-
tively reduce the delay in task processing.
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Figure 1. Computing architecture of LEO satellite network
B 1. D EMEITE R

DOI: 10.12677/mos.2025.145404 419 5 1 A


https://doi.org/10.12677/mos.2025.145404

NTEFRIE, RUFFE B E S A SN ={SN,,SN, SN, SN, } , Hoipn EEES
SNy = {Nyy Ny Ny o SNy € N o GU = {guy, -+, U, .+~ QUg | FRIBIIZ BEA AR Ao T = {t -t -t}
RS, VS ={V,,V, -V, Vo | RAES B A Boh, (n, o0, ) RN TR, B, (KRR, 6
B% (qu, .y, ) R MHUTEI 28555 % gu, B TR n, | B HBEERS
2.1 HEREEEE

FERTBR L, VLRI BERK ISL NP n | B R n, | IAERTIEER RN

chihk) _ Pt -Gl G- L, - Lpi(h'j)'(h'k) 1)
K-T (Ebj LM
NO J
2
(hD)(hk) _ ¢ 2
Lpi (4” . Sli(h'j)'(h'k) . F j ( )

Foo P S7E t TR n, | BOMEATIER, GG Fom TR n | FIILR n, , BP0 e 25 A iR
G, LSRR EE, Lp ) e ¢ i T n, | B TR n, R RS, ¢ bk,
SPDON) S ¢ TR BT N, R, FOMBEHUR, K ONBUREE RS, T AR,
(Eb/No),, Tk 45 oA e i i i b5 — MR S B T I LL A, LM Sy R AR B

AT 25 AR AE 72 A 2 e T 2 2 WD BB AL R, o 2 I B L S B Fm
H K K (h,j).(hk) U (hi)(hk)
tdq,n = ZZZ[M(h,i):(h,k) '(SIi }L Z:nzl(/’qu- Van } (3)

K
h=1j—1k=1 c Ci(r )

Frtt M g ORI sl RE AT, M, {00 oW RIRIES v, , R
B sl gD ¢ (0,1) L R HREBE AL I AE N

r)(n, Zl::lv ,n
tdé o) = C(r),(h,qk) (4)
Horpr €M) g ¢ i BT BE4% gu, B TR n,, .
22. DEEHAFIER

5 LEO TR ELAT (155 TR A AN BRI E 55 . 7ERTIRG FRAART, at,, (1) 7o th TLER m, AT DG
155

U

at,, (i) = Z(wg;k" -vqyn) (5)

Hortof € (0.1 FRMT5 v, , BB HBE T n,, dsf. o, (i) FRTERIRG T n,, CATEmN
BARE. fEt,, IR N, FOFES AR N

QFy (i+1) =max{QF, (i)-ct,, (i),0f +at,, (i) ©)
Hob QF, (0)=0. MR, TR n,, 0 RBIELRN:
bels = min (be™ — cel™ +e!"*, be™) -

HorreM TR n, | FERFBR G BORIOAE R, bel™ R RN REEAFMK(H .-

DOI: 10.12677/mos.2025.145404 420 5 1 A


https://doi.org/10.12677/mos.2025.145404

2.3. DEHEHER
TAES v, , 15 TR N, TSR T A

C,,-sd,,
Cd:,’: = f0K . ®)
q,n
Horpt £ BTN Ry, S AT, 45 TE% v, HVERERA:
qd:: :t;,n _t:,n (9)
Hobs NS v, , BIARIBHEL, 8 A TAES v, , FRUAHAT I FAES v, 76 TR 0, (05T ASFER
A
H K
Cegn = hZ;kZ;[(l— o) abs (11 ) -cdl + pSp PR } (10)

Forbt gk R TR, WEMBER RS, 05 n,, SHRE TS v, LRSS, 007 < (0,1} R 4ks
&, MEAT O MERE TR, ENTES v, B, 8 1R TS, B TR n,, ff, o
A BT AR 2 TR n, N, O RE RERRE, Sk,

H K

D20 =1

h=1k=1

3. ETERKTiX A BT FENEREE

W 2 fs, ASCH A DQN BBt S 2 HO/OC 2 43 fift 5 A1 55 B3 Y o iR Y e s B S K
R RIUES RN TAES, FHER A TAES AT E R . BARH Env #i, Training #iHAl
DQN Network e =714 ..

REL (FEHEEXKBER)

R&2: {(TREEER, TRREE)

Training HER :
{ D SRS, 5 SRR, 5 S0 32m) ) |
[

. ORI, %) ) R ——

PATBRR

Figure 2. Structure diagram of the DQN algorithm integrated with GCN
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Figure 3. Example diagram of parallelizable computational decomposition for dependent tasks
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Figure 4. Algorithm training loss diagram: (a) Training loss of network 1; (b) Training loss of network 2
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Figure 9. Comparison of task processing delays of different strategies under different numbers of sub-tasks when the
number of dependency edges is fixed at 10
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