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Abstract

With the rapid expansion of low Earth orbit (LEO) satellite networks and the diversification of their
services, how to achieve efficient resource allocation for network slicing in dynamic networking
environments has become a critical challenge. To address this problem, this paper proposes a model-
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based reinforcement learning (MBRL) optimization strategy for radio access network (RAN) slicing
resource allocation in LEO satellite networks. We formulate the RAN slicing resource allocation
problem as a constrained control problem that requires: the allocation policy to perform online
learning within the operational network, while maintaining the service level agreement (SLA) vio-
lation rate below a predefined threshold during the learning process. Building upon this formula-
tion, we propose an MBRL-based resource allocation strategy featuring: a kernel method-based
classifier for predictive modeling, and a model self-evaluation mechanism for error rate control.
Experimental results demonstrate that compared with other reinforcement learning approaches,
our strategy shows superior performance across multiple metrics including resource utilization ef-
ficiency, service stability, and average execution time, proving better adaptability to the unique
characteristics of LEO satellite networks.
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1. 5|8

LEO T A IEFERCA2ERIEME P EEA 7, HHE AL AT G E S Fh ki moR s 2ty
M PRGR . BEE M2 SEERARKAW KRR, M4 E w2 qe m— BB 25 & FH P
RUEZ AL RS, WSCRRTETT BLBCM . WIBC . R 2B E % 2 IR (15 . RERSAEREF SR
B 7™ AR 55 5 & (Quality of Service, QoS) 73K . H i, LEO T2 4% £ 4t 1) ik &5 24 3 ¥ i (Service Level
Agreement, SLA)YCREERE S NE L, BRI A IRZ 0. 1278 0 75 & 7 AR 5 . 1EIR . ]SS
Fabn, W CLIUALHE . R, LEO T RGN HFFEIE 12 8) F BUR [HEHR ST K ik, e
AN RIS AT, XA 7 A AR S AR, e A A SR 1Y) 43 B AN E BRI T
SRS B RR ) o RIS, 7R R AS [ T ELATE 2 A AL 25 7RI, % RS LASEEL R I e AR IR SS
fteh, MM FEH P ERFERREICRMIT, BAERHKGEZR.

VOAFE Bl A5 7] 55 TARHIEE AL T R DI BOR (2], IXIE A 1o 32 48 [ 125 O AN [R) b 9% 32 3t 5E
RN 48, RS Z R RSB . (AT ZEAE, LEO LE RGNS T #HSUI AT
ESINE TR

LEO BEMZ RGW MTIRIRZ, A FEFFRICLEA M4 (Radio Access Network, RAN)YI J
FIRIR T EE . fEIAF AR, —SCT M4 RAN VIR B R 5 RE T & KAz E v K 3R 25 1 0
o A — SR R TR (R LA 5 VR SRR R e (3] (4]0 SRTT, il DX 48 KIUASE I 8 I AR = A 5 IR 25 1)
FeRfE 5, ZMPACEORIRAE RN T B A RAN JJ 10 . fEE N T8 fe(Artificial Intelligence, ADFEAR
BIRFE, — SR SO R AR ) 4 o 5 JR ] 9k 4k 5 ik #2 (Markov Decision Process, MDP), {3 F ¥ F 5 ft.
%% >](Deep Reinforcement Learning, DRL)FER M PLIX LL 0] @[ 5] [6]. B T RS TRy, BT TER
ik, TR YR AT RS Bk, HIRI N4 RAN U1 SRS AN G B T LR 4%,
HOHOGT DE RAN U R BIBEFE[7] (8], Hoxd SREEAT Y i g m it & . 281, LEO P M
RAN VI F 1) SLA 3 ghz ) [al i R AF 22098 . AREFLE R FL T R — AR AL 2 ) RAN B5UR T
AR ], 3R T — AR TRl S ST B PR IS SRR A AR T 3 (9]. %07 SR g = RS,

DOI: 10.12677/csa.2025.155141 691 T LR 58


https://doi.org/10.12677/csa.2025.155141
http://creativecommons.org/licenses/by/4.0/

W 5%

BN T BRSNS VERUE S ZFEEIBRER . A 70 WAE R — A 2 g v TR AEIR . =t &
T 55 1) RAN YIR#E8Y, it 1 —FhEE s R 73 11 202 % 844 DDPG (Deep Deterministic Policy Gra-
dient) 5%, DABRA AR AEIR . Fnk & A0 55 Yu [ 10].

IR RAEHEAT U A R EE RS, MoK [ B 5 & RAN D) A 1 38 Ak Bt —— 5 J5 A H # (Resource Utili-
zation)F1 SLA i £ % (SLA Satisfaction Ratio, SSR). [AII, SCHTHF 7 i F EERR Hil7E T e 4148 A 7 A2
()55 4L 2% 2] (Model-free Reinforcement Learning, MFRL) /5 ¥, 4 A FH 4/ . 2 Gt 5 L SR B 3R 15 (1 B
KELNGE Geth(Agent), XFHITERIER AR, H Y9 GAATE ST L B2 2w, P EIEA
Rl & i& . MFRL @ 7 EREFEA, KW KO SIS I 2 R R, BFRRSUORES . XAl REa P EEK I
IR TE], 8 2 ka6 S SLA AR GV &M 1) BE e 2 I B, 300F FHL - A il 150 Tt 22 41 7 5 2 A1
e, BEE DEMSMBRE R, THEEHAMREINE R, FENLEO LEMEEEEENEIEY)
ED

Rk, ASCHRIZE—AN%ET SDN [ LEO TR MY F 28, MRAEAELS SR, wih—A4 %
T 584k 22 3] (Model-based Reinforcement Learning, MBRL) ) 5 B >k W % b ] @A Bk ik . 5 A L
T MFBL HJ5EI&ANF, MBRL i @G AAR T R Gi 502, T 0 R E R R FEA R, 18
B ) R SRR E M . ARIGE B — P B VP, PR AR . SR EE AT DU A R
MO R TR LS SR, AR R, RIS OR SLA W22, /b TR BERC E A SLA 291 KUK .

2. R 5EREEE

FEARTTH, AHELHIA T LEO L2 RAN MzEhA I 2. Ria, BETRS RS, A3 1
eMBB (Enhanced Mobile Broadband) 7] /i 1 52 Y5 F 2 A1 SSR. fJa, AU A B B2 J5H] FH 26 A1 SSR 1)
AL o) AT T AR

2.1. YIRS MERE

AT E 1 sy LEO A RAN BIEABCHZEH . ACFE T A 5H P # 4 (User Equipment,
UE) B &SRS, B9 % TN % H(Slice Window). ERFNIF & HFF4ART, it 1)
SDN 4 il #5 HH )48 B s 671 53 4 BC D) 1 T80 98 40 B RV A GmE

TERAYIE A, Hhlf SDN #ifil 2% o (8 R B M) R g2 &, JF BPAE U0 A (9 SLA
EE— M BOR TS OSE il T IXEemsE, Basike T — M &E DS BIRAOE. 56 s
& AT RE 5 B0 43 BiE ¥ U (Resource Block, RB), [R5 SLA LA HE 2645 515 2 .

N T LB R 2 Th R g HERI U SR B R A O ), BRI R R R A, AU R S AR
KEN—XF—, BN A GmEE s — WP E, 8RB A AR MK ThEE. [,
N TR LEO WS IRIM R Z SR, ASURBIEGNI R E LW, BREBIAL. {EFN IR
B, TR MR R AR . TEARSC SRR SE I, RN TR A B B

A P AT — AN /N X3, I B TR R FMED) i R RFEAE . 24 LEO
PRESH P ZIA KT R MR, LEO LR, dhle £ ={1,2,-, 0"}« Bk, FELFEH w
t, % LEO PEIK—A RB 724 H 7 u i, AlikAL40i# % (Achievable Transmission Rate) r;", W LAFRIR

AR T,
, PG(d}) "
T =10gy | 1+ ————"—|, ()
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Figure 1. Diagram of satellite network slicing architecture based on SDN

El 1. &T SDN MR EWE Y H R REE

Hr, P AfE%i )% (Transmit Power), G A & L)% 1 4 [T (Power Gains Factor), o Jy i i /&
(Gaussian Noise Power). % F& %I K U & % V% (Large-scale Fading), %415 th 52 31| 4% 12 47 #E 45 £ (Path Loss
Exponent) o M T2 [ 5 u Z BB d), IR0 .
TEVI R & How WHIAE R ] 1, — AP A 52 AT DAYT 1) — 8 LEO L. 24 LEO TLE [ gl 2 H]
Fu ) SLA FiREINS, 10 =0, B =1. B, GAK2 PrsmLsissktt.
L= 1" (1) <1, Yw,u,t,
e @)
I, (t) = {0,1} ,VYw,Lu,t.
FRS, EAEVIAEH w NAERRTE ¢, TR 1B o B RBEE, el 8 S0 rEE
S RIAE AT 3 FRIZ R

> B! (t)<B",Yw,lt. (3)

ueld”
B AR P ECE RB 85, B N TR ECE] RB ME,
EAIH, eMBB P HE— MR & A —N e R EE R, » Bk, RB DFEERTER
WS P . ik, eMBB VA1 SLA T AR R AAR 4,
R”

1u,

. 2R e YW, Lu, 4
NTIBREXATFE, SMHPFRER RB iR AAA S,
B, = [—Rﬂ )
Is

Lu,
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M KRR, LMD R LR, Kb, 8 7 REIEcR, St feik £ e il H
WIRTE RN LEO TRERM 7 #h, RIS R T RIFFIT RB MR IFHAT R, & 450 L2
FWAL, MYMHRET AN B2, PR SHY) & D s RIgHE RB $gd p,, HTH
Wil EA YR B AR S AL SLA @K, ERIFTA TR BB 7 Be 58 SR B By L K344 21
Jiie

2.2. [EREEER

R AR TR A ) BRI 23 TE SR B 1Y) I R AT DL R R Dy 52 20 AR B /R W] 9k P 3K 0 FE (Constrained
Markov Decision Process, CMDP), BIAR 6. iXA> CMDP HJ HIr T —K0E 7 < 115, 2RI &E IR
s/ HIERE, AN TAE SLA W8 FIEE FE S E I HIE — AN T2 1 B3 6.

. . 1 LS (i)
22%123@15{224 }

1 r]lvzl i=1 (6)
st. lim—E_ [Z 10(s, 40 )} <5, forallie K
N> N el

Horf, KRBV EE, NERFEORE. 7 FoREEARE, O REEEREsm. A RRE
BEARRT 35 i NV TESS n ANYIF 8 1 FTE N 7E (Action) RIS REFIBENL S B, SV BB RUIRTESS n
AU DGR, RN i A g B sV i BT R LA . 70 (Sg"),A,i”) HTHRY)
A SLA &80, 1<">(sfj>,agf>)=0 FORIESE n MR E D SLA FE R Wsh, AN 1<">(s,§">,a§">):1 o R
A A S, sV BIERINE AR S YL HOE R 1 RB S8 b1, FIY) R T AN O g
TR MG RB $& p! .

T RZRANERMBRGRESTIEEBENEE, KILTCkBEEE I L CMDP [ . B A5 X Se R ),
PR A AR5 1] 72 1) R R A4 0 2 MU T VR A AN T AT o

T ¥ RL ST 8, A BN ) AT R . H R TR SLA $87R BR AU R H b R 4L
W, 153 MDP @A 7.

rell N> N

n=l i=1

N
min lim [ZZM") +210(s, 4 )ﬂ )

A0+ 200 (S0, A [ TR RGBT m (91K, IR AT AR o, (5,08, ) » BORET
s,..a, XAEMEE IR . RE RL FIEHEETXT discounted MDP. R, AT LA 2B AL N 2
X 8.

max lim [E {i 7'r,(S,. A, )} ®)

rell N—>w
n=1

e,y RIHIET, S, A, T8 RAHLEN B n U7 BEHLILEE-Zh 10 . 4741 MDP i 8 8 16 5 Ak
S, B R SO R G TR AR

A FAF— A, R — AR A . AR AR b — I B TR B8 s, TR
(IR IREIE o) 75 B L SLA. 7ESLIERE L, JRATAT LUK CMDP 188 6 B 46 hy— A Hosb AR 2
T R, AT A5 1) — AR T 61 9% (Model Predictive Controller, MPC). ZEIXAMEhI#eeh, #d nl)
RGN E X LT RIS  SLA (e k). IR, XFOERAZEERERR S, TS
AT A2 S BT £ 1) SLA 15 L -

Ft, AScs R ikl (50, al”) A false negative HIBEAR a0 o) 1A 9.
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Ul (h(i) ol a(")) — ]p([(i) (S;Ei)aafj)) =1 hr(zi) (s(i) a(")) - 0) 9)

n 29n=1>%n n=1°>"n

@%ﬁm,zﬁﬁﬁﬁm&nm,&ﬁﬁmMAﬁ&%m,wﬂ%ﬁh&yﬁca%,w%ﬁ%:
e e

ARSCAG I B AL Ry — A BD AT T ) 1 R, PN IR a, BIZR AV, 9F Ha, RO TE
#a", W A ERAZ AL RS L SLA 1, JF A IEMER I HITE R IR & UUF o /58] BRI 17 g A 24
= 10,

K
: Q).
min Ea,
A)-a) 5

) (50 O 0) ;
s.t. e (hn S S, 15, )Sc’i forie K, (10)
a,(f) >0 forielk,
Zafj) <C.
iek
FATTTT LU b3 e B AR K AT IR, A B TR R AE - R 22 ) TELR A 5T, Sl B By
R

3. BETHRBERLST S F1iF 5 B R

GRS ST AR, Wl 2 B, ASCEExT LEO A i) RAN B3 TR f oAk, 2% =) VR ) lic 5%
W& 7 R = ANER 5, 43 25 i 28 (Controller), 1B i% 2% > 28 (H-learner) fll % 22 2% 2] %% (E-learner) . HH1, %
oSBT R R EE, KN, ={h§1),---,h§i)} s MEFIIBPTETRERBES B, B

£ ={éf,l),"',éy)} o e, n RIRE n NRFEHT B R RRBUE 51 T N R Gon) SR ) 2 e S AR A 1 RE T
JE SLA 753K 2 2 pR U 61 5T TAS 7] 22 45448 & (Security Margin) 2 T iR ZEME 5 . 628 75 =AY
B iiys E—ANr BUW A RIS 2B 1) R GUIRES DSBS ST 2 AR 22 22 2] 28 TR I R AR, O HARE &R
GAW, [RBEANERZERE, BRESERTE.

73 TC WS (RS AY () BEAR AR W RE 1 oo ARSI B, I 28 A AR B s B8R H, 5%
BREUER E, , T B B R U ERES s, ERIERISIER &R a, , LM M2 m, &Y SLA
HR TR EE Y, o RSy s, a, EHTBOREEE H, s REFIESMAE Yy, m, THR
ZRBELE, .

3.1. REFIH

H-learner JFATI84T K MNMELS R IR, BAFIEX N H, ) — MR R . XL R A A
B iR S, | a, MILGLBI PR F) &y, HEAT BORTAIZE 2], JFARME b — B BU g B RS R & S,
Hi R E R BRI R a,, SR AT H SLA FRMFMIE y, o A, BERRHEMEERN
Projectron 5.y%[11].

TEREN B n+1, BEFAHEMANGENMI R ieC, E—MREN B, BRI B n BRI R0
B, BB SR R o) RRREISE Y .

N1 PR TR ST X TR /RO AT SLA W 2 X RIS ST Re ), ARG T REAR G R 0E o X
TR ek, WHE YD =0, MFERRENB n B n+1 Z YT SLA O %y =1, 0
TORARBR L o N T AT B SN S, WRENER & o, 15 y, =0, BIERSEEN Bt n 70 BC O B2 I50 2 1
VIR ) SLA TR, BT a' >a, WAL NS R A y, =0, BIRT o, BJEE, B RB
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W 5%

B, Wl R B RIET R AR, R e By, =1, WM Ta'<a, HHy, =1, @K
P Y FEREAS, REHY SRR S R BO BRI E 5 SLA 5 /2 5% RIE ST RE H7, FA% 7Y BE 58 4 b 3 B o 2% )
R BhEZ. Bk, T8 MIFiek, My, =08, XA RTHIMEEEATER:; Ly, =18, XF
B /N T A # 2R 47 ST

N T PRERB ARG, AR, BB IE A Projectron ik, Projectron A& —FURFik ) 3
TRV FINLAI H % (Kernel-based Perceptron). Projectron HyATEMRETY ) TNAE 5 IEFIE AR, SHH
WA by =h, +y,x(x,.0)» b x, =(s,.a) « F, @R =3 _ or(x,.x), THREa,, £
BT R . Hd, X ORI RS, « AR Hh S EEEARTERE,, AR,
ISR AL, Kn, 5RO A, B x, AR &ESES, JEH¥ A, TN o Projectron HIETE
A O S B A 2RI I N PR SRR 1) B A X o SR IR B TR, A AR R — 8 B DR SR AR B A g
N, SX A1 BE A8 7 AR T 552 A FE W (RIS OR 97 20 RS B2, A ROE LB AR A B SR /- BUFRBE, AT
PRFH LR SIS g 7 A0 B

S, %

Bg¥IE |
Hn

"

hle)

1o % a,

] hlRg R
n m,

\\\

I

Figure 2. Diagram of model structure

[ 2. RBVEIKEEHIE

3.2. REFIE

1265 ST B RTIE AT K AMETHER S (m), IXEER BN SIS BINE §, . ECSWMAA y,
Pz AW m, . WNASCISERR 7 BB S ) B R A B R, o T a<d, #6
W (shsa)=h (sha') =0 ik, Ao, A e (R, sl a) < e (R, s a) ) EDBhERS R
IR S , BB B R R
% :a(i)—min{a:h,(li) (sff,)],a):o} (11)

n n

BT LTLEE, AT A (sV).a) =0 MBNG o) RATE USRI o MEAREN o' —a,
AR NAR 1.

m
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#¥: 1 MBRL

1: fIN: BREEB, Taﬁfﬁl%& Anax = (a,(,}{ix,...,a,(,%x
2: WighAk: = (D, ) g = (e, ., ey

3: MEHIIERES: FTIHIIEUERE s,

4: for n=1,2,..,N do

5: for i =12,..,K do FilaiRIUAR Tl 45 R

6: m — min{m: é(l)(m) < 8} MR R BRI 2 R

7: a,(f) 37,?)

8: while )7,?) =1 and a(l) < a,(,?lx do

9: (l) = a(l) +1

10: 37,5” <O, aly SKBEERO T SLA i 2 N EaD
11: it 99 =0 do

12: m « min(m®,a®)  — aly IR E 2 A
13: al? « ol +mQ BNSIEDN b2 A M B B K B
14: end if

15: end while

16: end for

17: ity a > B do

18: a® <y ol S5t 5 i A R SR A A B R

19: m” <—m(l) @ — a0y FEi A

20: ol a® EH R

)1 7O« hP (s, aly PIAD X AR (T

22: end if

23 HoTHI P ) %  BC B Ra,, , ISR 2R Sy, 5IRAESs,
24: j‘[n+1 — H-Leaner(Hn;Yn: Sn—]_’an) %U}EHYn: Sp—1,4p E%ﬁ’f?ﬁ&@ﬁ
25: gn+1 < E'Leaner(gn'y\n')'n'mn) ﬂEIJ)EHS\In'YnJn'lnﬁ%ﬁﬁéﬁglﬁI

26:end for

FEFRER AL &) (m) AL AARIE m R EOBIIE o BOMBLB IR B ettt o) ()50, o) < 1 Ay e
QT HH IR, TR HC e 50 =0 M B I DU 0 R
HRAMTHR AN 12,

& (m)=(1-p)& (m)+ By (12)

Fooh gORESI %, 18 90 =0, BANEIERI R, MRk, /e o o, ez
% 51 89 41 R FF 00T I ST SR MR A g eme, B 50 =0, 24 50 =0, WFTAT ml? < m <al) 1
m BT 2y 1, WA 0< m < ml) 19 m AT
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3.3. ITHIEE

P 52 AR SC BT R 70 e SRS (1A ORI, A7 DOMR B 5 5 ST RTR 22 57 31 4 P i 26 RSB0 2 TG 1R 58
P s 0 322 H AR R ORAEYI A ) SLA ZORAG 20 L RN, S KA BT RIA IR, JF G R IR L 5
IR, Bk, ERAREME o, #BHI3EE LB RGIRES s, AR ] S HIR 25 1841
Bk, AEREIR IR a, o RIS, SEEIEADCE SR 1 SLA W TE I, AR RZE Y
w4 A 22 A I my, 0 BRSO BCHEAT OR ST IR, AT OR SLA i LA OREFAE T4 32 VBN .

N T SEBZ— B, 618 B L 2R AREM. RESENESEARBLASGHEERE B, B
VAR Y 0, < B o ARG SR E RIS, 18 Sk AR B AT AR ), B @) f
®my a’=p, HiEtakis.
a0 g

ER

WX — RYVPYR, 6 SR ECRIEY) F SLA B3R B, (AL BERFI I ZCE, RN S @t R4
ARG N RE S o F 2, T A BRI a, MU TR T P BB IR R, I
MRAE AT FEHT PR . SLA W R B LA SR Z AN T, 3B A 2R 45 10 B 1A B U5 4 TC s

4. Mk 51144
4.1. LIRS

#J83) LEO MUl i R R M, AR SR R A 07 B ASAUE Jie — B ) AT 0, [R5
UEBAUY) B R 2R A python ZwASAsl, 1ERRDI R & DA e, bl i BAEALE
SAEYI R o SR 30 km VG 2 BN S, FHSREL TR N2 S AR e . ASEES TR & B
N 350km, RN 30 Ao [R5 RARIEFR B A B A B, 384T 1 1500 MR E . A
NHAREI SN 1 FioR.

N T IGIE SR AR, AR SCEELT LR YA IR SR A 2 ) AT R L

(1) A2C (Advantage Actor-Critic) [12]: — I T SEE 6 BE R A S 5L, 456 TR Rl v Ay
B RHOENT, LI S 0E N 48 4R 2 ST 3R .

(2) TD3 (Twin Delayed DDPG) [13]: RUAEIR A FE i 8 VE SRS B FE B, X DDPG BER o, @
I Q W4 AEIR S FE T A H AR SR V1 s/ i il 22, 308 17 B AR e 2k 27 o0 i 4 B 1 2 1)
HH R SR PR R

(3) TRPO(Trust Region Policy Optimization) [14]: —Ff3&T- SR W& A B 54k 22 ST Bk, o R ) 5% ek
B R R85 R CRAIE S R AR e P, AT B A R A A 2 s DA SIC I K 1 B8 AR 22 il P e KA o

(4) SAC (Soft Actor-Critic) [15]: —MlE AL R M TR AL 22 ST B/, 456 1SRG IR FEAIE 1R
ool i R A B T 2 h A RN SR R R 2 ) AR S, USR5 1 T

AR A FE ML DYAN 77 T DF-Ai SR 1 R«

(1) BERHZE: EARLHISET, WASERCR. ROV IESEE 2, B SIaF R AT A
&7 I B A R 2 IR .

(2) SLA iE29%: &K REANY) Fi HH) SLA 32973

(3) Zil SLA 2% &N 5KmE Rt SLA B4R

(4) “PIIPATI R SEEE Y] R T AT IR A]

(13)
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Table 1. Experiment parameters

F 1. LHBHER

S SH i1
a 0.25
G 433 dBi
B 200
P 2W
Ry 10 Mbit/s
Bandwidth 180 KHz
B 0.01
n 0.1
5 0.01
T 10s

4.2. KWERSHH

ASEEG S RB 0, RIS RCR 45 R & 3 s B SEIR Lt T 1 10 ik, BCFIME.
M3 AR RAAR AN SR PR B R FH 2 AR R R, B AR B IR 43 0 1 D R R KA B AN 298,
MBRL £l 70 FL i) RB B 46 K370 B KT 100 RBs. HARPIAN S+, A2C HiLAl TRPO B AL
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