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Prediction and reinforcement learning-based optimized

resource allocation for SG hybrid network slicing

CHEN Zhixiong'*?, XIE Yupeng', GUO Yihe'
(1. Department of Electronic and Communication Engineering, North China Electric Power University, Baoding 071003, China;
2. Hebei Key Laboratory of Power Internet of Things Technology, North China Electric Power University, Baoding 071003, China;
3. Hebei Engineering Research Center of Intelligent Technology for Power Internet of Things, North China Electric Power Uni-
versity, Baoding 071003, China)

Abstract: To address the high learning frequency and high computational complexity of existing algorithms for rational
slice resource allocation and service-level agreement (SLA) assurance, this paper proposes an intelligent time-frequency
resource allocation strategy that integrates time series prediction with reinforcement learning. Under constraints on SLA
violation probability and 5G resources, an optimization model for slice resource allocation in hybrid 5G scenarios is es-
tablished, with the objective of minimizing the time-frequency resource usage. First, a stacked long short-term memory
network is employed to predict key SLA indicators such as signal-to-noise ratio, queue buffer occupancy, latency, and
the number of connected devices for enhanced mobile broadband, ultra-reliable low-latency communications, and
massive machine-type communications scenarios. Next, the states, actions, and reward function of the Gaussian-kernel-
based reinforcement learning algorithm are defined. The learning process is guided by the predicted SLA indicators and
a randomly initialized probabilistic gating threshold to derive a near-optimal resource allocation policy. Simulation res-
ults demonstrate that, compared with existing algorithms, the proposed approach achieves better overall performance in
prediction accuracy, convergence speed, and resource allocation efficiency while ensuring basic performance metrics
such as SLA violation probability and resource usage. It also reduces the frequency and complexity of machine learning
operations.

Keywords: 5G hybrid scenarios; network slice; radio access resource allocation; service-level agreement; reinforcement
learning; predictive; randomized initialization probabilistic threshold; learning frequency
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Table 2 Configuration of key parameters for RAN slicing traffic
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Fig. 7 Comparison of predicted and actual data

a8 Fras, YIZEg gk th £ 78 &0l B9 JLA™ epoch
IR B, SRS BT T AR, R P Stacked-
LSTM il il 155 24 1F 75 34 20 2 ) BB R4k, JF
W DR 22 o A 2 ih 2 e A e A S 1) b T
e TR bl A U 2R AT W T RO TR,



. 747 - R e, 45 - T P00 5 58 Ak 2 > 19 5G R & VIR BRI Ak 73 i

%34

TG B 3 S O, 1% 156 B Stacked-LSTM i il 5% 4
e AE Bk 2R, AR A iR T, %
A7 BH 5 ) 3 LA B R PLA T I & A

0.20 ¢
— YNk
015} AR

— A_A__a
M—— =l

0 10 20 30 40 50
Lt/

8 Stacked-LSTM &% 15 5 o 4 th &
Fig. 8 Loss curves of the Stacked-LSTM algorithm

h T % b Stacked-LSTM A5 AU {14 T 0 A e
RE, BCE T 5350 4 Fhasiniess AL . 4F PR P 22 X 45 (re-
current neural network, RNN) ., [ J# /¥ ¥IC (gated
recurrent unit, GRU) ., % ¥ & B $2 F} (extreme gradi-
ent boosting, XGBoost) A4 5 #1212 M 4% LSTM
X RS S:  16] 9 Ry 5 83 % MR b Tt 7
ZE (WUE S HSHE R 2 57) s . &
k3K &, Stacked-LSTM Tl I 452 71 (1) 5% 2 43 A 2 3%
IEZS A, UL ER 22 2 BEHL A 1Y, B0 B Y &R
G2 . 7T LLE 3 Stacked-LSTM Fl il 45 74 7
TOOI B ()RR oy % 22 B T 4y A 7E [-0.2, 0.2] B
Z ), Wi B 28 D, R 2% R B A e (1 B
il £k, ix W Stacked-LSTM T AR Y 14 15 ) % 22
JEXFRAY 2 A K. 5 RNN, GRU, XGBoost LA
S LSTM 4 R 5% 22 0 Aii 1 HE, Stacked-LSTM #5
BT 5% 2 43 A B B v, T AR 4 FBEAY 1 43 A
FAXT 431, F W] Stacked-LSTM T A5 704 14 i 2 %58
N, TR RE R BN R4

17.5¢ RNN
15.0 w= GRU
#1250 XGBoost
ool == LSTM
g ,s Stacked-LSTM
= Sk
E)-s
=7 5.0
25¢
0

-0.75-0.50-0.25 0 0.25 0.50 0.75 1.00

B2
B9 W%z
Fig. 9 Residual distribution of the prediction results
%] 10 & Stacked-LSTM . RNN. XGBoost, GRU
FTLSTM 5 B FUi 38532 ¢ 05 W L 39 00 445 SR 19 34
JiRZE ., AT LLFE F Stacked-LSTM T il 5 1 1)
MSE {4 it T RNN, XGBoost, GRU 1 LSTM iX
S AL . JF HLBE A SRS I, Stacked-LSTM Tl

DA AU () MSE {2 (R B Fa e, IF A W 8
o LI U255 Y Stacked-LSTM Tl il 452 744 5 5
B F50 00 sk A rh R I R A, T H BB A
W 25 . 7E 150~200 4K H Stacked-LSTM il il
BRI MSE {8 B 3038 fin, 3 J2& i T Stacked-LSTM
O AR R 2 AE T — A P 225 R ) FE L 4k S
FAY, L BH TN 1) 15 25 AN AT s G b o 2 S U
MAEZ AR,

0.16¢ RNN
0.14 | XGBoost
— GRU

@ 0.12¢ — LSTM
< 010l — Stacked-LSTM
%\ﬂé 0.08 |
= 0.06 {
B 0.04

002 g T

0 25 50 75 100 125 150 175 200

LTl
10 FUWEE R MSE
Fig. 10 MSE curves of prediction results

HT 75 PFAh Stacked-LSTM-GKBRL #5571 4%
T T PR RE, A SCK LS 4 B iR fb A o) Bk,
Hl TD3(twin delayed deep deterministic policy gradi-
ent). NAF(normalized advantage function), SAC(soft
actor critic) LA & A2C(synchronous advantage actor
critic) 5%, A AR BT #Y GKBRL #E47 L
B, FNERETY<25,Y<50f1Y <804k 3 Fl
Xf B O o

TEP 11 A58 43 FC BT, % A Bk 2
T 90% AR 7K 19 24 {5 il 2k LA KR AR K]
A LUE M TE 7 ARy 4 L v, OC TR I SGR
JEMERE I, A2C M NAF 553 i S0 3 55 P s i
NAF ., GKBRL #il Stacked-LSTM-GKBRL Z %] fili £
TEHT 3000 2Rk 20 S, METER
St BB A S TD3 ik 325 6000 448
WA A B WS, ER I SBC E, NAF fl
A2C R HEATFE E1E 120 > RBs 24, KB R 76
TS HE U B IC B BT A 107 TD3 Al SAC il £ 2
1t 120~145 > RBs [X [i] N & I TF, 763 4 2
SLA WY 2T 3 BC A B I8 T F R 150 1 RBs,
R Ry FE L T B, AL Z T, TERT 3000
LW IR 5K, GKBRL F1 Stacked-LSTM-GK-
BRL F I 2 Peidt b T, b5 50k 5 98 A0 Wit
B, WP E T E . Stacked-LSTM-GK-
BRL e B 1k 7 W48 Ui B E 8 B2 IR, AT A
T RIEA . A ZT, AR X BRI% SIS
R BARAHZE AR, B HAE IR/ I IR 2% 18



521 % B O R & ¥ i . 748 ¢
S0 VR IR, Y TR A ORG24 Al 2 B 378 38 AR A SC P ke M ORERE 4
A — Stacked-LSTM-GKBRL-80
P — GKBRL — TD3 — NAF
SAC — A2C
160
140 1
> 8t
120 K ;
i
iz 100 = of
= 50 L3
= / — Stacked-LSTM-GKBRL-25 < 4}
E ol Stacked-LSTM-GKBRL-50 2
— Stacked-LSTM-GKBRL-80 b
— GKBRL =
40 ¢ — TD3 Bk 2t
— NAF
— A2C = : . . .
0 s ; : : " 0 2 4 6 8 10
RBWN0?
/10 ¢
-t s B 12 RitSLAERER
B 11 4 MEEARSE . : o
. . . Fig. 12 Cumulative SLA violations
Fig. 11 Resource allocation results of four algorithms
M GKBRL fil Stacked-LSTM-GKBRL #5144 3 3%

LA LUE Y, GKBRL B3 B4 43 T 14 Bsf 471 ¢ 15
FH#% T Stacked-LSTM-GKBRL 2 §1) 8 vk 2 /1| [fij
H. Stacked-LSTM-GKBRL A& 43 it i) %5 J5 Fiti
Y 50 1N TG, A B R A3 WOORS B M e
Bz T 1%, X EHT454 T Stacked-LSTM Tt il
RS, A TARTE . SLA T 7 5 58 %5 4P i 9%
U5, FEGEUR 5 FOKS FE M BB AN /2 SLA P fg b kAT
THrvb. [AIE T35 RS UR A DX TR) 3G n, 75 2%
JECHE 22 AN PR R A 22 IR AR, DT S B AR 7 2L
IYECRY IR I, {HIK 11 rf Stacked-LSTM-GK-
BRL Z 41| fh 26 5 2 55 30T, 1 WA Fir 7 22 93 B4 A 261 9
WA EREN 2, A2 TR, It
#b, Stacked-LSTM-GKBRL-50 fI Stacked-LSTM-
GKBRL-80 I i1 4kl %3k, B 24y KT 50 Z
Ji , B Y DX B 25 75 22, i 28 43 TE 1Y) B YR I AT
AH 3 A 358

& 12 R BT SLA i g ol . A AT LA
I & # 5 HH NAF, TD3, SAC fl A2C & B &
F Stacked-LSTM-GKBRL £ %1 i1 £, 1570 Stacked-
LSTM-GKBRL 7Ei#f 5 ifi ;2 SLA R R [F
i}, Stacked-LSTM-GKBRL F 51 il £k B4k LK T
GKBRL Hh£E, 1B fifi Fi| Stacked-LSTM Tl 452 7l
J5 BENE AT R AR 3 S SLA AT B, 1 REAS 21t
— ek

Ak, mFf A Stacked-LSTM T i A% 780 5,
BRER AT B2, AMUTATH %
U5 BRAR TR R 28 B, 7 SLA Wi 2R LK
SRAEWZ 2 GKBRL 5k, H B 7E R4k b Ik
GKBRL B EERM R . 5 RESIS
SLA i MU= AN 4845, YEUEA KT 50 R AT
A

AT A 3 T Stacked-LSTM 5 GKBRL
AH 25 A 1) i U0 R B B8 R A0 Ak 2 BE SR s, fig
B A 307 XoF 288 U0 308 5 A5E HRAG  3E 7K e v X 2 R S
PR AR AT R A BT IR R B PR K . B AT 5] AT [E]F
G TN R B e 1, 4 A iR AL
ARALFIE A BL PR, ST AEORBE SLA 8451
I T X B A0 U ) = AR FH o SRR A SR IR T
AL AE TN B A e bR RR Oy T L, R 5G
TEURAE B AL T —Fh BAT SEH N E R R T R

£ % Lk

(1] BRI, Wi, £, 4. JE T4 R ) i TE AL

il RAN Y1 7 7 [0]. 544, 2023, 51(7): 1774—
1780.
YIN Min, SHEN Hang, WANG Tianjing, et al. Hierarch-
ical federated learning-based RAN slicing for drone-
small-cells[J]. Acta electronica sinica, 2023, 51(7): 1774—
1780.

[2] GUNDALL M, STRUFE M, SCHOTTEN H D, et al. In-
troduction of a 5G-enabled architecture for the realiza-
tion of industry 4.0 use cases[J]. IEEE access, 2021, 9:
25508-25521.

[3] WANG Haozhe, WU Yulei, MIN Geyong, et al. A graph
neural network-based digital twin for network slicing
management[J]. IEEE transactions on industrial informat-
ics, 2022, 18(2): 1367-1376.

[4] MAHMOOD A, BELTRAMELLI L, FAKHRUL
ABEDIN 8, et al. Industrial IoT in 5G-and-beyond net-
works: vision, architecture, and design trends[J]. IEEE

transactions on industrial informatics, 2022, 18(6):


https://doi.org/10.12263/DZXB.20221083
https://doi.org/10.12263/DZXB.20221083
https://doi.org/10.1109/ACCESS.2021.3057675
https://doi.org/10.1109/TII.2020.3047843
https://doi.org/10.1109/TII.2020.3047843
https://doi.org/10.1109/TII.2020.3047843
https://doi.org/10.1109/TII.2021.3115697
https://doi.org/10.1109/TII.2021.3115697

749 ¢ MR b, 4 B T 00 5 RS 2 1Y SGIRA U v B IR AL 4 T 5% 3
4122—4137. instance policy for intra and inter slice resource manage-
[5]  EFW, FEL ETFEATIR ML 53R Tl ok ment in 5G[J]. IEEE transactions on vehicular techno-

(6]

[7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

WE[J]. 52431, 2023, 44(5): 234-245.

WANG Zaijian, GU Huimin. Network slicing resource al-
location strategy based on joint optimization[J]. Journal
on communications, 2023, 44(5): 234-245.
THIRUVASAGAM P K, CHAKRABORTY A,
MURTHY C S R. Resilient and latency-aware orchestra-
tion of network slices using multi-connectivity in MEC-
enabled 5G networks[J]. IEEE transactions on network
and service management, 2021, 18(3): 2502-2514.
DATAR M, ALTMAN E, LE CADRE H. Strategic re-
source pricing and allocation in a 5G network slicing
Stackelberg game[J]. IEEE transactions on network and
service management, 2023, 20(1): 502—520.
AYEPAH-MENSAH D, SUN Guolin, BOATENG G O,
et al. Blockchain-enabled federated learning-based re-
source allocation and trading for network slicing in 5G[J].
IEEE/ACM transactions on networking, 2024, 32(1):
654-669.

AZIMI 'Y, YOUSEFI S, KALBKHANI H, et al. Applica-
tions of machine learning in resource management for
RAN:-slicing in 5G and beyond networks: a survey[J].
IEEE access, 2022, 10: 106581—106612.

WREHE, 52700, 2 ik, ik T IR Ak 7 ST ry s 2k
HIRL B F MAC EHEAR L] BRERG#R,
2025, 20(2): 344-354.

CHEN Zhixiong, ZHAN Xuezi, ZUO Jiashuo. Adaptive
MAC layer access algorithm for power line and wireless
dualmode communication based on deep reinforcement
learning[J]. CAAI transactions on intelligent systems,
2025,20(2): 344-354.

YARKINA N, GAYDAMAKA A, MOLTCHANOV D,
et al. Performance assessment of an ITU-T compliant ma-
chine learning enhancements for 5G RAN network sli-
cing[J]. IEEE transactions on mobile computing, 2024,
23(1): 719-736.

DONG Tianjian, QI Qi, WANG Jingyu, et al. Standing on
the shoulders of giants: cross-slice federated meta learn-
ing for resource orchestration to cold-start slice[J]. ACM
transactions on networking, 2023, 31(2): 828—845.

HU Tianlun, LIAO Qi, LIU Qiang, et al. Information bot-
tleneck-based domain adaptation for hybrid deep learning
in scalable network slicing[J]. IEEE transactions on ma-
chine learning in communications and networking, 2024,
2: 1642-1660.

KRISHNA M B, LORENZ P. Deterministic network slice

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

logy, 2025, 74(3): 4904—4916.

ZHOU Hao, EROL-KANTARCI M, VINCENT POOR
H. Learning from peers: deep transfer reinforcement
learning for joint radio and cache resource allocation in
5G RAN slicing[J]. IEEE transactions on cognitive com-
munications and networking, 2022, 8(4): 1925-1941.
CHANG Xiaolei, JI Tian, ZHU Runsu, et al. Toward an
efficient and dynamic allocation of radio access network
slicing resources for 5G era[J]. IEEE access, 2023, 11:
95037-95050.

A= ohh. B TR AL A o] TR B ALS R A SE (D). L
HU USSR, 2024,

LI Chongchong. Research on random algorithm in model-
based reinforcement learning[D]. Beijing: Beijing Jiao-
tong University, 2024.

ALCARAZ JJ, LOSILLA F, ZANELLA A, et al. Model-
based reinforcement learning with kernels for resource al-
location in RAN slices[J]. IEEE transactions on wireless
communications, 2023, 22(1): 486—501.

KATTEPUR A, DAVID S, MOHALIK S K. Model-
based reinforcement learning for router port queue config-
urations[J]. Intelligent and converged networks, 2021,
2(3): 177-197.

CHEN Yuxuan, LI Rongpeng, YU Xiaoxue, et al. Adapt-
ive layer splitting for wireless large language model infer-
ence in edge computing: a model-based reinforcement
learning approach[J]. Frontiers of information technology &
electronic engineering, 2025, 26(2): 278—292.

i, KA, VR, A5, — BT AT E EE 5 1l >
J5[J/OL). 54 TAE, 1-9[2025-06-16].

WANG Di, ZHANG Zhen, WANG Yang, et al. A rein-
forcement learning method based on model credibility
[J/OL]. Control engineering of China, 1-9[2025-06—16].
YU Peng, YANG Mo, XIONG Ao, et al. Intelligent-driv-
en green resource allocation for industrial Internet of
Things in 5G heterogeneous networks[J]. IEEE transac-
tions on industrial informatics, 2022, 18(1): 520—530.
FERREIRA D, BRAGA REIS A, SENNA C, et al. A
forecasting approach to improve control and management
for 5G networks[J]. IEEE transactions on network and
service management, 2021, 18(2): 1817—-1831.

A8, WA, B, . BT RS AE ) 1Y D2D
B MEC R4 SRy BORA (], W 015 B 5 AR HOR,
2023,21(7): 51-58.

JIANG Hua, YANG Jiawei, HUANG Wei, et al. A D2D-


https://doi.org/10.11959/j.issn.1000�436x.2023089
https://doi.org/10.11959/j.issn.1000�436x.2023089
https://doi.org/10.11959/j.issn.1000�436x.2023089
https://doi.org/10.1109/TNSM.2021.3091053
https://doi.org/10.1109/TNSM.2021.3091053
https://doi.org/10.1109/TNSM.2022.3216588
https://doi.org/10.1109/TNSM.2022.3216588
https://doi.org/10.1109/TNET.2023.3297390
https://doi.org/10.1109/ACCESS.2022.3210254
https://doi.org/10.11992/tis.202312023
https://doi.org/10.11992/tis.202312023
https://doi.org/10.1109/TMC.2022.3228286
https://doi.org/10.1109/TNET.2022.3200853
https://doi.org/10.1109/TNET.2022.3200853
https://doi.org/10.1109/TMLCN.2024.3485520
https://doi.org/10.1109/TMLCN.2024.3485520
https://doi.org/10.1109/TMLCN.2024.3485520
https://doi.org/10.1109/TVT.2024.3495223
https://doi.org/10.1109/TVT.2024.3495223
https://doi.org/10.1109/TVT.2024.3495223
https://doi.org/10.1109/TCCN.2022.3204572
https://doi.org/10.1109/TCCN.2022.3204572
https://doi.org/10.1109/TCCN.2022.3204572
https://doi.org/10.1109/ACCESS.2023.3309294
https://doi.org/10.1109/TWC.2022.3195570
https://doi.org/10.1109/TWC.2022.3195570
https://doi.org/10.23919/icn.2021.0016
https://doi.org/10.1631/FITEE.2400468
https://doi.org/10.1631/FITEE.2400468
https://doi.org/10.1109/TII.2020.3041159
https://doi.org/10.1109/TII.2020.3041159
https://doi.org/10.1109/TII.2020.3041159
https://doi.org/10.1109/TNSM.2021.3056222
https://doi.org/10.1109/TNSM.2021.3056222
https://doi.org/10.16543/j.2095-641x.electric.power.ict.2023.07.07

521 % BOfiE R & ¥ i 750 ¢
assisted MEC network resource allocation algorithm tion for radio access network[J]. Journal of signal pro-
based on deep reinforcement learning[J]. Electric power cessing, 2024(4): 719-732.
information and communication technology, 2023, 21(7): [30] FP2EHa, F5/NNI|. —FpiE R IHLE LSTM AY 5G M4
51-58. BRATHRUITIAL]. BRER IR, 2024, 19(5): 1309-1318.

[25] MARTIN-PEREZ J, KONDEPU K, DE VLEESCHAU- DENG Cuiyan, QI Xiaogang. 5G network subway power-
WER D, et al. Dimensioning V2N services in 5G net- saving method based on attention mechanism LSTM[J].
works through forecast-based scaling[J]. IEEE access, CAAI transactions on intelligent systems, 2024, 19(5):
2022, 10: 9587-9602. 1309-1318.

[26] BRa&MG, K5, Wi, 55, BRAARAP T Al G IR 27~ i EEZ -

LSTM Ky Hdla it A GE IR Z 0 S A BT, B e R 4 B b, BT, RS T
4%, 2024, 19(3): 565-574. R O S . B ER
CHEN Zhipeng, ZHANG Yong, GAO Hairong, et al. In- FARBLA R G I H b E A AR
tegrated energy multivariate load forecasting combining %i\%;ﬂ@jjjﬁ E/ 10 %Iﬁ‘o 3 %%*
federated learning with LSTM in privacy-protected and X 30 é%}ﬁ  RRERZRCRIEN
6 Tji, E-mail: zxchen@ncepu.edu.cn,

low-data environments[J]. CAAI transactions on intelli-

gent systems, 2024, 19(3): 565—574. B BT

[27] WU Qiong, CHEN Xu, ZHOU Zhi, et al. Deep reinforce- [0 SG IF . B-mail: 2751263429@qq.
ment learning with spatio-temporal traffic forecasting for com.,
data-driven base station sleep control[J]. IEEE/ACM
transactions on networking, 2021, 29(2): 935-948.

[28] MENDOZA J, DE-LA-BANDERA I, PALACIOS D, et
al. Forecasting framework for mobile networks based on
automatic feature selection[J]. IEEE transactions on net- E T X ] WA B -
work and service management, 2023, 20(2): 974—984. Hﬁzﬁ T 4y B PG L Y L R L ) 2

201 BSJR, K, BRI, T RIRNAY e A RO i E-mail: yihe_guo@163.com.

VIR IR AT B ST 0], (5 S4B, 2024(4): 719-732.
ZHAO Chen, ZHANG Cheng, HUANG Yongming. Re-

search on traffic-aware intelligent slicing resource alloca-



https://doi.org/10.16543/j.2095-641x.electric.power.ict.2023.07.07
https://doi.org/10.16543/j.2095-641x.electric.power.ict.2023.07.07
https://doi.org/10.1109/ACCESS.2022.3142346
https://doi.org/10.11992/tis.202208049
https://doi.org/10.11992/tis.202208049
https://doi.org/10.11992/tis.202208049
https://doi.org/10.11992/tis.202208049
https://doi.org/10.11992/tis.202208049
https://doi.org/10.1109/TNET.2021.3053771
https://doi.org/10.1109/TNET.2021.3053771
https://doi.org/10.1109/TNSM.2023.3249470
https://doi.org/10.1109/TNSM.2023.3249470
https://doi.org/10.1109/TNSM.2023.3249470
https://doi.org/10.11992/tis.202403038
https://doi.org/10.11992/tis.202403038
mailto:zxchen@ncepu.edu.cn
mailto:2751263429@qq.com
mailto:2751263429@qq.com
mailto:yihe_guo@163.com

