PR (B ARIEERRD48(6) : 1080—1091, 2025
Journal of Shanxi University (Nat. Sci. Ed. )

DOI: 10.13451/j.sxu.ns.2025016

JE TP PR RIE 1) 2 S KEADL LA EE 337

SRR A
(L RS B THERE FHEHLEEE DU RS 6102255
2. DU I A RERR P A B 1, DI F 610045)

B EMAEZZDRALEY T 2R, BENIGRAELETRE S MAR R E & %% ARG, BRI FET
BAVAF AGIERF RBNEF T @RI, AR E—F LA TENZ ML L% T A E0 % 2@ B
AR BRI R, ¥r= 2@ RF T 69 BB TR F KA A B LM, A A B A2 W& TR E AL i 30
W LA SRACHE S Fouk  ARAETRM 25 R 30 R T0R 5 B Ao B AT A sk 3R, AL RS AE . 12 R AK AL AL FE |
AL R R0 SRR R R TRARN R AR R fe i BB F AT, FREREN,
K TFAMZE ML L BAT T oGP EE S A REE LY EIN BT, £ RARNEERAT 12% 04 L,
RGIERI Y T 15%, i BB LRK T F R FRIAE L&,

KGR E AR L BAT 2 R % 1R ST RRMEAL; S S R B S

FESES TP39 CRRERAEAS: A XEHE:0253-2395(2025)06-1080-12

Cloud Desktop Virtual Machine Scheduling Algorithm
Based on Graph Neural Networks
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Abstract: With the widespread application of cloud desktop systems, virtual machine scheduling algorithms face the challenge of ef-
fectively handling complex and dynamic workloads. Traditional scheduling algorithms often underperform in terms of resource utili-
zation, system latency, and load balancing. This paper proposes a cloud desktop virtual machine scheduling optimization algorithm
that combines graph neural networks (GNN) and reinforcement learning (RL). We model the virtual machines and their resource re-
quirements in the cloud desktop environment as a graph structure, and use GNN to predict the load conditions of the virtual ma-
chines. By incorporating RL strategies, we dynamically adjust resource allocation and virtual machine migration decisions based on
the prediction results to optimize system performance. The algorithm is evaluated on multiple datasets from real-world scenarios, in-
cluding 4K video processing, office applications, and network applications, by measuring indicators like resource utilization, system
latency, and load balancing. Experimental results show that the proposed scheduling algorithm exhibits significant improvements
across multiple datasets. Compared to traditional algorithms, resource utilization increases by over 12%, system latency is reduced
by 15%, and load balancing is significantly better.
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Fig. 1 Virtual machine scheduling model based on graph neural networks and reinforcement learning
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Fig. 2 Resource utilization comparison of algorithms under

different workloads
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Fig. 3 Delay comparison of algorithms under different tasks
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Fig. 4 Load balancing score comparison of algorithms under
different tasks
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Fig. 5 VM migration times comparison of algorithms under
different tasks
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HEAT IR, 90 % T 00 9fE ff 258 (4 1 U7 1% 22 MSE)
AR AR PR AR A o ML Ah 8 51 A IE N AL 5
AR B ) 4 548 iE — 20 P A AL Y 37 fk g
T o SLI 45 B 58 o FAs M E R B X RR ,
BN TA] 3 5 AR GININ A 7R i 7300 8 B, A
55 ik H 7R 2 R A0 N B0 25 48 A0 B0 58 v i) 3 iy P
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NN N VA I B B S 23 =
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# (Mean Squared Error, MSE) , Jf 5 1% 4t ¥l #%
24 3] J7 B (BE AL AR AR, Random Forest ) A1 3 £k £
T (£ P /115 , Linear Regression) #E47T T X} Ho .

ML 6 1) 52 56 25 SR 0T DU B, AR SO [ A28
W 2 (GNN) A5 B 7E fir A7 17 8 S R R G FBE T
I FAR G PR > Ok . BARIMF, GNN
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Fig. 6 Comparison of GNN model's prediction performance

across different load types and system scales
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Z Bt SR (System Latency ) Al 17 2% ¥4 £ & (Load
Balancing ) 554§ Fr , XF A [7] 2 BC0C BT 1 56 W& 1%
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Table 1 Scheduling performance under different

combinations of learning rates and discount factors
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Table 2 Scheduling performance under different combina-

tions of learning rates and discount factors
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