D S £3 18 (B SAl

SIFRAST ., T T 5k a9y 45 IE TR ML SDON PERE MR I JGmEH AR 2024 ,48(3) . 38-44.
HETE#HEMZEE SDON e Tm4R sy

FTEFLR B R g
(1.FETHRH R 815 SR8 TR FIET 210003; 2. WHITEHIRHE SR AR A BRAF, &R %Il 518000)

FE . P &M A8 TR R 52 AR 2 SUH W % (SDON) 2 280 W 448 28 ) K 4E , 42 B AT R 3 —FF 58 9% vA SRR A E 74 FRUM) & 4
FoAT4 W &M AR FROMASRY | 42 i —F 3h T B A2 W 244 SDON M A FUR AR | i 424 4% BiGRU #= Self-At tent ion A48
LA BB ) M R A A B AR A A B 2 A, AT A P d R B 6 Mg stk B R E G
B ATTARA TG RBR 0GR, FHRLEREN, ERRATEE MR T, TR A0 T A KAER 09 T 3 485F
B4 bR £ (MAPE ) M 4847 8 R 4271,

KB AT 2 W 4K &P RE TR SRR SR W 4 & AU Rl iz

FES RS . TN256 XEkRER.A XEHS.1002-5561(2024)03-0038-07
DOI:10.13921/j.cnki.issn1002-5561.2024.03.008 Fig#E (FIRARS ) #R1IRF5 (OSID) ;

SDON performance prediction
model based on graph neural network
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(1. School of Communication and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210003, China;
2. CypressTel SHENZHEN Communication Technology Company, Shenzhen Guangdong 518000, China)

Abstract: Network performance prediction is the key to achieving efficient network management of software defined optical net-
works(SDON), but there is an urgent need for a network performance prediction model that can accurately predict key indicators
at limited cost. A graph neural network-based SDON performance prediction model is proposed, which combines BiGRU and
Self-Attention mechanisms to learn the complex relationships between network topology, routing, and traffic matrices, accurately
estimating the packet delay, jitter, and packet loss rate of the source/destination in the network. This model can be applied to net-
works that have not been encountered during training. The experimental results show that in different traffic model tests, the pro-
posed model has a significant improvement in average absolute percentage error (MAPE) performance compared to the baseline
model.
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