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Multivariate time series forecasting with a graph neural network
and dual attention mechanism

FAN Hangzhou, MEI Hongyan, ZHAO Qin, ZHANG Xing, CHENG Nai

(School of Electronics & Information Engineering, Liaoning University of Technology, Jinzhou 121000, China)

Abstract: To address the issues of insufficient capture of dependency relationships between variables and inadequate

utilization of multichannel temporal information in multivariate time series, a forecasting model fused with a dual atten-

tion mechanism (FFDA-GNN) is proposed. This model integrates a graph neural network with a spatial attention mech-

anism to enhance the capture of dependencies among multiple variables. Additionally, parallel multilayer inflation con-

volution and channel attention mechanisms are used for multi-channel feature extraction from temporal data. This ap-

proach fully utilizes multi-channel information and enhances forecasting performance. Comparative experiments con-

ducted on datasets from the fields of economics, electric power, and traffic show that the proposed model achieves bet-

ter prediction accuracy than other benchmark methods and demonstrates superior feasibility.

Keywords: multivariate time series forecasting; graph neural network; attention mechanism; feature fusion; temporal

convolutional network; deep learning; convolutional neural network; spatiotemporal features
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S 4 SRR rate dataset
{%ﬁ{ﬁ IZI;ESI {Sigmoid, ReLU}, ReLU, Sigmoid K Fobi SUMIPZS
Pifeds {SGD, Adagrad, Adam}, Adam 3 6 12 24
23 % {0.000 1, 0.000 5, 0.001%, 0.001 AR RSE  0.0228 0.0279 0.0353 0.0445
A pREL {(L,,L,},L, CORR 0.9734 09656 09526 0.9357
BMET R RSE 0.0265 0.0394 0.0407 0.0578
ZREF R {0.1,0.2,0.5,0.6, 0.8}, 0.8 VARMLP
ANB NI 30 CORR 0.8609 0.8725 0.8280 0.7675
AR (3,6, 12,24} p RSE  0.0239 0.0272 0.0394 0.0580
& 5 R HRL 5 CORR 0.8713 08193 0.8484 0.8278
TN B PR LR 2 RSE 0.0192 0.0264 0.0408 0.0626
BAE B R Z 5 2 GRU
BB R ATEL 5 CORR 09786 09713 09531 09223
HEALFE N (16,32, 64, 128, 256}, 32 ~ RSE  0.0226 0.0280 0.0356 0.0449
T e ’ LSTNet-skip
23 (8] 25 1B PR 3 CORR 0.9735 0.9658 09511 0.9354
AR S B K 1 RSE  0.0194 0.0259 0.0349 0.0456
MTGNN
4 TR CORR 0.9786 09708 0.9551 0.9372
A S . RSE  —  0.0240 00336 0.0448
24.1 STrbEib AttnAR
. R N U . CORR — 09672 09536 09248
T B R R A A, IR R 7 R IR CSE 00157 00337 00285 0.0443
T 2L > - V2 3 H\ \‘T‘Il -a-u‘ }F‘J N X\ -u‘ }FU , y: FFDA-GNN . . . .
JE 2 37 v 2 AL ) B TN AR R A SRy LU AR AR, 43 CORR. 09813 09730 09594 0937

ilbE
AR, — B AR BV AR ] A AR
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A B2 B4 B 8] 5 57) T 0 55 74
MTGNNEO, — i Sy 22 2t st [i] o 51 5040 15 31
A ] 2 ) 24 AR
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Table3 Comparison of prediction results in the electricity

dataset
n = HRIIEZS
TR EiEgan
3 6 12 24
AR RSE 0.0995 0.1035 0.1050 0.1054
CORR 0.8845 0.8632 0.8591 0.8595
RSE 0.1393 0.1620 0.1557 0.1274
VARMLP
CORR 0.8708 0.8389 0.8192 0.8679
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Gp RSE 0.1500 0.1907 0.1621 0.1273
CORR 0.8670 0.8334 0.8394 0.8818
RSE 0.1102 0.1144 0.1183 0.1295

RNN-GRU

CORR 0.8597 0.8623 0.8472 0.8651
RSE 0.0864 0.0931 0.1007 0.1007
CORR 09283 09135 09077 09119
RSE 0.0745 0.0878 0.0916 0.0953

LSTNet-skip

MTGNN
CORR 09474 09316 09278 0.9234
RSE — 0.0871 0.0942 0.0989
AttnAR
CORR — 09160 0.9108 0.9089
RSE 0.0742 0.0872 0.0912 0.1003
FFDA-GNN

CORR 09501 09317 09281 009195
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Table 4 Comparison of prediction results in the traffic

dataset
- _ FRIUES
Liaiil ez
3 6 12 24
RSE 0.5991 0.6218 0.6252 0.6300
AR
CORR 0.7752 0.7568 0.7544 0.7519
RSE 0.5582 0.6579 0.6023 0.6146
VARMLP
CORR 0.8245 0.7695 0.7929 0.789 1
RSE 0.6082 0.6772 0.6406 0.5995
GP
CORR 0.7831 0.7406 0.7671 0.7909
RSE 0.5358 0.5522 0.5562 0.5633
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Fig. 4 Comparison of ablation study in the exchange-rate dataset
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Table 5 Comparison of ablation study in the electricity

dataset
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CORR 0.926 1 0.899 6 0.886 0
RSE 0.074 2 0.103 2 0.1112
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