Graph Neural Network for Time-series Forecasting
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1-1. Spectral temporal graph neural network for multivariate time-series forecasting : Abstract

« Spectral Temporal Graph Neural Network(StemGNN)= H|A|
« Spectral domain0j|A] inter-series correlationZt temporal
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1) Inter-series correlation by Graph Fourier Transform

2) Temporal dependency by Discrete Fourier Transform
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Structure of StemGNN Source : [1]
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1-2. Process of StemGNN

Latent correlation layerE S5 Data=22E] graph structure@t weight matrixs& 444

o L9 AL H|O|E{2EE] |atent correlation St&5S /6l self-attention 4l A&
Graph Fourier Transform(GFT)E S4dll graphE Spectral domain2| matrix ~E{Z HEt
Discrete Fourier Transform(DFT)E £l univariate A|HE2 frequency domain@ £ Hat

1D convolutionZt GLU layerZ£ &9l frequency domainOi|A] feature pattern It

M|

>
o

InverseDFTE S5l frequency domain2 spectral domain2 2 2t graph convolution(GConv)
InverseGFTE S5 graphE spectral domain0i| A spatial, temporal domainS = izt

GLUZI FC sub layer2 /4l output layerE Soff 0|2t Hhet

Forecasting output Y;= future value estimationg 2|8i{A{, backcasting output X;= representation
powerg Z4A|2]7] 23l auto-encodingZt HIE ZO0[ot= WAQ| 52 Il AHEE
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1-3. Problem Definition & Result

* Problem definition
« Multivariate temporal graph G = (X, W)= X € RV*T(N2 A|AE2| £~(=node 2=), T= timestamp)2t adjacency
matrix W € RV*NO 2 J1d, 9| K timestamp HIO|HE EdH tA|H™ 0|22 H time stampE 04| 3tH= Forecasting
model F& 18} 0X S X, Xpits oo Xevio1 = FXe—kr oy Xe—13 G; @)
* Result
« METR-LA, PEMS-BAY,PEMS03-04-07-08(Traffic), Solar, Electricity(Energy), ECG5000, Covid-19(Health) H|O|E
AlojA I|1Z=9| FC-LSTM, SFM, N-BEATS etc. ECt E2 458 H¢
« Ablation Study

« Temporal dependencyE 2&5H= Spe-Seq Cell2 X|2|ot AL 71 2 d& XI0|E EY

StemGNN w/o LC | w/o Spe-Seq Cell| w/o DFT w/o GFT w/o Residual w/o Backcasting
MAE 2.144 2.158 2.612 2.299 2.237 2.256 2.203
RMSE 4.010 4.017 4.692 4.170 4.068 4.155 4.077
MAPE(%) 5.010 5.113 6.180 5.336 5.222 5.230 5.130
Results for ablation study of the PEMSO7 dataset Source : [1]
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2-1. Multivariate time series forecasting with graph neural networks : Abstract

 Graph structure learning layerE &5 A|A|E U|O|E{ 28 E Sparse graph adjacency dE ==

« Graph convolution module0|A| #1~2t Spatial dependencyE Directed graph Q@E{ = T}<}
« Temporal convolution moduleZ S5l temporal pattern It

« MTGNN 22 multivariate A|H|Y H|0|E] ZEZID} LHE J2jE 11X 52 ZA|0f| ZIsH Jts

=

£ subgroupQ & L4504

Graph Structure Graph
Learning Convolution
Time series Temporal Forecasting
. X —
(data points) Convolution Results
Proposed Framework Source : [3]
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2-1. Process of MTGNN
Node embeddings ;
Jstatic features Graph Learning Layer
Residual Connections Residual Connections Residual Connections
A A A
1x1 TC Module GC TC Module GC TC Module GC
Conv (d=q°) Module (d=q") Module (d=q™) Module
Inputs:
x € RTinxNxD Skip Connections Skip Connections Skip Connections
Framework of MTGNN Source : [3]

Graph learning layer& Sl A|H|¥ G[O|E 2t hidden &tH|E I2SHY adjacency matrixE t&SHH
uni-directional relationshipg F&5t=5 C|X}QIE

Graph convolution moduledM= =E52 1 0|52 HEE Sl spatial dependencyE FE6tHH 27429
mix-hop propagation layer2 F4&|0{ = =9| inflow & outflow HEE 212t st& = Cef

Temporal convolution module2 1D convolution filterE S5l sequential patterng Itdt= dilated
inception layer 2702 F/d | of layer= tanh?} filter2M|, CHE layer= sigmoid? g 2 &2 passkles o

HO| %2 controldt= gateEN2| gt +H5HH 0| 22 &
71
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2-3. Problem definition & Result

* Problem definition
* 2z € RV2 time step t [ X}0] NQI multivariate variableO|0 historical P time step X = {z,, z,, ..., 2, 7t 2&E]

= [ Q step 0|=2| 3lO[Lt sequence Y = {z,,,} OF {Ztp, ) Ztp 0 -0 Zep oo} & OIF

« XEEBH YE I2 regularization0| &=l absolute loss& £|22}5}H mappingot= & f ZE2Z0| S8
 Result
 Single-step(Traffic, Solar-Energy, Electricity, Exchange-Rage)0f|A= CHE22| C|O|E{0| A 7| & HAISHLCE R4

Hds2 2. Exchange-Ratel| B2 TPA-LSTMO| AZ H2|l= HsS EY

P

«  Multi-step(METR-LA. PEMS-BAY; Traffic)0llAX{= METR-LAG|O|E{0| M= 7| & HAIS0]| H|gH 43 M58 HO|Lt
PEMS-BAYO|AM= O X| &

« Ablation study

«  Graph convolution moduleg linear layer2 CHA|$t B It M5 o12HZ0| 2 20 2
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3. Conclusion

cx D5 J2{E S FGeof| U0 AAREEI HHO0|X| g5 CHAZE AX|E H[0|EH & 12HE MAYS Sl 22T
A O|FoCh= SSE0| UL} afs HHEHO| AN Aol 252 2

« StemGNN2 Graph Convolutional Network212 -850 Spatial & temporal domain2 Fourier Transform= S
Spectral domain@ 2 &5t aks

- Latent correlation layerS £l st& =l Graph(Correlation matrix)= &g X7|0f $HHOE SHS =

«  MTGNN2 Spatial & temporal domainOi|A L= sha2 TIisHH 2 =2 24| = Undirected?} Otz Directed
graph2| FEHZ o

« Graph learning layer& £l &t& % Adjacency matrixe &t&50| ZIBHE!0f| 2t updateE!

Ofl= Xto[2t ALt M=ot ot LHS =00 it B A= 20| FLI AM=F
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