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Graph Wavelet Convolutional Neural Network for Spatiotemporal Graph Modeling
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Abstract: The spatiotemporal graph modeling is a basic work to analyze the spatial relationship and time trend of each element in the
graph structure system. The traditional spatiotemporal graph modeling method is mainly based on the explicit structure of nodes and the
fixed relationship between nodes in the graph for spatial relationship mining, which severely limits the flexibility of the model. Besides,
traditional methods cannot capture long-term trends. To overcome these shortcomings, a novel end-to-end neural network model for

» BETH: HRARRFI4(61703013, 91646201); JbitTh [ 2R R 5 5 4:(4192004)
Foundation item: National Natural Science Foundation of China (61703013, 91646201); Beijing Natural Science Foundation
(4192004)
AR SCHEN T BE RO B B S AT EOR L TR L9 g R R B . EREHAR HOKWT B . R R
WO R IR 1) 2020-05-24; & P4 [A): 2020-09-03; R HI I [[):2020-11-06; jos 11kt it i) []: 2021-01-21



£ & it B AL B ) KB ARAY 22 ) S5 AE A 727

spatiotemporal graph modeling is proposed, i.e., a graph wavelet convolutional neural network for spatiotemporal graph modeling called
GWNN-STGM. A graph wavelet convolutional neural network layer is designed in GWNN-STGM. A self-adaption adjacency matrix is
introduced in this network layer for node embedding learning so that the model can be used without prior knowledge of the structure. The
hidden structural information is automatically found in the training dataset. In addition, GWNN-STGM includes a stacked dilated causal
convolutional network layer so that the receptive field of the model can grow exponentially with the increase in the number of
convolutional network layers that can handle long-term sequences. The GWNN-STGM successfully integrated the two modules of graph
wavelet convolutional neural network layer and dilated causal convolutional network layer. Experimental results on two public
transportation network datasets show that the performance of the proposed GWNN-STGM is better than other latest benchmark models,
which shows that the designed graph wavelet convolutional neural network model has a great ability to explore the spatial-temporal
structure from the input dataset.
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Fig.1 Spatiotemporal graph modeling
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Fig.2 Schematic diagram of causal convolution (left) and dilated causal convolution (right)
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Hon = Do PoH oWy + ADH W, (15)
H=ReLU(Hgen+Ho) (16)
o HHE:
0.=ReLU(Y, H) (17)
Y=MLP(ReLU(MLP(0.))) (18)

Horh ReLU 2l ME o o8 2000, Y e R™ON, L oty B4 1 B 45 BUZ B MLP Oy 22 J2 I L sl 2 e 4 128 e 2 31

T 7 I 22 ] S A 1 R /N o 2 ) 45 R K T T 8 2 A I 2 =, AR B AS [ P i) J22 ¢ £ 2 ) AR 0% 2% L B
E 5 2 11 28 R WSO U I T 5 G A e A 2, P12 B Ak PR S I T A5 6L 326 % 1 29 46 %] ¢ 7% (mean - absolute
error, fi B MAE) AL 1K) F A o8 £, 6 B0 ST FEvR 1EAT I 25 MAE 7€ LI R

1 N n d sl +1
Loss =N ZizlzjzlzkﬂlYitk ~Y (19)

Lrf, Y e R™N Sk J 0 i 248 45 (ground truth, & B} GT).
3 LI

A 2 Tk A S PR TR AT S 4 BT, 26 v 6 T S JE AT I 4% BB . METR-LA fil PEMS-BAY!
ol R TR AT I S 06 B b B R AT T SRR LG & 5 43 4h METR-LA 3Ly 207 A0 2% 4% Jak 52 757 5 (190 2%
P75 25) AT 1 515 4N, PEMS-BAY HR LA 325 AN W 45 A4 J8k 25 15 5 A1 20 369 AN 100 A 512 56 4% KA I 7] I X6t 1Y
28 8 VE A AL B AT R, O e U 5 B 4 I B A R s B 70002 A Lb SR e AT B s A )
Iy AE N 2Rt Bt b o B s S EAT T BE ML shuffle 3845, S26 o R 5 SCER[8]— SN I AK IR 1 1 2 B s &
3.1 KWHEXSHIRE

ASZIIEFTIRES A Intel(R) Xeon(R) Gold 5218CPU@2.30GHz,NVIDIA GeForce GTX2080GPU, i 77 32GB.
BEE DT S A5 A RN TN & KN 12, BRI A 25— /NI BE (125 20l B0 00 00 A S TR — AN /N B
R AE AR o 25 A2 H 1=2, M=2 I 2R3t A2 P 5 2 5080 8 R H R ML 25 77 5w, 25 37 % (dropout rate)32'& 4 0.3. % H
BENLAIEA 1L T 26 70 e 1 23 B3 AT D4R Ak A 2 (R DI R A A 28 D Adam, 3 2% 3] SR 3 E Dk 0.0001.
3.2 LEXMBEEERZE

Sy R R AR (1 g, B 1126 F ARIMA DCRNNE? STGCNES! Graph WaveNet(BH451 718 47 Sy 23 2% B sk LA 15T
o Ll s a6, FL AR A W2 176 s 30 F R 3% 138 46540 1% 72 (mean absolute errors, {8 B8 MAE). P33 4%} 5 75 Lk
1% 7 (mean absolute percentage errors, fi 7K MAPE) #1134 J5 4R i % (root mean squared errors, & # RMSE)ixX 3 Fi &
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M

Table 1 Experimental baseline models
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3 STGCN i 2 i 24 2 P 2 B Ao 2 I 4%, T 5 B GCNL 5 — S B 45 A
4 Graph WaveNet IR SR FEIN 25 BB A 4 B 5 A GCN 597 & R S 5 A 4% DCC &5 5 3 7

3.3 NWHERSH

3.3.1 MERIPEREXS LA AT
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Table 2 Performance comparison of our model and other baseline models
2 BOUE R B RE AR R ) Mk RE XS LE

Data Model 15 minutes 30 minutes 60 minutes
MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE
ARIMA 4.01 8.32 9.61% | 5.15 10.47  12.73% | 6.94 1332 17.49%
DCRNN 2.75 5.41 7.35% | 3.18 76.52 8.85% 3.63 7.65 10.73%
METR-LA STGCN 2.83 5.69 7.62% | 3.48 7.25 9.63% 4.61 9.49 12.81%
Graph WaveNet | 2.70 5.18 7.10% | 3.10 6.24 8.51% 3.54 7.35 10.17%
Ours 2.69 5.11 6.92% | 3.07 6.12 8.38% 3.49 7.19 9.97%
ARIMA 1.63 3.32 3.54% | 2.33 4.82 5.57% 3.43 6.57 8.42%
DCRNN 1.40 3.01 2.99% | 1.76 4.01 3.97% 2.14 4.86 5.02%
PEMS-BAY STGCN 1.37 2.98 2.95% | 1.85 4.34 4.22% 2.49 5.70 5.81%
Graph WaveNet | 1.32 2.81 2.76% | 1.66 3.80 3.72% 1.99 4.62 4.69%
ours 1.31 2.76 2.71% 1.62 3.67 3.67% 1.91 4.41 4.54%

F Ay, AR SCHRE S AR 2 L (] A2 ARIMA G AR K IR 34 /a3 2 7,60 438 i & i B 2L TN MAE. 2 (i
FEPAN SEIG B 45 EIY LI TR BT ARIMA B 49.71%(METR-LA) R 43.44%(PEMS-BAY). L5 i 25 5 U A L,
A A 22 R 4R AR M R YA T Graph WaveNet #5529, STGCN #E%1F1 DCRNN ¥ 45 45 784 , 55 56 o A 784 4 v
RE 5 4111 Graph WaveNet £ 284 AH Lt 1] LUF H 7 15 3-8 00 i, A S 1 A A AT T 488/ 10 Mk R4 7 a4
METR-LA 1 PEMS-BAY _E ,MAE ) H B4 T 0.01.75 30 20 Bl D13, A SCRE M ) MAE 7 METR-LA 1
PEMS-BAY #4li 4 4 BIFFAR T 0.03 F1 0.04.1H 2 B 5 T i 17 % 11 7R3 K, 76 60 23 B i i 1 & 13 F 3%
TR MAE 23 5l B AIG T 0.05 T 0.8. 3% 38 B 1 AR SCHR H 88 280 B A7 T K I I =0 A FH 3, R 0 R B B vh B i 77 17)
I (0] 45 AR 2 % 2 A R 5K DR SR A FRORI T 142 Lo, 7 5 DR SR A5 2 R Aol A0S 20 J 52 1 i 5038 o, A BT 11
H 20 i Ak BB A B K (R O 3 A R T B R O R AR AR A R A G AR SO B £ SR o A Y
Graph WaveNet®Ze Fil i 18] % 11551 N={1,2,...,12} 7 -T2 Pk RE 45 5, W36 376 5206 B i 4 METR-LA |, A&
SCBEH IR P BE Xl MAE,RMSE 1 MAPE 43 %1l Lt Graph WaveNet #5781 ¥ G £ 1% 0.07%,0.02%71 1.8%.
1. PEMS-BAY | #2 (1 1 REAK AR U AT T $& 7 BRI b, 8 SCHR HH I 5 280 B 5 45T g 2 ) IO 4% (10 B2 % R TN

Table 3 Comparison of average performance with the best benchmark model in the prediction window area
F 3 TETIE O X AN L i SR AE R 1S PR e X L

Average performance
Data Model MAE RMSE MAPE
Graph WaveNet 3.05 6.10 8.38%
METR-LA Ours 3.03 5.99 8.23%
Graph WaveNet 1.60 3.60 3.59%
PEMS-BAY ours 1.56 3.47 3.52%

3.3.2 & N ARFH 0 BT AE T 2 M

FERSEIR PR Oy 7 2 S I 2 Rl K 2 o) AR 0 D ] /) 3 25 AR 0 46 6 i 2 6 2 T g 00, FRATT e v 17 1 0 2 4 42
HRE R LTI 2 BN B B2 o B K 4R v DA 213 (1978 2 1 22 20, 30 288 SCIBOM A B 199 43¢ et i )22 (1)
IR 2R I 4~ 6 0l 20t T 51N B 38 AR AR B 199 2% 4 71 (gwen-Ady ) AR 51N [ 38 1V 400 132 i I o 2 A5
T (gwen), /£ METR-LA dli £ F HAS [A) T 18] 8 1 DX A RS 32 28000 18 22 MAE -2 240068 1 7 LE i 22 MAPE
HIES U7 A% % RMSE i i 26 /6 FI0I  IN T) 4 2 5 2 Bk, 51N TR Ay, R SIEBE A, AL/ MAE,
MAPE Il RMSE L {5 £ 22 Sl R /D, 3 3 WY 19 38 17 &0 3 R I 0 et I 3000 P8 48 T A AN 19 k. B A T I i
(IR0, 5 TN [ T2 I8 48 4 R B AR TR P g AR [ 3 2 408 2 R o PR A TR A1 e 2 T ) 222 S Al £ 86 K 7E 60 20 Bl i
TR, SIS Ay, PR IE RE D0 3 W3 S22 W, 51N 1 348 R 40 3 R 4 it 5 A I S ID6 I R 300 o9 245 I
JZ A RO R AR
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Fig.4 Curves of MAE performance with Fig.5 Curves of MAPE (%) performance with
the length of the prediction window the length of the prediction window
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Fig.6 Curves of RMSE performance with the length of the prediction window
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Fig.7 Heatmap of the matrix A, (right) and the connection between
the nodes in the road network (right) on the METR-LA dataset
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3.3.3  [EI/INBEAR S I O A 1 23 T

RS T /N 5 2 A 0 i ] e L v A R B SOV A AR R 4 T2 i T 4 vt TR 52 4, P ) gl 2 i
2% 1) R S HL AT AR 7. L METR-LA Fll PEMS-BAY 58 42 4 51, 58 W T 11 /I g A% 485 1) 4 i

75 METR-LA $#s 8 b 3147 207 417 5, D810, P /N 3 A8 e R e e RPO7207 [l i) L v A 8 e UT e R2OT207,
R A PEATHII T w0 UT IR B (BPR AR 0 R M B AN L), wit AEE 0 3 L 30.09%,UT AR
TICHE Tl 99.98%. 4 PEMS-BAY di £ - 347 325 A1, B /N AR e R B gt e R¥9°5%° [ il HL I AR
BE UTeR¥9% 3% 4 iify 2 4740 T w ' Bl UT RRBILRE, w, ' AE R0 3 0 LE o 21.819%,UT (AE 0 & & Lk
98.7%. 1K, el /)N 78 0 R I g 3z L PR A0 Lo A O T R R B LA A 1 LN R S (SO bR T B
JEE 10 EL R 8 AR 4 b 35 LUREAS 1Y 500 m Lo AR AR & 22 18] 90 4 5% 28 I AN R o0 28 1) 50 2R Sl 2 A R 1.

Table 4 Non-zero element statistics of the wavelet transform matrix and the Fourier transform matrix

R4 BN S AL AR R MR R R St

Statistical property (density %) Wavelet transform y* Fourier transform U"
METR-LA 30.09 99.98
PEMS-BAY 21.81 98.7

3.3.4 BT R INKHAE R I Gt (¥ 52 1 43 7
HENEGRER RER T s $ AT S5 BT BRI /N, AT 5 AR B Sl A S 0
(16 JoB 2 5 A0 A s 3, TR b, 30 B 38 1) RLJE TR K A4 B T BBk g (K03 Tl T R ST RN B AR R B gt o R
BT s K /NG Rk RE IR S, S84 T #F $=1,2,3,5,10,15,20 I 58 7 B 5 45 METR-LA _E 1) MAE L fg i 2.
Kl 8 224l TEARR BT s 40T 1 MAE #h 2k, 76 T B 7] % 1 /N 40 20 Bh it AR S 50060 X 2545
R MAE S0 25 Sk AW 583 3 W 7 BAA T 6 340 0000 4 45 Ik, LA T 2658 /I 180 RLE DR 2 5, PR/ e i 22 R 4%
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Fig.8 Curves of MAE performance of the proposed model at different scale factors
with the prediction window time
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Fig.9 Curves of MAE performance of the proposed model at different scale factors
with the prediction window time (at the larger prediction time window)
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Fig.10 Outputs of the modelat different inputnoises sequence
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Fig.11 Modified EvolveGCN model
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Fig.12 MAE conducted by the GWNN-STGM (ours) and the modified EvolveGCNon datasets
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