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Window Spatio-temporal Attention Modeling Approach for Traffic Prediction

WANG Jia-Jun', LI Yong®, OU Li-Yun®

'(College of Computer and Data Science, Fuzhou University, Fuzhou 350108, China)
*(Public Security Department, Fujian Police College, Fuzhou 350007, China)

Abstract: Currently, in traffic prediction, deep learning-based spatio temporal separation modeling methods have
difficulty in expressing spatio-temporal coupling correlations in data effectively. Although spatio-temporal joint modeling
methods can compensate for the shortcomings of spatio-temporal separation modeling to some extent, there are
deficiencies such as insufficient express ability and high computational complexity in constructing spatio-temporal
hypergraphs. To address these issues, this study proposes an improved spatio-temporal joint modeling method, window
spatial-temporal attention network (W-STANet). W-STANet mainly comprises three parts: a data embedding layer, a
spatio-temporal correlation modeling layer, and a prediction head. The spatio-temporal correlation modeling layer learns
spatio-temporal correlation features of traffic data by stacking multiple spatio-temporal attention blocks. Meanwhile, by
introducing the local window calculation method, data shifting and permutation operations, the computational complexity
in the modeling process is greatly reduced, and the modeling from both local and global perspectives within the spatio
temporal graph is achieved. Experimental results on five real traffic public datasets demonstrate superior prediction
performance compared to other spatio-temporal joint modeling methods. Compared with spatio-temporal separation
modeling methods, it has superior prediction performance on large-scale road network datasets.
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coupling correlation
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P [E) 4RI AN 25 ()R AT R A1) FE DA A A b, KR4
F10) LA R T %o S 1 MR PR IR 2 R S SR G B R A
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I 25 43 B A 73U AR AT Lhik— 25 o Bk
GNN FyE = /I HLHIF 2, HoHh GNN & 2 142 4k
Je BRI 4 (graph convolution network, GCN™). 11
STGCN!" | Graph WaveNet!"""L }2 TGC-LSTM!"?!
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CNN, 1 J& & & LSTM!, 3e-F i & /MU i 5 vk n
GMAN". ST-GRAT!" &5, — 2 78 2% [a) H 5%k R[]


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

http://www.c-s-a.org.cn

i H AR G N A

FA OGP T I R 1 TSR v 2 ML AT 4. GCN
AN B AL 7 23 R AH 26 1 A X 51 7E T, GCN X
S48 DX AT s 11 2 TR AR S M R AT AR 11 O =X il il
ST SCHR AT 12 40 B SR S B, A T 2 << B A 0 2 T A 5%
PEAR AR TV 7 JTATL ) A G e T B AN W T R ]
(18 SCAR 9 P Sl i 2 TR A S bk, PRI 2B 45
(12 T AR 2 M A8 fh . FR T 20 38 B0HE 0 I AR O
WHE R BN, AT WL A T iR
LT GON 77926 4G B Pl v Rg. [RIFE
A 454 GON FIE & S B w6 R 5 72 (6 T4, 4o
ASTGNN" LSGCN"%% ] DL [A] i =% F& $dfs o 2 17]
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WHEN 4 BARRFELE 2(b) TR, E5ERES 1 IKE
THER VIR G, WO B8 3847 B A F0 52 #4817
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5 R EBRLIER TR, NI BRGNS B AR, H
I 2 {5 B AR 0 2 . &b, B B RS A R xg
e AR, SLIL T R ECE A R S A AR O M AN A R I
FHOGPE AL, Bt B fE =L (5) A=K (6) Fis:
X = STW-MSA(LN(X)) + X

N (%)
Y = MLP(LN(X)) + X

Fstwa(X) : {

Z! = Fstwa(Z'™)
Z, = Fstwa(Shift(Z")) (6)
Z' = Fstwa(Permute(Z}))

Horb, STW-MSA REEW 286 1 £ 3kik & 115 MLP
NZZEANL; LN RZEIE—10; 20N 1A S ERE
FIHA L Shift(-) A Permute(-) 73 ) R E s # 0 1 58
k.

B E OE R R, v RLEE— PR S ROR,
BARGHnF. g, @il 3). X @) ariFHEE
JINUEIERS 2588 B - — U B2 24 X (7) FR,
HA N Ty d s W S8R i A5 R ARy
TEYERE . FH, S —ANEOWEE it EE
PLER IR N O@ptd® +2(pt)*d), Fo py t Ron— N
PR LS o5 50 R ) 25K B . IR e, o5 T ) 0 o
NN/ p)x (T /NE 1, SRR 24 Z st (8) Bk,
RAEA L F p=N/2 1=4, —ANEEE BT
H 3 EJO2NTd? + 12NTd).

O(MSA) = 4NTd* + 2(NT)*d (7)

O(STWA) = 4NTd* + 2ptNTd (8)

3 ST

N IO B8 UE AR SCRTRR W T R A R, AR
il TE 22 388 Y7 2 0 AR A8 36 R T A e AT 5%, 3
5 AN FRHIEAE T IE.
3.1 BIBENE

A S P AE FH ) A2 8 Ui =AM 4R B F5 PEMS04.
PEMS07 A& PEMSO08™. =z iifl i i 4 4 (.45 PEMS-
BAY LK METR-LA. Fifix S84 42 RAE A1 RG34
5 min, £ BAESCROERE T, BT HoiE 5 1 A8 38 I 4% 2 1
MORTE L N T 50 HT M TAE AT — 80k ik, A
B FRIIAT 55 =2 F 5 52 1 h (12 25K x5 min) 4 T
MK 1 h 255, BIF0 12 AN KAk, Wb ay DL
— AR S PR TR EAFH) 10-15 min HITRINGE 5. 75 50
B HIFE{E PEMS04. PEMSO07 LL K PEMSO08 5 f,
553 AN BE R AY 2 [ (1 L A8 R FH ) ) &5 21 5 sz B
gz 12 MBKEEY R 2, Wi /E PEMS-BAY 5
METR-LA 1, b7 AEAR WS 3.5 717, s 4L Hik
SR 1 PR,

K1 BIRETEE
HdsE I B RS N 1] TR] B (min) I i) i ]
PEMS04 307 16992 5 2018/01/01-2018/02/28

PEMS07 883 28224
PEMS08 170 17856
PEMS-BAY 325 52116
METR-LA 207 34272

2017/05/01-2017/08/31
2016/07/01-2016/08/31
2017/01/01-2017/05/31
2012/03/01-2012/06/30

AV IV, BV,

32 EEERGE

SR UE A SC TR H A A A, AR SO R I
AERL R AT DLy o 25 26 T I pp &2 W g R R T 5
TR B TR M4 2% B R DCRNNPY
STGCN!"", MTGNN™!, STSGCN'"!. STFGNN'I,
STGODE™!, STG-NCDEP. %+ [ 11 & /7 (s 7.
GMAN"", ASTGNN!"7| PDFormer™"). &y 5 7 fry 4
SRR R F IR SR BTt S0 .
33 TWRERIFNIER

N5 3.2 1 TR B 0 R AR Y AR AT — B, AT
¥ PEMS04. PEMS07 A& PEMSO08 % #i5 4 4« ff
6:2:2 [ILLEIRI 7 A YIZREE . BAFSERIIREE. ¥ PEMS-
BAY 1 METR-LA % 7:1:2 Efi %] 4.

TEVEAT F8 b 5 THT, A SCEFE{E A mean absolute
error (MAE), mean absolute percentage error (MAPE), V)
J root mean squared error (RMSE) iX 3 NMFEN 4R, 4
M= (9)-= (11) Fiw. & Ja5, /£ PEMS04. PEMSO07
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PN PEMSO08 454 F1$ ] HuberLoss 1F N1 R RHL,
M 7E PEMS-BAY F1 METR-LA #(324E 18 F MSE Loss
YRR R A, BRI (12). =R (13) Fros:

. .
RMSE.5) = 5 ), 0i =50’ ©)
ieN
. .
MAE(y,5) = = > i =5i (10)
ieN
N yi—ﬁi‘
MAPE(y,9) = — » |[=— 11
0D =5 2 (1)

ieN

1 m
HuberLoss = — » I;
uberLoss mz

i=1

deltax (ly; — f(x)| = 0.5 x delta), |y; — f(x;)| = delta

0.5(v; — f(x1))*, lyi — f(x))| < delta
=
Hrp, delta=1.0

(12)
MSE = n% Z i — f(x)? (13)

34 RAEBSHIRE
Xt T AR HE SR B S B Bk 2 s, H

B J2 4 FE 48 R N (32, 64, 128}, ZkE=H

RIGHEAN: {1, 2, 4, 8}, A RMRIEHEAN: {0.001,

0.0001}. A ZRid 2 48 F Adam AR AL 25 3547 16 B2

BT, [REF I£4# F Exponential LR 577 R sh 45 i 822 3

%, gamma 9 0.98. Ak, BRI ZRAEEL epoch 3274 300.
# 2 AFRERERSEEE SO E

KR Batch size Hidden dimension Weight decay %> %
PEMS04 64 128 0.001 0.0008
PEMSO07 16 128 0.003 0.001
PEMSO08 64 128 0.003 0.0015

PEMS-BAY 64 128 0.0001 0.001
METR-LA 128 128 0.001 0.0015

3.5 KWWERKRSM

AR A HH RSS2 A A 3 R R TIUAT: 55 1) S 25
RN 3 Fion, B 4 454 7 PEMS04 Fl METRLA #§4
HHE I ek R A B R WSl £k 5 BRA T T A A
FALL, A A ALE PEMS-BAY $¥E 4 A5 21
PEREIRTE. M /E METR-LA ¥4 45 b, i T 2w
K I B 9 5 R Ao B — ) R A A SR 2R AL T[]
— Sk H B b, RIS AN TR B IR BRI
REZEPE.

#* 3 FHSE PEMS-BAY Al METR-LA $(4E4E b 1236 45 50 (G501 338 B 7))

HEsE Horizon (min) Metric DCRNN  STGCN  GWNet MTGNN  GMAN  PDFormer  W-STANet

MAE 1.31 1.36 1.30 1.33 1.35 1.32 1.13

15 MAPE (%) 2.73 2.86 2.71 2.81 2.87 278 2.32

RMSE 2.76 2.88 2.73 2.80 2.90 2.83 227

MAE 1.63 1.70 1.63 1.66 1.65 1.64 1.36

PEMS-BAY 30 MAPE (%) 3.73 3.79 3.73 3.75 3.74 3.71 2.93
RMSE 3.73 3.80 3.73 3.77 3.82 3.79 2.90

MAE 1.99 2.02 1.99 1.95 1.92 1.91 1.60

60 MAPE (%) 4.71 472 471 4.62 4.52 451 3.60

RMSE 4.60 4.63 4.60 4.50 4.49 4.43 3.67

MAE 2.67 2.75 2.69 2.69 2.80 2.83 2.73

15 MAPE (%) 6.85 7.11 6.99 6.89 7.41 7.77 6.89

RMSE 5.16 5.29 5.15 5.16 5.55 5.45 5.61

MAE 3.12 3.15 3.08 3.07 3.12 321 3.05

MTRE-LA 30 MAPE (%) 8.42 8.62 8.46 8.16 8.73 9.18 7.93
RMSE 6.27 6.35 6.21 6.13 6.49 6.46 6.60

MAE 3.54 3.60 3.51 3.47 3.44 3.62 3.51

60 MAPE (%) 10.32 10.35 9.96 9.70 10.05 10.92 9.31

RMSE 7.47 743 7.28 7.21 7.35 7.47 8.07

HARME 3 fgs BT ki, 7E404E 4 PEMS-BAY L
AR S (RS RL R VTN 5 b 2 v T F A A AR, IE B A%
TR A7 A8 3 T4 T AT 4% B A k. W-STANet A
Lt T FHEARE Y PDFormer 7E 15 min [ HUN A, MAE %
ZEFRAR T 14%, RMSE F#1K T 19%. 7E 60 min [ 700

6

W, MAE B#AK T 15%, RMSE F#AK T 17%. MEEAR S,
KT, AR SRR A i S A N e T B
T B 1R B 7S B AS A R PR A e g, BRI OB TR
IR s 3 AR U7 SUAHE T B T GNN J7 %, e

B M SR 2 2 22 30 ) 2 {5 B AR I I Bl A R
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