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Abstract Deep learning models have been extensively used in many fields such as multivariate
time series prediction, intelligent driving, image recognition, and so on. Among them,
multivariate time series forecasting is one of the focuses from scholars. Multivariate time series
forecasting 1s a typical regression task, which aims to construct a model to predict the future states
through a huge number of historical data, and it is widely used in the fields of transportation,
electricity and finance. Multivariate time series data have complex spatio-temporal dependencies,
the existing models can only capture temporal features, but it is difficult to capture spatial
features. The graph neural network emerges to solve this problem. Graph neural network can
naturally model the complex relationship between entities and is very good at dealing with
topological data, and most of the multivariate temporal data can be constructed as a topological
graph, so the graph neural network can better learn the spatial features from multivariate temporal
data. Multivariate time series prediction models based on graph neural networks have received
widespread attention and achieved certain success. However, there are some drawbacks in the
existing methods based on graph neural networks. Firstly, the existing methods only capture and
model the spatial features or temporal features from multivariate time series data separately,
without considering the spatio-temporal unity of multivariate time series data, leading to the
suboptimal modeling problem. Secondly, existing methods are mainly based on static predefined
graphs or dynamic adaptive graphs, the static predefined graphs are usually constructed based on
the spatial correlations among the monitored nodes and do not change over time, and the research
based on static predefined graph often ignore temporal features of time series data, which ignores
the changes in data patterns over time. Whereas, adaptive graphs are usually learnt autonomously
by the model and do not contain intrinsic properties among the monitored nodes, so the research
based on adaptive graphs ignore a large number of effective domain knowledge, such as road
connectivity and properties between roads. In order to solve the above problems, a Multivariate
Time series Prediction model based on dynamic adaptive spatio-temporal Graph called MTP-
Graph is proposed, which unifies the spatio-temporal information by using spatio-temporal fusion
module, avoiding sub-optimal modelling problem caused by capturing temporal and spatial
features separately, and the proposed graph combination module dynamically integrates combines
the predefined graphs with adaptive graphs, and takes into full consideration domain knowledge
while obtaining spatio-temporal information from data, in order to better learn the spatio-temporal
features from multivariate time series data. Extensive experiments are conducted on the
PeMSD3, PeMSD7 and PeMSDS datasets, and the results show that MTP-Graph outperforms
other benchmark methods in prediction performance, which shows the usability and effectiveness
of MTP-Graph.
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#;(12):
Z=U+D " XAXD V)X XXp+b
o, g ¥ TINS5
AT A ) H R 2 KR JE R S A
KADMAXAD PR
Z'=U+D " XA XD ") XXX +b, (13)
Z'=U~+D ""XA' XD ") XXXpB+b, (14
AR ST FH A B LR SSRGS T
KR 28 [ & W R e 25 4 e A 5)
JX)=[((f(25 00+2);5 0, (15)
Hr, fCORLCORRER TN 0,.0,5 58
LCORLCO MG TS H, Hod £,CoO X AR5
HEATACE 43 BE 9 AP TR I AR 5 T £, C o) XF
g A PR EA T AT A3 L LA SRAS45 & T rp 1 A )
PRI
FESCHRL 17 TSRl b A SCRI R 2 T
TSI LCOMLCOBTTEhE A inaz(16)
RN AR

(12)

I''=pool(A) (16)
I'/=c(Linear,(I"))) 17
I''=S=c¢(Linear,(I,)) (18)

Hrbr, pool AALIZ » o AT eRE, TR TE 2 ) 55 A
2B, Tl Be 23 32 14380, Linear, #1 Linear, 4 4
LMz,
4.3 BZIEINFILE
T 3CHRL13 L A Sl GON 4t GRU H
MLP JZ #3125 A FRE Hk 2% ) Z2 JTi 7 4L
P A I 23 REAE . SRS S B N2 GRU k2% 2 it
T A I B 25 AR B 2 R P 25 2R . B RS 1Y)
A GRU SEHLIN A (19 -(22) Fizs
2=c(J([ X,s hy | DXE,XW +E,Xb) (19)
r=c(J([X,s hy \ DXE,XW.+E,Xb) (20)
h’ =tanh(J([ X,» rOh,_ D XE, X W,+E,Xb,)
2D
hy=r(Oh, -+ —2)Oh’, (22)
Horp [ RRORPHERAE 2 RORHE ], r BRI
[T RN X3 0 R ¢ B 20 0 L0 A A L 1 3R ¢



2932 it A

Pl

L
&

Eitd 2024 4F:

B 2N R ECIR S s W 6. W, 0, W, b, 7R AT 24 2]
ZH OFRIRF IR
B ASYN 2 14 453 2K oR &SR - L1 458 2% (Smooth
L1 Loss), BfRTE R anA5(23)
lr; — y,| — 0.5,
Smooth L1(x,y)= 1
2(x,—y.)
Horb, 2, R A I TA) 20 1 B A y, R 5 S IR
A PN
ARSCHR A IO AT AL A 1 R
k1. MTP-Graph fiijil# Ay
BN« Z2 oA )P B BCE 4 X WD B[R] 25 T, T X
KA
i B YR AT A MTP-Graph #5272
L. #E X TR D,
2. WRHE T A SR A S BUERE E,,,, R [E] A S 80E

)

. (23)
> 1f|-rz_y1|<1

WE,,;
3. WAL MTP-Graph 5045 0] 5
4. DO

5. MINZrAE D, H B AL BIREAR D, 5

6 RAEAR (-8 EEF A%

7. WHEAXADEAX OSBRI y,;

8 T/ IME H AR B (A 223D PAs Rt 258 7 O);

9. WHILE (epoch70);

B THER T MTP-Graph #8920 72 . 1
6 DS A Bt 8 v v 1 R e A 5 14T

PRI 0E A S 8502 1) O 2-347) , FEAR A 11 25 4% 140 %oF
BEARYGHEA TN (55 4 2 747 » i Jm i I 1) A5 5 Al
AdamW AL XA 47 126 AL A6 B B 2R 2
1B 8-947) s il ad LR Y2k )y Xn] LIRBOE % )
FI) 7 s s e B R 8 — 5 A5 R AE DA SR A5 5 0
TR B TN 45

i B) A2 2% B AT < A5 0 1 R R DI R A e i)
ABE R O Horp LR AR 46 X B9 FHEA
B s 0B 2 v SO AR B R R) B2 4% R O 5
AR 3R AL S B s B I RN 48 O (1) 5
AR 5 i SR A A B A R ) ] 52 2 B R O(1)
IR 6 A A BB B 24 B OCH*T) , Hef H
FORBAI T GRU BT s AL YR 7 R B o) 52 4%
S OUMD s Forf MR SR B A B i8R s 2B R 9
/M B 5 R B B ] 52 2% B S O (D). BERLIE |
2 PR RMEAPAT PR IR 5 51 8, IR 1 AR
(6] 5 24 Bl O(Ly— T+P*(H*T*M|+1)). k1
4 B[] 52 2 P A B A 19 A B e PR R AR Rt

A LA RIS 2 P AR LE T A Sk . A B i 1
REDLH G AE 5. 475 5280 P AT R IE .

5 XWS5HH

5.1 HIEHEIL R4 E

S FE T PeMSD3. PeMSD7 L) & PeMSDS %k
P54E (https://github. com/wanhuaiyu/ASTGCN#
datasets) . b B % ¥ 42 ¥R H 38 E M s X, Hirp
PeMSD3 35 fE 4 T 358 S W ML #S7E 2018 4E 9 H
F 11 H 12238 3 A s PeMSD7 Bl 20 8E T
883 W HIAR1E 2017 4F- 3 H 3| 8 H Ay 2838 It f 554 5
PeMSDS $tdli £ i 8 17 170 M WS LB 7E 2016 4 7 A
21| 8 J1 Ay 38 It 1 A5 ah

X TR0 T A A A 0 R, AR ST R 4R A 1B
PORVEATIETE . A SO 12 A4 D7 s st [l 254 Sk B
NS FEBE AR 12 A4 B 181 25 1) i 1 VR A 00 285 5 1D
AT FH /NS 4 7 5B SR 000 A e —A~ /N 1 8
Pt AN, AR S AR v U — fb X A B R AT T
VISEIN FRESE TR Y I
5.2 XWIEE

MTP-Graph 3 F PyTorch HEZE SZHH , 3% 6: 2: 2
(4 L6 AR SR A2 300 43 S N R4 etk A A 4

X T A SRS . MTP-Graph 4 H 1 5 g {5
SAE N B A T SUR R A S50 bR )38 2 1) X 45
SR E B MR 1R - WIiR24 2] %k 0. 0003,
epoch 24 100, 7E 95 UEAE ot % 22 154> epoch BT 4
FE 2 0E U0 25 L i A 4EFE S 10, GRU BT
64, LK /INA 64. SVR H Z2 100 X% R B IR BCR 3.
A5 IEBRIE R Te-3, it A e R 0. 1; LSTM Ho
b AR 25 56 & R IR 2, BRI 2
£ 256 4 LSTM AT ; STGCN 55 8] 5 F A% K /)N
64, B AR AU K /N R 163 ASTGCN A E B R Z
BRI 64, D1 135 R 25k 2; DCRNN
g KB AILE E 250N 35 STFGNN H it i3 DTW
B R KR K 12, 23 8] B FR 5 A

F1 ZHSEEE

S8 {121

(e ES 0.0003
epoch 100
2T 1k epoch 15
i A HEE 10
GRU FIC M 64
Ej W NN 64
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0.01. STSGCN Hrisf 75 [F A5 SRR A B0 4 18U
RANFHI M 64, 64, 64 AGCRN YT R L
WA B ECH 2 MTGNN HR A B AL 18 )2 2 50N
3 PR B LR 0. 05.

Xf A A, 2K F MAPE .MAE .RMSE =&
PREATPERETAL , BRI A (26) s«

1
MAE = sz’:]m — i (24)
100% i Vi
MAPE = — > 5 | (25)
1
RMSE—/PZj’l(x,.y,V (26)

Horbr s PO SRAE B o 8 i A SRR LS y, 3R
TN TS SRR SRR
5.3 BEERZE

AR B XS R AT A 4 (D) LSTM
(Long Short-Term Memory Network)"™ , —fj 5%
1 RNNBEEL , AT LA I 9147 5 08 428 1t A i st
453 (2) STGON'™!, it i AP AU (9 GON Hifi 352 3

A28 e 5 (3) ASTGCN™ i & i) £ &
R S IHLTR R A3 TR B AN [ s 1A 2 368 it 19 2 [ R
[EARFAE 5 (A STFGNN ™Y, 3 128 fl A5 B ] [ R 4 ] ]
A b2 2] A8 I Y B 23 REAE 5 (5)STSGCN Y
B[R] AR 3k =28, X B — 2B [ R A (o FH A R
1z SRR T AL ) R Al i S U A B s R DG
(6) DCRNN ", fifi ™ H0 iz Sk Al 41 28 38 i 1Y
BF 25 40 O o I 1 Bl WL 3 S ok 2E AT A0 B
FIH 1 (7) AGCRNY fifi F A 3 I 2 50K i 4
s 2 T A B R AR A S ) A G
(8) MTGNN"™', F| R A Bk IR A% 1 )22 Ay 41 i
JZ SR A AR IS 1) R 31 A B s A ARG &R 5 (9) STG-
NRDE™, {8 F X 50728 #5 Bof T A AR 2 460 Ay 4 X 2
S P AREAIE 1) 5 1), I 3k A 2R B o0
KAt 3R 2 [RIFRAE -5 5 [R]RRAE
5.4 ZWHER

% 2 45 R SCHE A9 MTP-Graph A5 7 F1 9 A
FLWETJ7 ¥ AE PeMSD3 . PeMSD7 il PeMSDS %45 4
R 12 A ]2 S X e P e

#&2 MTP-Graph F1E # /5% 7 PeMSD3.PeMSD7 #1 PeMSD8 £ #E £ _F K FMiR 2=

PeMSD3 %4k PeMSD7 ¥ 45 PeMSDS8 %4 4
Tk . -
MAE RMSE MAPE(%) MAE RMSE MAPE(%) MAE RMSE MAPE(%)

LSTM 21.33 35.11 23.33 29.98 45.84 13. 20 22.20 34.06 14. 20
STGCN 17.42 28.78 16.85 25.33 39. 34 11.21 18. 14 27.92 11.13
ASTGCN 17.69 29. 66 19. 40 28.05 42.57 13.92 18.61 28.16 13.08
STFGNN 16.77 28. 34 16. 30 22.07 35. 80 9.21 16. 64 26. 22 10. 60
STSGCN 17.48 29.21 16.78 24. 26 39.03 10. 21 17.13 26. 80 10. 96
DCRNN 17.66 28.95 17.08 24.70 38.12 17.12 18.36 28.36 11.55
AGCRN 16.17 28.51 15.05 19.85 32. 69 12.91 16. 66 26. 04 10. 46
MTGNN 16. 46 28.56 16. 46 20. 82 34. 09 9.03 15.71 24.62 10.03
STG-NRDE 15.50 27.06 14. 90 20. 45 33.73 8.65 15. 32 24.72 8.90
MTP-Graph 15.03 26.29 14. 87 19.78 33.18 8.37 14.73 24.36 9.51

Al DL & B : MTP-GRAPH & T 7£ PeMSDS £
MAPE $& 45083 T STG-NRDE 4, A8 R H
L. P LSTM MR i 2=, A LSTM AL [ T
238 I A 0 B T REAIE I AR AR 25 [ RRAE . T (8]
P22 ) 246 P A TR 4 R B A, DROA R I 25 4 T
DAAT A5CHb A 2R 52 38 U 1 25 (B REAE . L DCRNN #:
SRIE ot BB FRERAE SR A A A8 38 I AR L (HAN B
T3S T S (14 s 2 A DG DRI T A R A 25
STGCN # t #y B 28 45 BB AT LU £l 47 4k
PR T ARG AR 7, AT B i T SO R 5
STSGCN i &A™ Bt [ v 48] 385 Jy S B 25 (8] L I 3k 282
SRR BRI Th TOAR AT B« i — 204 e 30000 %) o 1t

PE s STEGNN H 22 >3 [1] |81 F i [] [8] i 47 DF 422, 7]
DA R0 b 2% 2T BRI 2 DGR L (H i T DR E )
B3 SR R AR X LT R ORI B B E
T AR A PEBE s MTGNN 3l 1 1R A BRI AL 35 J2 il 42
KA B AR S RAE o (H MT GNN 7E I ) A A 2 B
FAFEASJE s AGCRN X [ 15 107 Fp 9 4 A4 o5 A
FH B (R AR DA 27 2 B0 SRR AT I s
P T IR RE s STG-NRDE F1J F 4t 28 KU 1 o3
75 KA B AR 25 [ A 5 st [E 4 AiE o 0E— 2 4
T HmERE .

Kl 4 J& 78 T DCRNN. STGNN. AGCRN I
MTP-Graph £ %I 7£ PeMSDS ¥ 4 4 E 60 434 4
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Epoch
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I
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Epoch
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K5 MTP-Graph il AGCRN 1A [a) 5 45 i i S5k i

i 3f 5 AT LW %2 B, MTP-Graph #H 3 T
AGCRN W G4 B 5 b, (A5 Y /& s AGCRN
{1 HH 38 7 oK BIOR i SRR B L B0 IE T AR SCHE 1Y
2 Rl SR I P 45 5 B A R TR (R 1 2 Rl
SGHRE . o N AE TSR] R A A 25 (R AE )
B R T I ERASE AL (s S B L IR I R A AR

F 34 T MTP-Graph 7£ PeMSD3., PeMSD7
FPeMSD8 BHii 4 1 (1 7B YN 25 Bk ] K 353000 B 1]
AT LA B B A B A v W o, AL |
R 8] 55 79000 HsF [ B 2 34 0 48 40 - PeMISD7 54
FE 1Y WY 5 K0 A 883 1 L it £ T PeMSDS H 4
AR WS Y SR 1704, B itk PeMSD7 %4 45 11
YIZERET (] 5 T30 sf [i] B 4 55 F PeMISDS $icdli 45 . it
A1 AT LK B MTP-Graph E A 804 0 & bk . bl
BT RN VIR R R A I K

W A B A DG A 1 I [E] & 2 oy
Brad SR —50. Behh, B S BCR B , Sk  sf
(] 25 A A K 328 177 3E B MTP-Graph 535 (4 15 0 s
] BE A 3
5.5 HEhSCIE

L PeMSD8 £ 454 5, Xf MTP-Graph #477H
S LB T AR IR (1) A B B2 il
B 1) MTP-Graph-V1; (2) A4, & B 45 4 # Bk 11)
MTP-Graph-V2. %4 JE/R T MTP-Graph & HAR &
IFE 124~ (8] 20 1)~ Y PFAh 845 , AT LAE H MTP-
Graph PEREf A . MTP-Graph-V2 HaR i T4 SCHE
R PSS ERR T A 50, I ELIS 22 B — i
(VB R, S AT B T30 o B X Asf 4 R S — At
T RE PR R T A MR  JRE G T R DL AR ) R

&1 6 FE7n 1 FEA Al 8] 22 MTP-Graph e H A2
TR PE R, 7T DLW %% 21 78 AT =B [E) 22 MTP-Graph

=3 MTP-Graph £ A B ##E 5 _E #9)ll 2R B 18] K T B 1) R4 HRASIE
KAk Y2k 1E] /s - epoch T i) /s FiA MAPE/ % MAE RMSE
PeMSD3 187.8 15.98 MTP-Graph 9.91 15. 41 24.75
PeMSD7 228.6 17. 81 MTP-Graph-V1 10. 34 16.03 25. 40
PeMSD8 69. 83 15. 32 MTP-Graph-V2 10.15 15.75 25.10
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results show that MTP-Graph outperforms other algorithms.
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