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Abstract Spatio-temporal data, sampled from complex dynamical systems, is ubiquitous in real
world, e. g., traffic flow, meteorological records and energy consumption. Learning effective
feature representation from spatiotemporal data is the foundation of spatiotemporal data mining.
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The existing models overemphasize the statistical correlations in the spatiotemporal data and are
susceptible to spurious correlations, which makes it hard to extract unbiased and robust feature
representation. We model the generation process of spatiotemporal data based on the structural
causal model (SCM) , analyze the causes of spurious correlations in observations, and propose a
spatiotemporal causal representation learning method based on temporal bias adjustment and
spatial causal transition. Here, we focus on two challenges in spatio-temporal representation
learning: (1) Eliminating temporal confounding bias. Existing models fail to handle causal
relationships and certainly not eliminate the influence of confounders in temporal domain. Hence,
the second challenge is to remove confounding bias and extract unbiased temporal representations.
(2) Modelling spatial causal relationships. Limited by predefined graph structures, existing
models are susceptible to non-causal spatial spurious correlations so it is significant to recover
underlying spatial causal structure under causal constraints. First, we eliminate temporal spurious
correlation based on backdoor adjustment. Then, we construct causal transition network for
eliminating spatial spurious correlation. Finally, the downstream feature decoder applies the
causal representation to downstream tasks. We tackle spatio-temporal representation learning
tasks from a causal perspective and analyze the causes of spatial and temporal spurious correlation
in observation data. To the best of our knowledge, this is the first at- tempt to apply causal theory
to spatio-temporal representation learning. Experiments on two real-world datasets show that the
proposed spatiotemporal representation learning method effectively avoids the interference of
spurious correlations, enhances the stability of the model, and reduces the prediction error of
nodes with sparse data in two downstream prediction tasks by 3% and 10% respectively.

Keywords  spatio-temporal representation learning; structural causal model; spurious

correlations; backdoor adjustment;causality relation

20234

1 5]

i1

I 28 Ry 2] H AR R AR SS AL I s 4 25 %
PEHAL N AR AE AR AE S AR (il L RE A AR AR
I 2 B gl v v AR RS R R 4R = T AT 55 1R
RE . I 23 78 5 o i I 25 B Hs 2 4 40 ) T 5 AR
Ay JETT N TR RE AT I R RS AR S
.

23 B B A i e 2 B AR E PRUR S5 1 By 24
W PRSR AR AS RS A 22 A T il e i Jt
RGN A T ] (Y DA SR AR 188 e R L T AT 0 v DA
PURIE S &/ g e 7o Pk R (R AN DR SR E N esY P S €
S P 7 (] AR I 22 ARG 287 A 9 SR T >4 edle
Aii K AR AR IS AR S 2 Bl 2 A2 . SRR 2SR
7N > 5 VA R I s e A s R A A T
LA I e P ERAS g TR 1 s AR R 81 d e A
PR 22 Do 25 55 ] A AR 2 10 2% A UL e
AR R 2 AR S L SR BBURF R R I T 5 e R ek
25 P B TN A5 R AT 55 . AR TR M 4 I 4% 1 Jin g

TS ORI S LS T B R SR T
P T B A 110 AR 1 A A 2R g S R 45580 T i
S o) SN B i AR 0 B s A O . — T
B s TR 2 DR 3R 5 3503 o 5 5 T 245 SR [m) A7 A
AW DR 2R 118 R A S B ol A5 75 7 AR 0ok R 2 1) 1)
AR SR RZ A 5 55— 7 I G B E S 35 R AR
OCERTY S TR] 7 A AH G HE , [ AU 7R R AIE 4 B 7 vp
32 B A5 18] 2 R B St g ) O I & S 80U
BT AT D A B 25 3R o (U 55 P RE KR T I
FER IR, TR 2% R 32 i g sk 5080 5 T 0 285 SR 1]
AFAE s 350 BORH SC: » T RE r E R AR 48— 1 S 4L
25 [] T AR [ 45 A5 AY B P AR DG, 2 T A
] Y 2 Sk, R BUR I T A W P R R . 1)
J R T I A B A s 3 A PR AR R 7 Sk s AR
PR R ) g B ) PSR S R, e XOR D s Bl Y
RIS, C iR A2 FT REHEERAE . T
i 2 50 A B R Y AR G AR X —> Y I BRLR
AR . BHSRRIE FT O D7 S 8 X fEiR 2B C T
A5 IR W25 R Y, A (X, C)—
FT— YRR ER . BERNERCERNXE YRy



124

xR BEAE . STCTN :—Ffr i T ot i e A 1E 5 2 SR R AL 388 fy I 23 PR SRR 27 2] O 1

2537

VB X< C>FT— Y HEM X5 Y 1™ 4E
REABAH I . e B TR 2% R 2R A U 0 A B AN
Yyt s A ) T S 7R R h oA S
AE ) P PR o 3 71T 20 Wt 7 K030 4 v 0 A7 i 1) s
] 5 5] Fir 22 & 19 M 0C 2% O 4 SO i 79 1) J5
TR

DU FH 4275 R A 1], 1 1) JoR 1 A4~
DX I H AL A4S T SR AR Al A 0T AR DI
P4 SR S B W I HH AT v W P 75 SR A TR
R B S 20 DI R A R U S R AR e = A
AT IR TR A . AR AR XS R AR b
I A AIAE N it A rp i ) T2 2] B s e — e
ey WA 1) P S 17T 20 W e v g — /i e — I g e
RIS P AR » 2 BBOCRAT 2 B S P 14 XSl A vy U s
B s R A IS L A DX P AR A T R
o K5 AR SR ] (TR A4 R 2, A 2 52 HL 52 i 2
WA i 2 78 1 1 R AR AR 2% O 177 ( confounding bias).

eSS b BUAE 7R ] 22 J2 A R 2% 01 4k

Fey 3 25 A 7S o o AR DR SR S IY A5 ) 7= A 25 Sl g 11
FHICAE . — 5 100 G 17 PR AR A R ) A 5 5
AEPRRSE R L I — 7 i 76 2 2 B G B AR R XL
[ 4™ FC 1] P DGR SR A1 i 18] n] BE A ST B9 23
[AHSCHE . AN 2Ca) Bz o 7R 18 B3 TRINAE 55 7
K i BEBE AT A I BLE] AP AL B i AR A
Forp TR 0 3R B BUUI 3 L SR R B BLIG T .
B 2Ch) Bz AE R ALA R i B A 5 B B L i
B CAAAE PRSI . BT B A Ll fy Pl 2 AR
T, o> fii i B B A5 % BE C o] 7= A A S . S b g%
BB A 2 S BB C RygH3% . NIk B 5 C ]
FRAR S 2 K B OC M . 7R E T AR SCHE R 2 G 25
FoR s IR BN B B T % B D AR
AR ARG B 5 C [ AR SN B 2 DA B C
LA REAR T PHBEIR S L BE T 45 B DR AR S T
HEAh A A PR SC R R e 27 P iR A 2R G
IR HE LA DA S 6 SR (i 1] 52 ) Ay . A
DR DA 2 S50 A7 0 ] P PR A PR R S BBt

TGl SO O IR AR RIS MR S AN Y S

150 — WA EERR B

lgg | b i —wmeremy | EPEXAE
09-06  09-07 09-08 09-09 09-10 09-11 09-12 09-13

,618‘ Al \r\/\ A n\r “’1‘ M | ’TL iy —HE AR

] r I r [ ! (W o
‘ | W V) d bl W —wmETEmR ‘

F W”MM Ww WMJ\WJ M 1| T
09-06 09-07 09-08 09-09 09-10 09-11 09-12 09-13

(b) ANEISSTY XA AL 2 L AT 7 R

(SRENEE AP EES SN

(a) ZHRBARIE

BIESE

JE AR KA

e

(b) H&BeMi A

K2 =R AR RS

S IAT I 25 R o7 A Tk — B R b A
T AR B B AR S L (BT A A DA R L AR )
(D W TR R IATAE AR AN 2 v
UL AR GEI 28 3R 27 2] I i) T R 5 1T B

P R SR AR S o 2 T 412 BT ff P R 7R T
At . (2R GEN 23 Bt R s ) IR TEA %
JETT A B] DR SR R AR S AL AR T 0 s R A
FEERIER S N 2 R B S S I AR AR A



2538 it

'

SROCHK, 77 R M s | (3) BUAF I 1wk LA ML £ 41 v
I DA T VR A DR SR DG, T ik 4 T AR 1
(] 7 2 Sl PR SR OG 28  RARTT BEA I  RR
T3 Wil 2 Xof o) 23 H0af A st i v DRLAR OG R Y A
TEREABARDCPE RS2 A 1 A i 28 30, T
R R AT S5 PR

R T AL GE AR IR, A SO BRI T 4
B 28 R 2 AT 55, $ i 1 5 T Ik Bl fis 3 A 1 E 5
23 Bl R R A% 38 ) B 28 PRUR RO 22 2 ik Bl E AT
A FEEIRT (OSSR T i 358l £y A58 1 1 1)
Sl DR R SRR G A 4 5 AT ST 23 B v ) B AR G
Z . 5T )5 111#% (Backdoor Adjustment) 7EH 3.5
B [A) T A I I S R R SRR i f 5 Y 7 B B Sl
TR S B T 4 BTl 1) B R SR R 5 (2O A
SCHR T A Bl PR SR A% 3o 1) 22 Bl PR SR e i i
g g PR SR A% 38 R P R A it ) P S 5 Bl A R G
F IR AL 128 I 2 A5 TRl g PR R A% 8
TE R TR 2 SR ABORH DA %) 5 0 I B B s PR 2R3
7 5 (DA SCHE H 2 T 45 5k A (Node Embedding)
(1) VS A D] R A 308 R I 2 i 30 o R I 0 e SR s A
iy A EE B N 2 ) B AT AR S A RV AR R
SROCIHE R , AR i [RI TS 09 20 25 PRERARHE o DA T
AT AR A ] A S R AR OC R

AR FE TR AT =

(ARSI PR R A A T AR ] 25 H0ai 04 A= ok
o DR B 00 B8 Al e 5 A8 1) Jeg BV T 1 £ 2
3 A LI SO TP R ABCRH DG P Y B 1P ie T I
TR A% R 32 B 2s S5l b AR DR R OGS RRIE 3R A2 B
sug AR

(2)% BRR M Ay e 30 1R 5 TR B 2 ) 155 8
B PR T 5 T Sl ey A T 55 7 Sl PR 2R AR 388 1 B
25 R R IR 2 ) J7 ¥ STCTN (Spatial-Temporal
Causal Transition Network). i i % B 38 ¢ fiF #F 17
F AR A I AR s B % PR A s L R A S0k A
T A S A X AR IR 2 s A et R AR S e, SEIE T
To i e i R R R 5

(OEET WA B B AT TR S5,
5 F I 25 R 2 2 J7 B AL AR SURE RS A R T
T RURE S PERE . SER s R T AR A T
5L B 2 B A A A AR AR B 1 B IE T AR SO R 4
Uit LR R A ROE

A SCER 15 A 28 B S BRI FROR 2 2T T R R 2R
PR 2 ISR IR .5 2 A AR SRR 1Y
FEA TR RIS 9 R 1 AR M A R] ) . XAk

¥R 20234
N

S SC .5 3T AR SCAR R B I s DAL R SRR 27 ) O
SR ATl SER IR T TR BT S . B
IEPSEie'

2 MHXIME

2.1 B=EFRRES

1RGN 25 3R 2 20 T ik TR i 2 5l N 2
(R 23 A S . FEAS IR L, R T R IR T S MAETE )
JERRILHLAGOCHR  BIFFE T4 A g i IO
T2 24 SR SRS SRR L Yu ST Ok
GOCN FH 52 38 7 T 45038, P % B3 2 A s
B, 456 — e B B B S U0 % B . LiSE
OCVE B B B A bR EOCR AR L 4 s
HFAmME EWEERR . Geng 55 A7 [E 3] H1
A EIFEFAEZS (8] 5C R BRI PR 2 8 T 2 BB
PR 28 T AL AR T . Ly 88 N T
— TP LT R0 45 ik A B FRZEAE LK 25 [l {5 8 Al A 1
A PP AR e B R, Song B AR T — Rl 3R TR
B M 73 R IST & LA s AN [ i B3 ok
JEME AR M . Qin SN T —FP L FooE )
(5 1% AE/NFEAR 2% 2] 3 55 T iE AT o 255 8 o T
Wang %5 A2 31 00 B 55 717 a5, 18] 58 H o 19 A
KA T —Fh AT 552 I HESR A2 A it T
1195 577 4 28 1 TONAT 55 rp L S 05 8 DA v )
RO 25 R B Bl A A (AR I 4
T —RYET S SR 28 TP R4 2 ik,
FE T 557 I ) el 2 g [ sf R 235 4 the 76 R I
AL T AR RS B A R v il PR SR Y
SUAL = A R AR M B IBCT A D 9 28 Sk R . A
B b REFBAAE S — 1) S 802 [0 N AL T
o1 25 [0 45 5 5 A B e 2 X 44O T A ) AF S L 22
W T RG22 S L Bai 258 AV THR B A O I R
TR UH 1 2 BRAR Ry BT A 19 A543 TG 1 s 2 4s 1]
ER A SR A IE TR R 51 E TR 2%
i S EURBCA i A ISR . IR 7 A%
TS BIEAEGIT ERAHOC R B2 X R C R
R DT S AR SCOAE DRI T sl B 1 AR DGR 14 52
M) o - L300 ek — o oty 0] o g Y11 2y =2 20 5 A )k
FE I PRI ST DT AR RS A AR s 25 s
2.2 EARFEKFRES

PR SR 7 2 > 2 46 3 ik AR AR v i PR G
o G R BORH R 1 T B B G AL A B P B
AR R ZE R AL RAE. PRI R 2% ) A AR & T



123 XS BELE . STCTN : —Fp Ik 3 A4 1L -5 25 4o PR SRA% 338 1 s 25 TR SR 38R 24 50 vk 2539

Bz A Bl S Bt i g™ 32 B - B L 4 il
AL 2 2 0T AR R 2T DR R
72 T ST A AR SC TR . Lin % N 7E
SR T A T EA T O B R A 5
T PR AE BIAE SR DL BRI D bR 28 X 7 A 45 2R 1Y
SR Liu 88 58 o AT Az sh X b i Bk
YU - JRURS TR 2 MR PR 2R R ABCRFAIE  PRAIEA T iz B AR
F 5 P A AT SR DRz Bl I )
Yang 55 AL T AR I3 I S B 45 A 8 1] 1 rh o ST )
SO ER L i o T PR AR A AT A R S AR B
B Yue 25 N5 J5 11 48 25 BR /IR AR 27 ] (1]
1 Pp T 2R TR S B R AR 5 AR 28 T 1] ) O
RO AR T A S50 0 A SO BRI AR H
SN 7S i Al L1 IS I 0 A DO DTS DA NI S
T SRR 2 SR L AT 5 5 T I s Kl v A
TG Z O ER AT, 38 2 2 PR A 3 5 s 3 b ) R AR A G
P TSI 1 PR 38

3 EahiziR

ARWFFEEE T —Fh R T B2 2R )
J7i% 5 1T #& (Backdoor Adjustment) J& 45 #4 [F S
RV ol R o G A = S P s P N o
R 5 VIR A A SR T X I 25 R 2 o] [l R A T
B lsE .

3.1 R

W 3R e A R A S i XL S5 R/ Y
R i Z R B G, RUR 5 2] 1 B 2R i X
5 Y Z IR B PR RSO B D PR AR i XA A AL A
BUE sz a5 LA Y. TR R ZEXS
Y B LA TR R 5] A SC A T 7E A (W] 45 4 4R
HL BT 20 AR X 5 Y 1 AR Ot AS B AR

&3 HREG

A RN R ABORH G . O 1 T BRI 28 R AR DG 75
B X < C— Y IFAERUIRERAR 75 4540 PR R A R
BLe bl H S TR AR A i Z 5
PRIAZ B XOMUS7, LA B R AR DG 1 48 HoAH G
XanF

EX1. BIBE. fEHREGHh—XEF
(X, Y ), X Hh ARy I R AZ 5, Y FR R &5 2R 8
L WEORAPE— SRR BB R X 5 Y, [ 2
i 1] J5L A 2 B XORNZ8 R 2 B Y I Sk o DI PR 3K 2%
BRAXEHYZRBBET#E (Backdoor Path) , J5 1]
FEAEAE XS Y RIS 1 AR PRUR A DA DG

EX2. BRITEN. RBEES ZHE (D2
YA XS0 (O ZBAIT T X5 Y Z a4 4%
JE TR MR Z 0 06T (X, Y) 1Y S5 17 i )
(Backdoor Criterion).

EX3. RITAZE. WRERES ZWHER]
HEN 7 Z FT I I AL R  A2 B X5 Y R] Y PR &K
LA p i DI R A SR A -

P(Yldo(X))=> P(Y|X=x,Z=z)P(Z=2) (1)

Hr, do( X )R XTEAZ H R R E T
W R FAME B8 T 1 (Gntervention) ™, Hoil i )
Wr 7 X5 Z 0 PR B ARl b Sy R BR T
Jei Vs AR A ST B R AR DG
3.2 WEFRREIEMIAHLRLEN

95 5 B A5 TP AR X e RY P75, o N5 4
Bt D AL, S it e A5 ER . X, e RV PR
TN ¢ AL 3 T AT 1 S B AR R, X e RP S
PR o 2 BRI RS . X T QAN A2 1 1y
LI ECHE X, o ERYPC BT S ROR2E I H
A2 2 2] — A5 B 23 B e B B REAIE 2 ] v (9 e 28
GBI As £ (o) RN P2 Qs RNH AR 32 BT $12 B A0 I 25
FRBVFHELERE . 250 — DR eREL L () X T RT A
IFIR] A ¢, B 2 o 2 > [l gl JE XAk e SR

= ar§min zz<g<f(xz+l:z+(2)>, Y) (2)

Forb £, g Rl A Al o ] SN S i A5 AR 4% . Y
W) S T WA 55 B0 A L B, AR e A ST 55 o
Y=X, o € RV "L FORTR BN A AR EAE DI A

4 M=EREEMNEERESEERE

AR SR M — bR T I Sl i R A 1 45 25 SRR AR
125 PR I 2 DR 2R R 5 2 Tk » BV 2 PR SR A% 86 1) 4%



2540 it

'

EE ¢ 20234

STCTN  (Spatial-Temporal Causal Transition
Network) » 5 {4 o 28 185 8 32 B4 & = A~ FE 4
sl PR R R Gt 2 L 25 Sl PR R R Gt 25, TS T
{55 fi it . I AARSE A AN 1E] 4 o 38 i 3 2 I
PR  7R i) i 55 2 Sl IR SR s Gt A 45+ 328 P B di
Y 28 PRUR 3R IFA B Je — 4> I ] 25 it 0 AR
PN AR i AR i I 28 PR FOR e JE T
T{ﬁ?ﬁ%%ﬁ&,ﬁ@ﬂﬂf PRR 378 I 204y v 21 3 11|
<7 T AT IR R 22 M) P B 4o 2 1 245 R
”14%%*%51‘?*93%@”” AR SRS R
AN TR] 9 e A I AR . AR SO A |
T TR I 25 A K GRU , FE A T 1 A
R 2 ITIR I BRI AR D R S i R AR O .
56 X SRR AR N R A R A S B R

Nt iﬁj%
! I WESLEZN: T '
RERL AN 2

————————

1
Fs I s VN
PSS eMmR | s |
1
1

(] A 25 2R AT A R AT TR e S T
I B SR IBOIC i 14 P S DR SRR 5 25— T i » A 7
VA 22 J23 11 46 AR 26 5 i 7 T 1] 181> B0 i) 4
FR PR A i ] B 25 TR DG AR AR B AR 1
JERFRAY AL REFIE T AB] IAN SR R i 2 2 B4
LG AETT AFER G Bt — L5 A T %50 |
A RE B DG . AR SR 779 5[] 5 T i P A e A o
PR ) S DR 2R A% 3t REL R 1) P A1 SR A% 3 I 246 A A
AT R BAL R R T T e Has kA
U (S I 111 RSN LT Eesgs (ISES S
Z5 o DU A3 F 2 8 1 ) R A 4 DR SR SR L AR ST
FET M 30 07 15 >0 1 R A SR DR AR R 2R
RATE RS AT Se 30 MR D0 A I8 R A= v
TE PURAL 1

|
|ORREAAR | ZIRBER

I
I
I
I
: VERAIS ORI R AR
I
I
1

1
I
I
I
| RRG . R R | :
I
I
I

B4 STCTNH R R AR L4 4]

4.1 BT8R R IE B FHE E RAFE 46
RGeS 28 7R 2 2] 5 ko1 I e Iy s s
55 AR R B 8] B G AR S, 220 1R PR SE R Y
AL TEIR A U ER BRI T AR 1] T 3 B — e
4 B SRR AR i BOA i 28 78 3 ol B G i TR 4% i
fay . SR TR IE A 5 1 B A SR S AR SCHRE T

Jei IR AR BTG i 1 s 3k 8] SR ARRAE

PRAF TN AR HRY I Py S0 08 X S5 A4S 5 Y i
FHOGHE SR FHAE R P (Y|X ) Sk G B 25 ) 51 5
Pt v (s AR PRI R CIFFE . X 5 Y2
B X< C>FT— Y WG T#§#E S 809 5
(14 R S8R AR AIE 52 31 5 T R BURH Sk i 52 i %



12 14 XS BELE . STCTN : —Fp Ik 3 A4 1L -5 25 4o PR SRA% 338 1 s 25 TR SR 38R 24 50 vk 2541

RRHER CHBBUE S E N C={, ", -, )
P(Y|X )Rl 8 ik

P<Y|X):iP(Y|X, FT=F(X,c"))P(X)(3)

o F (o, ) B IR B 3 OB AL, P( X)) Fom
T S B RE AR XORN 45 28R 4% o SL[R] B A AR L 7
KEEEOT s T AR A i, D7 s B
RXEHIRIRNE CRBELI SR &, S8
T HE B AE BT 005 1) T~ 3 2R 401 26 s B0 A — g e
B 7 AR o RIAE TR 2w 3 . Sk 7 T B s 508l X
ST ZE ALY 0] A R ABORE D, AR SCHE T I 1 4
NFGEH P(Yido( X)) B4 P(Y|X ) LU T
RER. WE SN, IWEAESVIN X5 CR R R
BAE A X5 CaL, A P(AX)=P(c*), S
Wi X< C—>FT—Y®JGHE. HRIRENEC
e B R AR G, P(Ydo( X)) ] i R 20 i -

P(Ylo( X =3 P(YIX, FT'=F.( X)) P(¢*) (4)

h T R AR SRR A TS S B
WIRAN R CIRMNE BI04 N C~U(p)ph
TRA% PR 2 8 AT e BB B

o) ()
() - ()

i N CliD

K5 1T

A SR TG 28 550 (GRUDAE Ry i (R R
FRAE SR BB R 7, (X, o), It Ta] 45 1 N TR 2% TR R B
Rt A BRI SRRRE FT R B an
W(/“Yz)X/I + U(/i')Fijl)

ri=o(W} X!+ ULFS; )

H!=tanh(W*X!+(r/QU*)FS! )

FT!=z®OH+(1—2!)FS, , (5
EEPWﬂj@ﬂ%@ﬂi@ﬁ%%ﬁﬁﬂ%ﬁﬁ%@’ﬁ

s o(+)fR3R sigmoid ¥ IE PREL, S, AR L —hf
lEﬂbF P B0 23 3 R SR R AE , PSP R Ak o
SR .

B A AT S R s 3 PR SR AR A L 45 5
BRI AERE FT, 40

zi=o0(

1

FT,— BatchNorm (( ; )|| T,)||-|I( ;FT,P))

(6)
Horp | ACRAE T s 4R b A 5E MR PR AR AR
BatchNorm (+) A4t 15— A # A% , Bl 186 B2 I 2, I
PABTADS S .

AT HE Tk 5 AR T T PSR
T s AN RIS S50 B 23 7 40 43 B ok 37 g A A4
Fo» BEMZE AL A B 5 DR AR AR 5 L, Ry 1 (S A
ANZAR I ity 52 ) R S T 1R  s U0e 17 C
5 XA PR B AR L (0 D7 s B A A SR N R 45
BEREE G o B AT TT g A B DR R ARRALE
4.2 ETFTTIHERE®BNTEERFERD

IR A AR TR IR T ] A BRI 8% S 05 5 ) A G
PRSI AR AR PR R ST S RS AR B ORI A T
PEITC it 1) 25 3 PR SRR AIE o A SCHE A 2 PR SR A
P () B Al b, 2 1 PR R A% 3 X 28 (Causal Transition
Network)@*ﬁ i [] () 2 Bl R SR AR b T 7R L R

186 I 25410, 7 = jﬁ/\ T ST S A At
IRAG A I, AT A Y i s R R AR B G R
VR FE T A AN WAL R R AL B R B RAE T

SUA] Y R R AR 38 OC &R s Jie i o KA R R A i
%E%Tf‘ﬁf?ﬁé)ﬁ PRI R

& 6 BT 7 B DR SR A s 1o R T o o7 F8) TR SRA% 32
e A W] RN

0O 0 02 0 0
07 0 0 0 02
A=[03 0 0 09 0 (7
0O 0 01 0 0
05 02 0 0 0
/ Q@//\ ’ / SR RAHE
705 0.2 0,1 IR R A

eI T L

K6 2R R A% 1 i

FEESRS 4750 9 TC R R LAY i Dy S it A
AR, 1 AR AR Ry 28 SR 1) DR SR DG I iR
X7 5 AL ZE 1 5 BLCLE B B SRAL0 (1)52 M, H:
2 R R i AR TS R o T R O
2. =07Xx,+03Xx.+05Xx, (8
Hrhzy,xesae BB, CL E BB HTRAE , R



2542 it

'

¥R 20234

G AT R R AE Rl o R R A s T 4% T 3R
A
ar=A"xaW (9

Horp A" 7R DR AL 38 50 MR (0 FG B WO TR
FENEAEFE 1) AT 22 2] ZBUR FE

R TR R A PR DGR M T R R
LI A M o LA

(1) 22 B P RAGB HE  - A8 BAT AR i) 7= A
PRI SR OCHR S T AEAS [ Fsf [A) B P =5 a5 TR 14 58 B PR SR i
FEANTA] a0, 7 AR T R AT 55 v ot A ML) R
SRE MRS RIL G R B IR BT oK 8 MU . 7R
WA s s o S DX v e R AT B BT AR X
o BT SR T B e DA RS B, A XS e
SR g S 2R X B S BN IR TG oK . P A Sy
A8 PRI RAT A I T BE PN 1 A B A5 A L
R AT B N AE PR R A R 2

RS
R N
Ap=D"A,.. (10)
Hoh D OAERE A, BV S 4 I ) 2 ¢ ) T ek B
s W) 23 3l DR SR A 38 e PR AT 3R R
FS,,,=A" . .FTW,., (11

Hp FT, ﬁHTlEﬂL/FZT?mEXE’JHﬂ"jZI%%?E’A’ ,,,,,,
R [RLBE m P28 L R RAG SR B A 5 B W, R R
ORI B A 0] 5 2] SRR FS,, RIS R
(14 F A8 T PR SR A% 3 1 P i B F 2 Jal R SRR A

(2) VB2 8] PR SR A 338 0 1 - 6 TS 96 F R
FE ) TR SO P L 92 81 T A i A DR SR O BR
Ry TSR AL KR b [ A T S R T AR R R AR
AL L A SCTE S ) 4% 1 32 F2 v i 31 9 (End - To-
End) b Az i PR SRAL 36 H B A L, » 5 BT 8 8] 2R
IR Y B A5 5 LEAS [ [ 25 P 5 2 20 ST %)
A i TERFRIZE ¢ P, Hoas A R AL Je 3o 2 T s oy

FS.p.= Ay FTW ., 12>

Ho FT, g if (8] 25 ¢ 8 32 U I 0P8 SR AR R AL,
USR5 ¢ A8 H PR SRAR S8 R A e s W,
SRR T 1) 7T 25 X SR, FS ., BRI R
(9 FH 1 3 7 PR SR A% 38 o i B8 2 Sl PR SRARRALE

TEN RBGRBZ WSO  BEGE M EE T RE
P T DR R A% 328 4 P 2 S B R 1) ok 2850k Rt
R PRIHOAS SORAE A E PR RA 5 RE R O3
=

A,,dp,,:softmax(EL/Ez"f/) (13

Hrb B, € RY ORI ¢ i 1 B A i AR
o B, € RY ORI E] 22 2 1 47 5 1 25 i AR
4 D 2 Bl PR R AR i i e T S

FS.,,=(softmax(E, EL)" ) FT.W,,., (14

Wt PR, I BB N XN X TR
BEFI2 X N X C, X T'(N>C,), [RI G S0 A% T 3
SRR, Il R AR S B B IR A

i« il PR 28 R SR A% 3o Ao e rh B LAY 2 R R
JRRAE AR K

FS,=AGG(FS,, . FS.;.) (15)
i AGG (o) B A sREL A SOl SR ARy

B PR, BIVHEAREAE 0 6 IO A7 B SR RN DA A A
fHF T HE A 25 Sk R R AR A M B2 RIS 5 R
— i ) 2 r s S PR SRR A A

5 A I A R TR ] A S e ) Y
SR P10 DR SR A 3 o I 7 PR SRR A S A4 a1 ) )
23 Sl DR A 3o o R L A RSGRE T T IRAE AR o (BT
TR 285 A9 5 1R R DG . 5 ST-MGCN 5
I fifi ] — TG 1) 3¢ B R[] 5 A4 SCOR 45 s 1)
BER T A5 R ) 25 Sk A8 HA R T R ) R R R
DR SR A e I L R A5 B BT g S R DR SR A%
TR, 2 T AE 79 057 ) 58 L PSR O L e Ah s AR S
HH — 0 A R R DI B A 1 v 5 DA vh 42 9
7 A5 TRV DR SR S, O3 e o D S R
R A
4.3 THFESHRE

N 55 AL A B e R S — A QR
(Rl A R AIE PSS o WL BT 55 BIr s R AR 25 [ L L O F
3 3 ity 21 3ty 1) 0 XU G G A 8 O 4 B 25 PR AR
IR AR SOl M G 4 R R AR S A . A
ReL. U E Jg i R 50 . it 4t 5 Y il 6m

Y =W.(ReLU(W FSo)+6,)+ b, (16

HorR Wiaby s Waoo by o A543 2 WO RCEE R B kA
for B 1 45 TR WA A5 R IR G  AE RN 5 v, Y =
Xo o €RY VL FORTF I B AR BT A

5 ZWE5HH

5.1 XWHIERSEHEZE

A SCFE NYC-Taxi, XC-Taxi W43 8 FHL %42
ITHER R 5 B HE T 520 P O i 23 PRUR R
FHT 28 P ST 55 . 3R 145 0 T Db A5 s 48 i
XA TE AR AR B



124 xR BEAE . STCTN :—Ffr i T ot i e A 1E 5 2 SR R AL 388 fy I 23 PR SRR 27 2] O 1 2543

R1 ZBEHIES

EAEITE S i ] 225 ARG X 3o 5 POLFPE POL% &
NYC-Taxi 2016/04/01-2016/06/30 30 735 780 90 SEAG R B T AT VR ARAT 4867
XC-Taxi 2021/05/01-2021/12/31 89 806 692 263 SEAG R B T A BE R AR T 2596
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Background

The research in this work belongs to spatiotemporal data
mining. The spatiotemporal representation learning task aims
to transform unstructured high-dimensional spatiotemporal
data into structured low-dimensional feature representation, so
that it can effectively represent the potential rules and
knowledge in spatiotemporal data, and improve the
performance of downstream tasks. Spatiotemporal representation
learning 1s a research hotspot in the field of spatiotemporal data
mining, which is widely used in intelligent transportation,
urban planning, environmental protection and other fields.
Most spatiotemporal representation learning methods usually
model the spatial attributes in the spatiotemporal data as a
graph structure, and the temporal attributes as a time series on
the nodes. The spatiotemporal correlation in the observation
data is modeled through recurrent neural network and graph
convolution neural network, and feature representation is

extracted and used for downstream tasks such as anomaly

detection, spatiotemporal sequence prediction, etc. However,
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due to the imbalance of the datasets and the limitations of the
model, the model may learn the spurious spatiotemporal
correlations in the observation data. On the one hand. the
confounders in the temporal domain lead to non-causal spurious
correlation between historical data and future data, which
makes the modeling process of the model affected by
confounding bias in the temporal domain; On the other hand,
the graph convolution networks lead to the non-causal
correlation between nodes, which makes the model affected by
the spurious spatial correlation between nodes in the feature
extraction process, and ultimately leads to generating biased
spatiotemporal representation, which greatly degrades the
performance of downstream tasks. In this work, we present a
novel framework named Spatial-Temporal Causal Transition
Network (STCTN) , which eliminates confounding bias in
temporal domain and models causal transition process in spatial
domain. The proposed model effectively improves the
performance of downstream prediction tasks and show its

robustness on nodes with different types.
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