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HE HAEAWENLAFRELARRNZHAEETE 0 RARIAT &% K E. ATEALH
FEHSEHERFEQMRBEA, IHRETERETHEZN., ZHEN, EENENREL
BHAR— %% AAH IR ENERBE T RB TR EE TR, ALREARGRY, #
AT RERREFEN RE BRI EMERX (B R R), &2 8B 500 R T
AWHEAEEX, RREMEE. A THAZ P, AXRET — M 2T 8 ko M AR 01 30
REERANME, FriehmE gL T ERERANE, LI SE b o =R TR A K
READERA DA RGBT HRZMER. AXQE =T EHBRAH: B, FRFERAT BB
HASEHERNME, AANREGSEHFHTZANHZAEER, HERBEXSEATHEAFLNA
EAMBEAER T ERBEZZ B2 ARBEZ WA TMER. LKk, IRFEINETEREWH
HETHAR, BdERE M THITREN> T EBHFE, FHHROAXE, RAEBILE
B FIRA . 5, RFTERI T ET AR A L M 249 R oy Rt AR 3k, R A
EHELATMES T HEME. AXEZNMEALEBEPEUREELRTT S ZHIR. LR
RAERAEAAMHSE M EMEEUf AR T BEAL, AXFTRT EAPAHEB I =T EF
RHETHEATMZAAMERE . B, ASCERE T B LA AT AT I T A AL o R A S i 3
Wr b ZEE, AP MRNEHSEHEWEHTT RRFRET HHRE,

KR HAEMENL, BR, 2N RS, ENE¥S, kak

it

1 5

S ZATAET V2 LS B AR I3 S, AN e Rl 45 452 0 295 DA B 52 I 245 45 [1~3]
AT HSENE, SSEA NS AR A, b5 -5 R 5 A S5 MR
e P s e i N L SE =R/ DK B O S DO B NE 4 | D VR MR /b Al A G TS R - T o O

SIRME: =R, £, K. HT BRI A INZ SRR M. hERE: FERAE, R
Haoyang Li, Xin Wang, Wenwu Zhu. Independence-Promoted Disentangled Dynamic Graph Attention Network for Out-of-
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ZFRMEE TENFE:FEERE AEXE 2

ElI#Z M (Graph Neural Networks, GNNs) T H7EEFR FRSRAKEE MR T Z N, f
T A HERE TN DA B 193 2645 [4~6]. SRTITAZ S8 1Y Pl 22 0 4 32 BT 1) S T, ToiE e
SRR SN AS B BRI 4R N P Zh A2 AR . BRI SE B AT 14 T 2h S BRI 2% 2% (Dynamic Graph
Neural Networks) DAJR] AL FE B 254045 DRI RIZNAREE, H ORI 24155 iU B 25 ik
(7,80 e RS 18 9 25 v A A B IR . b AR S S AL, BSR4 ] DA I
BT AT E AR R B 2 A AR, SEI SRR FE R I R T 5 AR Rl 25 AL ) ) SO Ok R Bl
TR AR KA 78 A, B E W 45 0 i i B iX 2L 2h A5 6 22, AT DAY By iR SIREAE i) 5+
WRGATH TEAZ Mg ] P2 [ HEh K R LR AGE S 2l 4 3= T 2 A R Y 3074
B, NS EIM A M 45 Beig @R 2057 Z AR (At A R &, NIRRT T A7 Jo ) A v i 1
JUE NS EIM 2 M 248 O BAEVF 2 AT 55 TP USRS (BB AHE RN 4371 48 ( Out-of-Distribution,
OOD) mHBEIEE Rk . HAATE, ShaSE ) IZ e 2551 ff% (spatio-temporal distri-
bution shift ) 2% K RIS KN4 1Z G 1. 20 ffFe (distribution shift) &5 IIZREE
S S IMEABEE T B2, XFP RIS E o (9], BN, Teampigg, R
HIA B T3 1 SRR AR F 2 BESE  SANR 5 58 5 EriaMEZ IR G s TR R EIEE M4, Hir%
U K f o FECR R 7T S G VEARCIY 2578 A FEdfEEm Zsr, P28 b 251 %
TP AR L. iR Se R, AR B A5 b 28 I 266 5 BEAROR T I 2R 5 rh 400 30 A T I A 5K 1
WA, IR AR T, 24X SR 3 1 1 A A2 A8 A, A2 AL PR RERE S 25 R I
AT RIARE L, AR A E RS (invariant patterns) H4RR SIS
P P8 AE S A m e T Iz A RE . il , AR A ZERIACE R R 4311 B Bk e
I BE ST S5 AT RS X BEARE S RIS B 3 25 RIS I o0 R B G HR A A, AT 3 2 HG
ZACRE ST, SR, AEBNASE PRI EEA B B . SESEMLL, S8R RAERE
PERAGHA BT E S FIAERR 528EK (variant patterns) 2 [AITEAE m FERS & Hal
S PR s S i w1, TRk AT A B B ST sh A e
B IEAAERE (disentangle) & 2225 A2 (spatio-temporal invariant patterns) FlH} 4545
X (spatio-temporal variant patterns) ? ixX S48 BE A 475 Bl I (1) 22 £ 1) 11 235 A A =t B 43 il Ff
[ AG IR 7 R, B AN A et 4 BAT Pl 22 A 2 o EL Rk A AT BT TR
HANASASE AN AZ A AR DA Z ¢ L1 350 O Y6 IV RV i B 25 43 AT A%, AT D i 53 v S 3
EAFRZACPERE? A1 FIABRA, A GRS TR ShAS B v, BT kS PR
A ANZ AL B S 2 1M 4% (Independence-Promoted Disentangled Dynamic Graph Attention
Network, ID-DyGAT) ., ey il 5o iRl sh A B M4 . i 25T IS DA K ~r pE i ik
fERBER, RV T A T - A )8, P T B AR o 28 R 28 11 3 A AMZ AL PR RE -

B, ASCRM T RSAS EERE M A T sh S B i A 2R (B, dllid X —
S, P AR i BEAS A I AR LT IR A Y g S RS, X 8 ry b s A L A T
T, AP BB A A FL A AU T BB 7 AN AR, ] s ol A2 (A SR AR R F) 4 128
B o AR I AR, 3 BT A AR AR (B R, ANITTHEAS (7] IR 8] s
TPE SN X TS R A TS Z AL RE A AR, U, ASGIATIRZ T (spatio-
temporal intervention) ML, ZHLHI3Z FRAERTEIE R E K, 8 1 RAHI 4 B2 1A A2 B
X, W THG (intervened distributions) , IR A BRI A 731 AL P8 . AL
(intervention) #ffrf, AR FEHLE AR PRER A E o« i T AR H AR s
SERERT A, X — T AU AR AR A B A (B R B e (BIEIAH ) . R,
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ZFRMEE TENFE:FEHE AEXE 3

ASAEN Gt e G | 7 SE A e s MR ER e AN AR P 24 S o 1 DU TR AR 4 ) 24 2R it
T2 AL LR, T Sr A 2 o 2ok e il AN AR AR AR (A [ B 7 P B S A
AR AN AR Z 1] A A, e (AR IR N L T2 ) AR AN AR B AT ml 2 A Bl .l
WEFTHRIHE AN, A SEZ A BB M IR LI T 7z 5. SRR, 53
FELTTIAMLE, FridIr kAT sl 2 MR B TNAT 55 R I B Rz AL TEREI 35 X RE B S
TERI PSS W23 T TR HORI A ST P At AR R AR P 1 R S B Bl 1 A AR P RE SR TH AR S BV

AL EETTEE G IR - EEASER M T — I QLR D ANZ AR SIS 2 M2, IR
AR RIS PSSk ST AR 4 L A7 6T B 265 B P 23 2011 (i B8 1) iR A T R eV IR . RS T
B SRR R M 4, HARERS ARl S 18 i A BB AR it o T PR 2R AHE I
I 25 T UL A LAZE G A0 A AU A O BRE i@t (35 AN AR PR L ARk S 124
WAL, ASCREARTE TS B 2 M 4R ks T HZACRE I E2 > I S AL
WA EARRIRUE. R EAR BN C TAE, M@ BN I th 07 R 2 T 5L 3 o A

AT EE FEASFUT A 56 2 B & TAE, WashiS R am g, sz,
AL ) B SO IS b i s 26 3 1V TR/ 43 T4 i 0 T S e ST A A 1) A SNz AL Bh S T
HEEIIMS, WHERBUE L. SRR LI E AR 28 4 35 2SI B0E SR, TR TR
KR RCR RSB S IR rSF LR It IR IR R SR 5 R AR RMERHRR N
)5 55 6 TEE SN

2 HXITIENAE

KRB QS =K T, SRR EMER% . NI, RS,

ASEREML. Lk, S MZR% (Dynamic Graph Neural Networks) 44 b5
SRS ERIR TR TR, JUEE @R SR (8, 75 SR TR 55 rh B T 3k
FORE S [4~6,10,11), SHRSERIE , 2025 RE0% F s s (LA SRS AE R, ORI
185 1 2 1 24 B 1 0105 2 0 4 T P I D035« B B ML A A Z i )
K, BRSCRIR I T 2 R0 AT s B 2 O PE R . 2075 FE R R A B9y 1) et
AT A R ARE S P PO 2 2 B . — 2 2 P FRBT P R2E e 1 Ae ee  4
FE. A1, GORN B SN AR A5, JE45 A IR IEREAIE (GRU) [12] 4t
Ao 24 B R 5 (18], DySAT 5k G5 K0T JoBL AR A R AN DB B P SR i ., I
PR R T ED SR, ATTAE oK R R LRI ARBRAO I, [14]. 57 p 3| A
SR LA I IV B, 45 A2 IRV MEHN ) W2 4 s I M B R 5 . B0, TGAT it
TRV Iy, T 75 R R e MR R TI BRE [15]. EGON il e e
U 02 BT AR AT, et T 6 Aot B4 R O e, 3 T4 S A A O
B (16]. BFYCHHEEAR I T ShAS N 2 R HI ¥ . B0, T3t 554 R AR 5 B, BB AR e
5 BRI R F R A5 TR OB AR 35 2 VB BT A RO ) 4 113 S8 S e
FBAPERERSE, AT A I LB R T 55 (L7 SR E S 2 M T B SR J0PF
W SSRGS RR AR . I, DGEL $Eih—Fhahas BB S M5, i NERe ISy . R
AR RIS R 2T, IR B B RO B R, T BhASaRbs IR (e % (18],
DynShare ¥4 REHIKE SO A i, S ShA o St B o2 UL T i A0 7 At o, A R
EACHRT GO PR (191, AT, AT 7 P A IR RS S ] 2 B0 S
MDA ST o A\ eI T S D BB S P R K S , SRS AR, §
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ZFRMEE FENFE:FEEHE AEXE 4

FRTAENART Be e 2 N . X ML 2 TR B AS B A AN AR BBV 5 ) E

PINZH . HisMZ AL (Out-of-Distribution Generalization, OOD) 24 #e2¢ 3] SRR AR %
R RYEIBEFE 7 1), HAZ U 0] 2 AT FE N RN I i 20 1 AN [R5 00 PRUERSZL 2 AL RE T [20].
AR L PEL TR EOREE R b, RIS S/ ME RS ) o Bk, TRM @ 7E 2
AN YNGR e M 25 XU 27 SRR TR 3%, 455 2 BRAETE T A A4 iz 4k [21]. GroupDRO
D3 A R R 22 2 R A N Rl T B R B, e/ MR 22 ZH I XU [22] 0 10T BB, IR IR IR R T
SER A FIARAE 4317 W A8 A0 RIS 1 5 ] o — S8 07k 5 1 DR SRR W (R i 2t 55 PR SRR (SCM)
M4 B AMERE R s [23]. BN, EERM it 5] AX TR FF SCGRRE A 24
JEIASE DA A XU 7 22, AT 4 i B — WL SR BAEE T AR AL AMERE ) [24]. DIR Gl 7RS4
IrAEAL SR R A, I RN R 1 DA AR EOR SE B 1AMz Ak [25]. 4HTRIBFoE 3
BRI B 5 20 1 A AT R Bl 2 P v i 25 A A AR A T B A

FRRBRIES S fRMLRAES: ) B RIEEdR h i ZFETE M REE R, X8 P 23 3 LA I I
AL FRIR [26]. LU T AR B-VAE FIHMIERAS [27, 28] il 7e 287 B g as 5 | AIEML 2R
SEPRTEAE R IR, BEASAS R PEAE R 43 i B A A SE GRS [l SO e, AT SCRERT 454 i S
1. InfoGAN [29] I3 i F AL TEFE R 15 2B OREAR [B] 1) ELAR R T2 T SRRV AE IR 7. 97K
BRI RERE TR FAE22 >, 19140 DisDiff [30] 1 DisenBooth [31] 45 7 5 7E EIE 5 WU A4 i il
TR RAE SO A B R i R B ARG 5 AP, A MR R s S Ak NAES
WASSE R R AR, DATR MBI TR A A b [32,33]. I4FEoR, MRREERAE 2% /e A E it
FBWGE . FIan, DisenGCON i i P s dy AL R 51 S BON S5 48 m BT E N &R, s
RIS [34]. sk, GRACES #it 7—Fh B IVEHRRE E dnt s, 1T RAEZFEE S5 iy
NS 2 ARG B 2282 [35]). fEEAKET R, DisenCTR 3f s HEHUH 2%
PRI FAR g SR AT A I [RIRLY,, R E AR T T ShSHEEAT S5 R RE [36]. —LEfFseifdeds T
Sh A BT RAE R s, B S AT R . BRI AR E R R, SEhAS
A AT RREYE [37]. AAMIIA AR A BEE WY T 3 &S B Mz AR R, R A SCH S
T PR ST AR R ) A B R T4, Ko i S RSB B A AR, A
AR AT I T B 1AMz AL e

3 ETERMT MBS MINZUNTSEIEE ML

AR BAT R th BT S O ST P AR 1) 2 25 PR T 7 I 45 DA X Sl 28 e v g g 2 A7 i 2 1) A8
(B 1) o EoeBATBT T ARSI KRR T M4 TR RS S 25 SRIGFRATER I T
2 T FL A T 2R AT B A1, 25 A AN A0 2R pR e M A T 2311 2 1B A 00 7
Z2o ddi, BATBOT T RS AEAR I U 5 T Brag S ARG R, R A AL PR I )
ATt ST A L DS S 2K R B DAL, DAS [ ERANAA AT 0 A AU FTIZ AR T«

3.1 [EREENX

TEN IR ITER, AR 1 e AN AS B B BT 45 1 S, HF IR Ak iR s 45 Pl v
2 A RS T T 0. IR, A SORFAE RO AFSE 28 1 AT TIEM. I G [ ih sk
V S £, MBIESETAE Ch: G = ({(G'},), Hb T Fommlapce, ¢ = (V&) R
HELS ¢ AR, V= UL, V!, €=Ul & R G F5 G MBI . RS
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ZFRMEE TENFE:FEHE A¥EXE 5

FUMIAT 55 PIAREE A 250 B S5 H B AT AR T, B p(Y'|GY, G2, G') = p(Y'|GY). #3%
Y ORI EPE ST S Z T €+ 1 IR R . A BT SHALS, X2
IR & SCHR TR i LR REE (7, 8]0 FRATIRENE [24,38) MUALTIT =, e PG B 1A 43117 43 A A
RO LD HIREBE (ego-graph trajectory) /i p(Y' | GM) = [T, p(y" [ Gy") e MATR v 1E
IFE) ¢ 51 AR R L Bralfa (V) 2 10404 56 AR DA B e 408 Jor 15 s A RFIE R . AR
Ao F A2 5 2 6 MU foe/ M 2F > — S R 6 2 ming Bye g1 wp,, 610 £(fo(Go) '), He
Hi fo FRTIEI WSS M E M AL, FATH G F1 y" Fom BB P S AR i pELAL &
Gyt Ayt FTRFX A RS

UAFAE AT RS PR, BE T YN G5 Ay ) SR S5 DL B0 e O PR ARG b 2 A B A G0 A o A
SIESEMKBITE S, CABREU) TR ARG iR E MU (39,40]. 22 EABIUR K, Bl
B RS — 2, B pe (Y GY) = pre(YHGHE), BAUEIEHME RARASF A, B p, (G1) #
Pre(GY) o BT IS A0S0 i il A7 A BN )0 A1 iAS (41, 42], PASCIEIIIL BUASH R i 454
fifwts (25], ShASEHRIFAEE SR 2501l t% , BRI R i ] BEOA AL DX R P
BT AT BEATAE B 22 5T

3.2 NXMEZEDHRBHBREE

SIS B TARZ B A5 M S L R P SRS, DA LS 5 00 45 B i 1) A2 Ak
AL [43,44]. BN, =JeMIEILHER IRTEAL A4S R A SR AR AT (BIRRE 451
BEX) AR ) FAEARR AL R [45,46]. R T4 RSN, 5 sk R i 2 s 2 4
IR, PIANE A A AT ESZ FIMER . AFIRAFIN R [47). SFEEEEUR ), Fila 2
BHASIEIZE W 25 F B ) I 2, MBI B Pz i 250 SRR G i B 2 S i, [,
FATRE T35 ARG i S AGE SO B R BB — 14 PY(v) = mi(G,"), Hr mi () &
AN R o 1 A R B e B A SRR A R R FE AR [46] i n] AR EA R 1B
SBIREGAY T =0, MR — 0 PR B0 PR ) T BN @ 5 B — O W R AT 1R
B 95, = fo(P'(u), P'(v)) o BHASIEIIZE W21 H A AT E A T 4 i 2 O AR TH AT B -
SRR 2o A RS B S, LA T BE T AEAS ] I IR Bl X 22 R W] AP AE 22 5. 2
SRHLE [48,49] JH, FAPRH AT Rk

i 1 X4 EALSFAFAE— TGS f() SEXR BAER A HAEA (G "), FAEAEREC
Py (v) AASREE P (0) W2 v = f(PH(v)) + € H Pi(v) = G\ Py (v), BJ Pi(v) LPy(v) B7.

TR 1, Pi(v) = G\ P (v) FonahSIE AR S A R AL Bt A
AR Py (v) XTFHNARZ: y* 2 e, ELURTEA [ s (BB -5 A5 ) 3 ) 11 6 75 20 A R ) ey
B, AR Py (v) AR IR FAREE o AN HA ESL i Fi AE

N T HRATHSRIZACRE ST, BB AT ARSI AR AR, BN REEFEA R 201 IR 2
HATREFRITAEE ST, 15 e 1w A% N AP RE ] fE & B A8k, IREOUAL F ] AR -

min By gromp,, 610 £(Fo, (P (0),4), st 00,(G,) = Pi(v), Pi(v) LPY(v), (1)

Hrpr fo, (1) FRETAZBE N RLL, o, () Fom AT HRECR B AL, ARSI H bx
AP A2 AR O e B AR 2ok X0y, B 2l b id A% A 3 IX
gro FUCH T AR IR AT AN AT IO, S SCTTRRE LR SE BN AR H e i . oy
BEFRATAPIANZ T IATE AT, 73 5152 21 DR AHE Wy BVE A0 AR AL~ ~) BB A JE % AT S A AR

http://infocn.scichina.com



goog.goon Page 6 of 18

ZRMEE TENFE:FEEHE AEXE 6
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{ | Independence Regularization
I (@) Spatial-Temporal Intervention : | Invariant
P
| Original Data ————, Intervened Data | | atemns
¢ B~ B I | .
| / \" \\l W N\ ./ \" U ON ’! | =
| s o 3 (o) _A/' " ~, k i Kernel
Lo “ | o 1)/ nd.
| k ) 9 of \u ‘\z /l 6ot z, | | 7 .
1\ o «0 R <0 [+ | 1 v
- o o ) |
| o | | ~
{ /N Lusic = HSIC(z, 72)

1 REUER. FRERTEGS=MER: FEISEIEEAMEIER, B TR RAIE S M (R AR BRI
Figure 1 Model Framework. The proposed model mainly consists of three modules: disentangled dynamic
graph attention network, spatio-temporal intervention module, independence-promoted disentanglement module.

T RERS B AN A A T A ANZ AL RO T o AR PR SR HEWT RIS [48,49], A (1) nJs2Hlh:
minE e g1t)mp,, (t,611) L (fo, (0. (G5").y")

01,0
. (2)
+ BVarees (B g1ty mpe, (0,61 do(@t, =) £ (fo, (00, (G0)), ")) + ALina(Pf(v), P (v)),

Hrb, ‘do’ FEREAT do % (do-calculus) WAL AT T-H [49,50], S KT HES. HfnL
K (1), EOHAEHR P AT, At P ORI y', IRAxt P ST TH (4B,
Pesh) R LTI . TR SRR ARG BN A AT T, TR R AR AR b R AR,
Fasitl, BERATE AT (2) Fr2Em (Var(-) FRAREIEAM. TIPSR it
IR, RS ABOMO SRR Lina(-, ) (BRI 3.5%7) PASZEL PY(v) L Py (v), A
T LA Y A 96 T AN AR A T 100 1 S B4 S MZ AL

3.3 RREENSEIEE ML

oy 1 [R] st 25 BE IR A) 25 W S, BT SOl w FEF 2 ¢ I BhSARIN N (u) = {v: (u,v) € €'},
BB A I ()5 95 5w A AR SR e XTI ¢ B9 R w, DT SR EhaS AR N (u), t < 6 fH
WY ut BEEARL, (AR AR Y a2 R A A F P AR . B, W 5 o fEAL
B[] &3, N (u) AT RESR G A RIRTREL PR P A % BRI TR] A, R R R (] 4RIk
THEARATREROA FIRE IR A o A MR 5 B A 0 SR I AL B BN BE Ty I RIERFSicik, &
SCHR B AIRALE TE— B2, (R Ol 5 1A n BhAR BRI R B AR A n Brékfe.
N TEIE I BB R BT, B2 )2 AT R B ke S

BRI ZEENER AR AT s B, AT — RS EEROOALE], i
AT RURBETTAT S PN S AR I P AT A XTI ¢ AT A w BRILT AR v € N (u), Vi < t,
AT A - (L 1) A

o, = W, (B,[ITE)), K = Wi (Wl|ITE®)), vi =W, (h!||ITE()), (3)

Horp by, FORT R w FERN ¢ BRAE, o, ko v R . BEAELRI R, A T AT AL R
HASCR A [ S AT R F R . TE() Fonm g%, HT A2 ¢ AU a2, A
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ZFRMEE FENFE:FEERE AEXE 7

W R R A R R IR (5 6L (15, 51]. FRAT T sh ATy 52 [R] AT 0 BT AR -
. T . T
7 ), my = Softmax(— Nz
Hr d 2R, mr 5 my 250 AN S A SRS . FEA AR P AR 4T
JEAEZACRR A A AR AR, AR BEM RS TR S e o i AN AR R AT ATT 5 LA AT
2] RAIEFERS my = Softmax(wy) HT M ARIRIH B iR R E ik, WIZhSAsh iR &0 :

); (4)

m; = Softmax(

z;(u) = Agg,(my,vomy), zy(u) = Aggy(my,v), (5)

Horp Agg(+) R MBI R AT SRR . o 7 bR, Fe010 80T A Y
REmE Age, (1) 5 Aggy (). PIFMEHER G AR RIEA AT —)2 by, + 27 (u) + 2y (v).

R BN S TR R M 28 O B AR B h 24 o 2SR R B B . LT el &l ol
LML BALEBHLE BT ORIE T R AU LA BT A B s A AR RS LR, 2h(v) 5
zy (w) AP w AE U BBk B AN S AR RAE . AESEPR I, SR HLHI AT Y%
N2 SRR [52], PARTIHNGRREE M i 2 4E BERY P Ak (5 5L [14].

3.4 E=FFaLE

TR (2) AR AR 11 ) il f A% T 2 S A O AR (s, (BT S_ A
bR pEASEEL, JRRANT - 5, XA RSB IETH SRR — AT T, HATR R R
s U, AR R R A R S AL S AR Bt — MR PR, S o AR R, BRATTER A
% 3.3 WHRRIRIECR AL R 2 RIS P T 27 (u) 5 2y (w) 25 T A u AERZ] ¢
AL AR ERAE, AT B A A B A R AL 1) BRI T AR, A B U s
S SRE. B, FRATHCRIA T A BT A I R A A A B RAE , R RN TR i H A
TR AR BN, BATATEE AT AL v FETE] o BYZSAREAR T AL u FERTT) ¢ 9 AE AR

27 (u), 2} (u) 4= 27 (u), 22 (v). (6)

M T AR LRAF I , AR A A . 520 T AT H I 25 PR R I PLL, FRATHEA IR 4P
Ik 5 I IA] AR T T E B AR, IR RAR T IREAS, ARG 1 A 2 B LAY e, i
WZRIFTRK (6), FAT AT Z AT HUEE 21, BUSZIIZRIA A

3.5 MM IRERERS

AEMAR. BETHEZATHEIR S (RAFRZRBER), AT TR AR &
TAAREIATHI . P FRATT AR ARSI A (2) AR R I 4 27 Fl 2y
T AFRAAE GAAEGRAL, L5515 28 5 SOA U A AL A 7 i -

L=(f(21),y), (7)
Forb f () AT ek g, A R I AR R AN A S AT T . B T ORFRATIH R A R0 -

Lo :e(g(ZV7ZI)7Y)7 (8)
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ZFRMEE TENFE:FEHE AEXE 8

®1 XBEEYSDE

Table 1 Summary of the key notations. ®3% 1 ID-DyGAT Ky
s i N VIGRE L, THiREALE S
g=W8€) Graph, node set and edge set FIER:
gt = (v, e Graph sli ¢ time ¢ 1: forl=1,...,L do
= ’ ' r 1 m YA 4 e - g NI [T t
A e e 2 RS A N 0 AR R 2,7 (4
gt yt Graph trajectory, label )
gi:t7 yt Ego-graph trajectory, node label 3 AL S £ ANRAT Lo (A% (7) F1(8))
76)90) Prediction functions 4 Mo HOREE S VB, WETHkE S
do(-) do-calculus 5: for FATHikEA s € S do
14 Loss function 6: By s B (EsRAE ) s (A0 (6))
LA I A
o(+) Function finding invariant patterns 7 BHTHRABL Lo
d Di ionalit 8 end for
: pmensionaliy ‘ 90 HERAEARENI L (A5 (9))
Nt (u) Neighborhood of node u at time ¢ 10: PR AE M Ling (430 (13)
my, my,my Structure and feature mask 11: AR A5 F AR BT R S0 (A5 (14))
7% (u), 28, (u) Pattern summarizations 12: end for
Aggr(-), Aggv(-) | Aggregation functions Hid: SRS

HoF—A s g() fEHAZRE SRS R AT T . TR A0 R T e AR T ARt
IR TTINEE T . e, ANARPELRIE NI -

Edo = VarsiES(EM|dO(P§/ <y Si))’ (9)

Hrp tdo” FIREE 34T T IHLA o« A R SAATE 24T 411 T A T AR 1
JRSIMELIR.  HESRAARRTC PY R P (20 7 T DA 2 X 354 il 20 785 Pl o 22 00 2% A
AT, HOGE AR HEA T HON AT S ANz AL . T B B BT s 4=
[ T AN TTA T (53], FATRMA/RAFE-T% 5 (Hilbert-Schmidt) Sz PEEN (HSIC)  [54]
RALHEAAE Py AIAAREC Py (1 ERIEZ I M. 3% /2 AR PP 23 [a) By n] il i @
R, X AE A R AR A E (RKHS) R H, W% o() FF P BUE] 1.
AT AR, BV PS5 P o EA A p(PS, PL), JUERTRFIL KK
{(EE S EIN S EOREN I o= - R e & 1
CvaPtV = Ep(P},P{,) [(¢k1 (P}) — MPf)T' (¢ny (PY) — MPtV)] ) (10)
Hop ppe = By [or, (PY], e, = Eppr ) [Pry (PY)]e HSIC RIZHE My 2655 1 1A /AR R BB 7
W XN
HSIC(PtDP%/) = ||CP§,P§/||%{Sa (11)
Hrp IMJfs = >0, M2 FRATAREANT fiw 5] i A2 5 ) ot s -

Rl 1 # Elsp (P}, Ph)] < 00, Elsp: (P}, PY)] < 0o, H. kpe kpe RFFER (characteristic
kernel), NF :

HSIC(P!,P!,) = 0 < P! 1L P!, (12)
FESBRSIU, FAIR T (5] Stk HSIC Jefigffiit-it:
HSIC(PY, P}) = oty [m« (ﬁf/T) + Lo %Fﬁf/ﬁ] : (13)

Hip U 5 V2 kpy 55 rpy XENEORSRING (Gram) HiFE, HUAICEBE AT, A6

H
BREL (RBF) %o Rpoildt, SR DI iy e P AL ) Fr) 2t S PR R AT AR =R A% [54,56]: 1H5E3h

http://infocn.scichina.com
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ZFRMEE TENFE:FEERE AEXE 9

AERGE S RKHS BURUET R, nlHie mpribe 8 LR R HSIC Jof Ui 2s
ARG, WWEARESSG BERAIE MR HSIC fhit &2 oy [55], LT HmLR AT
Ik (54)e EA A Q) HRMSL ARSI Ling = HSIC(PT, PY).

3.6 E{K)IZHE#R

RNl ERER vk
H%il’lﬁ + /B‘C’do + )\Eind) (14)

HA LR £ N T 51 SBA ) AERGE, AZPEARIENIL Lo, MRSZAELASRIEIR L0 W
FTHE IS A A A A S (X, SR B R N S IR IR A5 2 . (EASERR 2, TEHERpEL
R AL AR T I , AN SE B AT ANZ AL T PR AE . BRI ZRRAR NSk 1 .

EREDH. Frie BT AR IR T  RE P RS V], BEECR B, R
FORYEEN d. AR AU RS R O(|E|d + [V]d?) . ARG A —AHH0oRH
2, MEAUREKERIEICEN . 10 B, NFBR L%, S| A TS a RN, mhas
THRERAE NSRS RS2 O( Ep||S|d), M A e BRI RS2 O(d?) . XM
AGSHEN GO B, R S AR AR R BT . L, Pk S e 2 2 o
O(|E|d+|V|d® + |E,|[S|d+ d?). Fer [S| A SH H Il HHs BN S5k, Frid kT
TR A BRI R AR RERY . S SIS B M 4 [l — B

4 SEIREIT
AT, FRATEEE SR A PESCER IR T T A RE . SEIR B AR ISR 2R .

4.1 E&7G&E

FATHEI T 25T H A RN I 2 W 28 AR DA R A A ANZ A RV E IR L R . 56— i
HEESEME MY . GAE [57] &M E i EES B S WA, @S2 2 KGR
PEE G5 S5 B EZ B X A, AT B e > KR AiE; VGAE [57] 78 GAE AL A8
4 B Gl it EARE | A B 25K BB, 38 A s ) rh i | AL AR S ok AT S RAE AN e 1, DA
IRPUCE BB RNz AR I R RAE . 55 A E SR MEM 4. GCRN (13] g 4R E %
FRM S I P B8 Hr R BN R AE , ARG T 0B ER AT [12] Stedmiie e Bl e ) AL B s St A e 3
Fift “os IR + ERHIR)FR S AR O HE B REAS W] st 2r o T ) SRS A RN R AR i 6 R . EGCN [16]
SRR 5 —Fp IR, BN E BT AT S R AR, TR IR 2 4 B SR E AR 2
B, AR REAS A [ IR B IR R B & B AL . X LIRS AT R A S A Zh S K
st. DySAT [14] FEEBE R G | AT AR LS, ARSIl H i v R S50 338 B8 Y
MR AR FLEREEE, [RINE R 4E R L B P AL P i e AR o &R, SRR S
IR DR oK B AN RSB 45 8 38 B A FOASCEE , AT B RE G SRR A, BB SR TG AR K
AT ShASERE . 56 =2 ANz AL . IRM (21] 1) H b2 > — MR A Y4 FR5E
HOREARFE— A TR, AR A0 AR AR R/ MU0 KUK . R YA S R R B PR A 2
PR 3 2, M THER 40 AMZ AL RE J « GroupDRO [22] ZEALI B 5 | A T ek B AR, 76
e/ IMEZRI0 S [T B, X6 R 25 R B U SR BRI 73 T B o A R, AT S BT e A7 20 RGBSz ) £ A
VREx (58] Wi it 8 H A7 sk 4 b 29 AN RN 2R 2 [0 XU 25 57, e B ATABE R0 43117 I B 1) R

http://infocn.scichina.com
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ZFRME FENFE:FEHE AEXE 10

xR 2 HERESITHE. CRUHE” RATRHERERMBEZEN; “RITR” RAMKEFREEIEITENR
HIH IR BT R
Table 2 Summarization of dataset statistics. Evolving features denote whether the node features vary through

time. Unseen nodes denote whether the test nodes are partially or fully unseen in the past.

Dataset COLLAB Yelp Synthetic OGBN-Arxiv Aminer Reddit
# Timestamps 16 24 16 20 17 10

# Nodes 23,035 13,095 23,035 168,195 43,141 8,291
# Links 151,790 65,375 151,790 3,127,274 851,627 264,050
Granularity Year Month  Year Year Year Day
Feature dimension 32 32 64 128 128 20
Evolving features No No Yes No No No
Unseen nodes Partial Partial Partial All All All
Task level Link Link Link Node Node Node

Yo XPPSRIGIEE G TR RN SR IR B A RGO, i S THEE (A2 (L5 8L . DIDA [9] £f
Xt RSB IEAT TR 1130, AT EA PR TR B sh A R, $ THE AL A T A2
M. LR B CRNER A SNZ AT B AR TR X o A RS I T2 AL BB TT , (HIX RT3k
R AR FRIEIRZE AT IR R ORI IR TOR PG FOE R B R, T 24
o, FRATRAEABELI 2 2 A2, F I8 R S T7 ol R ANz AL ms . AR AEI
Zak ER IR SIS EMZ M 454 32 T4 (backbone network) .

4.2 ESIHIRESE LAV TN LI

BAVE R T WA B A sh S E SRS, 4394 COLLAB Al Yelp, R HHA MR H
IR AT 55, BESRBEL ) A g s B S5 AL 00 — i IR) 25 i s it o B BB R0 mT ARSI
HAUE B X A2 A TahS R AR, FOEH w/ DS R &7 7510 it 0 il o,
‘w/o DS’ FRA T AL M EE . A T PR A A AL R B, AT EdESE T
VERE— AN ‘w/ DS’ AR s 074 - 2R . RN 4E/E R ‘w/o DS,
TEHENRZ, ‘w/o DS Z2EIRMNESE, AMEHEEER: W ‘w/ DS YIS 2 Aan]
ULIRY, BCPEBRSE N AP R ST LS 0 FLUSE LBk it . DA @ XA ELSE R AR AR A R A
COLLAB [59] & —2AR A EEdRSE, A8 1990 4F % 2006 4F[H R £MIE L. BT AL s
WMFRREERAE KR  RIEE RS SO, B2 — A bn %, (36 Bz, <4k
PEPE? ., “EEEAEEAET. CBIET AR CTIOMLY . BHRDRLEE AR, BT 16 AR . FRATTEER
“BIRIZI VR ‘w/ DS, HAMEN ‘w/o DS’. FAM# A word2vec [60] Mt SCHHE PR HL 32 4k
FRAE, HBCES AR ESEME . AV 10, 1. 5 ANEHE A2 SE R IINZGEE . I mmateE. %
B4R 44 23,035 AN S 151,790 4k, Yelp [14] 2 — AR IERBIReE , 87 &
FITERTT R . BT SR B FR R /R SR TR . AR T 2019 4 1 H % 2020 4
12 A2 18] 5 AR B0 AR, 3 . “PrRsEXEm”. “mES4c. “ERET M
CPAET. BFERLEEM A, BT 24 NIRRT . FRATRE “LUEET 2EBIMEN ‘w/ DS, HAAER ‘w/o
DS’, FAMEH word2vec [60] MITIRSCA I 32 AEFRE, FHHCT-SE AT H PRI R FRIE SR
e FRAVIHIES HRECRT 10 WA P 5%, HEH 16, 1. 8 MR- E S IIZRE . 1k
LEFNMNRAE . BRI LA 13,095 T R 65,375 4l

SEILER . MR 3 h B AR TN AR SR g5 R, W AR LR AR i R T
FRUEE . RENSEMEMEEL B LA fmBEIRE (‘w/o DS) EERMRELE, H
HAEFED AL MRS (‘w/ DS’) LRITERERIR M. 4551, DySAT 7 ‘w/o DS’ HEHEK

http://infocn.scichina.com
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ZFRMAE FENFE:FEERE AEXE 11

% 3 TRFAEES M RERTNHBE LWER (AUC%). RMERUMEIRE. ‘w/o DS’ RRED RS
B R, ‘w/ DS’ RRBNHRBHINIRHIE.

Table 3 Results (AUC%) of different methods on real-world link prediction datasets. The best results are in
bold. ‘w/o DS’ and ‘w/ DS’ denote test data with and without distribution shift.

Model \ Dataset COLLAB Yelp
Test Data w/o DS w/ DS w/o DS w/ DS

GAE 77.1540.50 74.0440.75 70.67+1.11 64.4545.02
VGAE 86.47+0.04 74.95+1.25 76.54+0.50 65.33+1.43
GCRN 82.78+0.54 69.7240.45 68.59+1.05 54.68+7.59
EGCN 86.62+0.95 76.15+0.91 78.2140.03 53.8242.06
DySAT 88.77+0.23 76.5940.20 78.8740.57 66.09+1.42
IRM 87.96+0.90 75.4240.87 66.49410.78 56.02£16.08
VREx 88.31+0.32 76.24+0.77 79.04+0.16 66.4141.87
GroupDRO 88.76+0.12 76.3340.29 79.3840.42 66.9740.61
DIDA 91.97+0.05 81.8740.40 78.2240.40 75.92+0.90
ID-DyGAT 92.19+0.31 82.43+0.51 79.52+0.46 76.95+1.65

e, TTE ‘w/ DSt PERE IR BE RS T3 12%. 7E Yelp $i4E |, GCRN 5 EGCN By ITE
FEAE AR I AR IS A M % GAE fil VGAE. X—IE UL, IA 078 80 2 W 25
PUE T XAREA R R A, P FE T - A B DAz A . AN, sz 4Ty
I AEL T VR X S S E P i 2 i i i, RULTE Yelp bAGH KA BRYERESE T Frilh, X2
DT BB EAR S DASE B i ANZ AL, TiE B SLEh S B bR SR R 3RSy . Hidg 22
FIEIE— L E, AR HEARERETIE T, XS o DABSHAERCR , BIRIE T = 2R8hn
2R A EE I MBI — KPR . AT AL B i m e T T Bk, JUH 2
SRS BRI s R I R g il o IR ETE A SRR ‘w/ DS &R R T I A X
Foorik. SR, Yelp B4+ T COVID-19 & % S b s 2470 R AERIFI AL, 32
U R A I ) TR ES . AEMSTE N, I iALE ‘w/ DS’ EAM L 7% GroupDRO 54
9% H9HETH. FHEZ T, Yelp HH&ZH (B MRI) ZIRRSIE G B8 M, i COLLAB %t
PG R R ST 28 S R, AR SR S R S s AR AT, BTt e ‘w/ DS’ |
& ML 7Y% DySAT #2747 5%, 734N DIDA E43 1wt T BUS B HAR Iz (b M RE
(B FHEZ BRI, 7T RS BRI AR B AT, A SRR . i
KPR RS T Bt Nz A ERE .

4.3 EBESHEE LMD aoESE

AL T =B AW S BRI T S0 K58, 4045 OGBN-Arxiv [61], Aminer [62]
I Reddit [63]. HIPINEEREL T304, Hpy fiRomie e, WRIECY ¢ A u ] v il
RS w TEARG ¢ R, IS TIRSC ve ShaSE LMY SR AR, By ok
FARK, BIAHTE SCHEAR S A3, BIBLTHRA 2 (5 BT/ 28T . FRATENE [24] i E, R
HZA>] (inductive learning) Hg, RPN SAEMNZRBT BSE AR AT I, X AE LSS I
SRR . U@ =B SEHIR RN R EN 4. OGBN-Arxiv [61] 2 MEHF
GURIY arXiv IR3CH 1ML, B MAG [64] 51 A0 SCH A AR BRI EH 1)1 ) R BCT- 3k
A 128 HERHFAEI] &, iR [a) R skip-gram A2 [65] 75 MAG iEREVE EYIZSE] . (552 Tl
W SCITTERY 40 A, 40 cs. AT, cs. LG il ¢s.0S. FRATLE 2001 4E 5 2011 4F (8] K RAE S
I, 2012 4EF 2014 AE[AIE SO TIAIE, 2015 4E 2 B0 SCH TR, B TRFI8 S0k FE5

http://infocn.scichina.com
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ZFRMAE FENFE:FEHE AEXE 12

x4 TEFFEESHFITROLBIBE LAERE (ACCR). RIMERUMAEIRL .
Table 4 Accuracy (ACC%) on real-world node classification datasets. Best results are in bold.

Model \ Dataset OGBN-Arxiv Aminer Reddit
Split 2015-2016 2017-2018 2019-2020 2015 2016 2017 8 9 10
GCRN 46.77+2.03 45.89+3.41 46.61+3.29 47.96+1.12 51.33+0.62 42.934+0.71 34.384+1.35 31.08+1.58 33.98+2.50
EGCN 48.70+2.12 47.31+3.45 46.93+5.17 44.14+1.12 46.28+1.84 37.714+1.84 29.2440.59 31.45+0.72 30.21+0.68
DySAT 48.83+1.07 47.24+1.24 46.87+1.37 48.41+0.81 49.76+0.96 42.3940.62 36.1040.14 33.82+0.30 33.62+1.52
IRM 49.57+1.02 48.28+1.51 46.76+£3.52 48.44+0.13 50.184+0.73 42.4040.27 30.24+1.26 32.21+0.78 29.76+0.83
VREx 48.214+2.44 46.09+4.13 46.60+5.02 48.70+0.73 49.24+0.27 42.594+0.37 30.724+1.94 31.41+0.77 30.33+o0.88

GroupDRO 49.51+42.32 47.44+4.06 47.104+4.30 48.73+0.61 49.74+0.26 42.804+0.36 31.6540.35 30.68+1.33 31.5540.32
DIDA 51.46+1.25 49.98+2.04 50.91+2.88 50.3440.81 51.4340.27 44.69+0.06 36.14+0.32 34.74+0.14 34.67+0.46

ID-DyGAT  51.56+1.05 50.49+1.14 51.93+1.96 51.19+0.53 52.41+0.72 45.1440.18 42.13+0.24 40.52+1.32 40.28+0.53

B 12 EF—F, 2B B RFE RN S IR . ZEIRSE B IS 168,195 T SR
3,127,274 41, Aminer [62] 2 DBLP, ACM., MAG [ HABRIE A HEEAE | S 2% . FA1E H
word2vec [60] WIS ST E IR 128 4EFFE, FHCT ARG FIE SOWFER R . AT T HE
A 20 ESUEN S EERR, E5 NS U k£ L1W . 5 OGBN-Arxiv R4, FRATE
2001 4E % 2011 4E[A9ISSC EIZE, 2012 4EZ 2014 4FH TRHIE, 2015 4E2 5B TR, H T
RTINS I, BB TSR R B s, PASEI T RS ik e Bl . e gE
g4 43,141 A5 SR 851,527 451, Reddit [63] 22— MAIZ AT A TG Reddit FHREY
KBRS, WERT R THe. BPEEA A XK. B8y 2R i
RN, AT I ORI, FEE A RN A T SEHIEE AL word2vee AR
B [60]. ZEWEAEILALE 10 AEfEE . FRATERTRZE 1 2 6 gl B3, fEmfae 7 b
PYRUE, FEERTEZE 8 & 10 L rilit. 3 EdRaEIL S 8,291 /N7 SMI 264,050 4.

LR RIEE 4 D ELAE D BBIREN TIREE R, RATVRIK S HILL )y b 25 1 [a) 4
FEPEREPH % . 7E OGBN-Arxiv 54 I, EGCN [HERIRM 2015 4Ef) 48.70% &% %%
2020 41 46.93%. XL AT BEIE T WS i S 0 B WAL, BN ARIe SO kRSO
FHK, RSSO BE Sl 2 kA T AR . AL, R IR a1 SNz AL T A R
Wt PR T EASE A ML ELL, Bl T IR L TR A B i 52 242 A w1
W, AR S NWE . It kB R T M T R M RE R R, AE Al
AR EBUS T — B H S R T G . X IR T 3RATH 7 VA BEE A RER PR A T A A2 5 AR B
AR, IR AT WAL T SR UE T . FRATI 7 A 25 O B /N AR
WEZE, X AT BRGNS 240 SR R 37 24 o I D0 AR AT AR S ) S0

4.4 RIVHIEE LA

N T B AR E I A A A N R ALRE ), ATIZ% [24], fEAFT A G5 COL-
LAB #tlafe E5IA NN BRI s . BURMRRFEFISSH 22512 Xi € RV AL AL € {0, 1}V,
XEFRE— AL £, FRATA AT Ay SRAE p(t) €7 ARIEREADIM (1—p()) 1€ A FEARDL.
A, TR A A A PR P R ACRFAE X5 € RV, e i A RUARRE XY = XS, X5,
T UNZEHERL. RAEERE SN p(t) = clip(p + o cos(t),0,1) (ciph#IRER%ED) . AT R
SREE, HHRHER p(t) BRE Xy SARREEH AT A MESESE . FRATIEIHKI BOE. Prew =
0.1,01est = 0,0train = 0.05, FFAEWZETEAF Drpain M 0.4 £ 0.8 JEATARAVAMMITAL . thT X5 5
PRAE AT A SRR I ) 5 AR AL AL, PR R iR 0 T S AR . th TS
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* 5 TRIGEFEAMBIEE LHMMZTER (AUC%). RMHERUMERE. EXH p RAESEEDHRSE.
Table 5 Area under the curve (AUC%) of different methods on the synthetic dataset. The best results are in
bold. Larger p denotes higher distribution shift level.

Model \p 0.4 0.6 0.8
Split Train Test Train Test Train Test
GCRN 69.60+1.14  72.57+0.72  74.71+o0.17  72.2940.47  75.6940.07  67.26+0.22
EGCN 78.82+1.40  69.004+0.53  79.47+1.68  62.70+1.14  81.07+4.10  60.13+0.89
DySAT 84.71+0.80  70.24+1.26  89.77+0.32  64.01+0.19  94.02+1.29  62.19+0.39
IRM 85.20+0.07  69.40+0.09  89.48+0.22 63.97+0.37  95.024+0.00  62.6640.33
VREx 84.77+0.84 70.444+1.08  89.81+40.21 63.99+0.21 94.06+1.30  62.2140.40

GroupDRO 84.78+0.85 70.30+1.23  89.90+40.11 64.05+0.21 94.08+1.33  62.1340.35
DIDA 87.92+0.92  85.20+0.84  91.22+0.59 82.89+0.23 92.72+2.16 72.59+3.31

ID-DyGAT 88.61+0.53 85.3140.15 92.34+0.98 83.21+0.38 95.06+0.21 74.89+1.42

P W28 ToIR AL BRI SRR, AT I HAL LRI P AR . X TASARAE X5 IS e, AT
7E COLLAB ¥l b5 X0 MRAIRFERZS Y AT, FF9 IS BHE & BAT AT A iy
AMCRFAE Xbo X4 R BUMETHIRK (XoXT, AT K215, Hoep AT FRREE R
AR, € FTRASURR R R FATE Adam (RACRRHEATIINGR, #2080 le-1, BEFEWECN Lle-5,
RSB E N 50, AR, FATIAER B X, S A, SR T s B
99% 1y AUC, MM 2T A s FRHAE- 5 R B B AR GRAIAN Sl ad 3] p, FRATRTPASE B SR
BB S A Bz [R)ARRE X* SAR% AT B2, INITHSE 0 1w Fs 3 5«

SKREER. MR 5 TEAMEIRE LI s, AR IR I EAEAL A 1w R 77 T
TR RELI . RAERREL I AR N BRI s, (A AR B R IR T e, Ui BE
A AR I 2 2 VA ME AR ROV X T e . ID-DyGAT e [l R f% 5 B2 35 B &0 T3
SEP M AR, PR TR . 3T — iy oMz AT A, RYEHERS 1% B F REPR AR TT
7=, HHARARMERRTPA IR MIZT, ID-DyGAT 2% ThsSEBITH, REEA RN A
W, AR T B 9 B R R 22 22 it A AU R I S i . BEH MRS AR L s, LB
A ELTTAEAEN R B PERESR T A e A BUR 2 P . X—BUREW], BRI Shrst2
[RJ R O 2R 0, A 2 S PR 22 0 26 D YAAE I 5 b ARt T A2 A, A S-S5l Bt B IR
o M2 T, ID-DyGAT FE|ZRE IR TN E B T MR i AU T B4k, R
REARAZHE AR, MU Pz AR B . AT 20575 DIDA, Frigr ik tse us—ECE iy
ZARPERE, X EEG T R A AR A AR A A T ST A

4.5 FH—PHLI

THRASEER o FRATTHEAT 1 A S0 DA UE T £, A AR PR R 2% . IS TR A e X s
PEAR ARG R0 . 1T T4 3.5 i M ST 23k . ANl 2 Hml DAE Y, FESR
DA B SRR OL R, B3 (w/o HSIC) MYPERER ELFTRITIA (W1 Ours
fR, RIE) PR TNEE, SR T IR i e P S AR A A A R R Y A
B RIEFARE IR T I 2 T L] . FEGRZ 25 FHHLHI, B2 (w/o Intervention) IZALHCRA
A, R AT R RS, PERE T R . X UE T AP A IR B A B A
RET AR AT ERE BN . BATHE— PR T3 HH AL I BLH (L w/o Disen.) .
PR AL BT T i A, AR BRI BT LT A K e i sh A5 P 22 2511y
ZALVEREARHE DU T FEBCA MBI OL T, BATCIEA BRI R 52 i, M
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90
_ VZ”A Ours
8071 ] PXA wio HSIC
_ o X 4 X w/o Intervention
£ 70 X e B3 wio Disen.
S S o
< 60 o '><.’ S
5 X o: X o:
&) D s
<Dt 50+ o X
5] P
40 7 o: X o: A 3
: & Bﬁha

30 e : .
COLLAB Yelp Arxiv  Aminer Reddit

E 2 SHELSCIE ST
Figure 2 Ablation studies on the HSIC regularizer,

intervention mechanism and disentangled attention

—&— Ours =&~ Ours
Baseline Baseline

81 50
107 1072 1071 10° 10t 107 1072 1071 10° 10t

B B

(a) (b)

4 BSY B RS HT. (2) COLLAB B4
R; (b) Arxiv HIZER.

Figure 4 Sensitivity analysis of hyperparameter 5.
(a) Results of COLLAB; (b) Results of Arxiv.

AUC (%)
©
N
ACC (%)
u
-

Training time / epoch (s)

3 FMRTIEMEL 77 A MERERIIGETE ELE

Figure 3 The comparisons of empirical time cost

—e— Ours =&~ Ours
Baseline Baseline

81 50
1073 1072 107t 10° 10! 1073 1072 107t 10° 10!
A A

(a) (b)

5 B&H )\ S, (a) COLLAB BZ5
£, (b) Arxiv LR,

Figure 5 Sensitivity analysis of hyperparameter A.
(a) Results of COLLAB; (b) Results of Arxiv.
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11 S0 J B2 I 25 T P AR A S e e AR . TJCTA SEBUBAR R A1 SN AL TR, «

RBGIRLLE . o Tt — PR AL bR iR, FATE Arxiv HdlRge bbb it s
RS BATSE4 BT EAE N ZRIN 8] R BLEAT 1 HRE, SPRANIA 3 B, FeAiRd 1
AR R B UZRI ) o T RAMIEL 3 A A E B4R I A e AT ANZ AL RE 1 EAR T B T ik,
(R R A SA Bt oh R, db— R BT Ry ik i ol -

BESHRM M. HPEAE N EN LTS ECH A N TR B X EE, N TR
MR SRR, BATAECAL A bR (14) il HARBA R S, FHAEBOR T PR A AN AL P I D 15
FH B RSP IENUR KL A B IE LA LB AR RE . SR ANIE AR 5P (i (A sE 2k
NPPEITEER, KOREL N RIEELEIR ). WTLAEN, MESE B 50N BUER IR, BMEAA
RHOFAES LA Z AL RE DRSS 2 B sl A b K, B ] Rk = X A A B ik 2r >
AE) . BRI IEER SO W S BB T B AR REDAG e R, B iR B A S 00 B

TRREARLTHT . T HE— PRI R AR, FATRIIUL T I S i s R4k
DN AL E T S5 5. WE 6 Frs (DA Arxiv Zmde i fil) , JATATT SR BRI X ), K
BURTHR T3 A i AT RIS R S 8, AN RIZERIbRAEZ 18] 2 IR 2R SRAFAL , DERA e
BIF AL RO R R . tAh, FRATETHE T4 A 4L (Silhouette Coefficient) [66],
DO REAL S HH RS, TP ERCR . fETT R RS, ik
A AL 14 B AR MOV 2 o TR 73 (4 VREx, GroupDRO #1 EGCN), £ )y kil id
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(a) (b) () (d)

E 6 FRAFEMELGETRRIEE Arxiv IBE LWFTRUES . (a) VREx B4R; (b) GroupDRO HJ
#R; (c) EGCN WZR; (d) ID-DyGAT HZR.

Figure 6 Visualization of node embeddings produced by ID-DyGAT and baselines on Arxiv. (a) Results of
VREX; (b) Results of GroupDRO; (c) Results of EGCN; (d) Results of ID-DyGAT.
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Abstract Dynamic graph neural networks (DyGNNs) have attracted increasing attention in recent years due to
their strong ability to model graph structural and temporal dynamics. However, the existing DyGNNs fail to gen-
eralize under distribution shifts, which naturally exist in dynamic graphs, since the patterns exploited by DyGNNs
may be variant with respect to labels under distribution shifts. These distribution shifts lead to substantial per-
formance degradation of existing DyGNNs when applied to out-of-distribution (OOD) settings. Specifically, the
existing DyGNNs tend to overfit to spurious correlations between variant patterns and labels, making it difficult
to capture invariant patterns that are stable under distribution shifts. As a result, current DyGNNs struggle with
OOD generalization. To address these challenges, in this paper, we propose an independence-promoted disentan-
gled dynamic graph attention network which can effectively capture invariant patterns in dynamic graphs and
significantly improve OOD generalization performance under distribution shifts. First, we introduce a disentan-
gled dynamic graph attention network that explicitly separates invariant patterns from variant ones. Second, we
introduce a causality-inspired spatio-temporal intervention mechanism that generates diverse intervened distri-
butions and minimizes the variance of predictions among these distributions to eliminate spurious correlations.
Third, we design an independence-promoted disentanglement optimization framework based on invariance and in-
dependence regularizers to enhance the model’ s ability to capture invariant patterns for OOD generalization. We
conduct extensive experiments on several real-world and synthetic datasets. The experimental results show that
our method consistently outperforms state-of-the-art DyGNNs and OOD generalization baselines under various
distribution shift scenarios. In addition, ablation studies and visualization analyses validate the effectiveness of

each key module. We also highlight promising directions for future research on OOD generalization in DyGNNs.

Keywords Dynamic Graph Neural Network, Disentanglement, Distribution Shift, Graph Machine Learning,

Independence
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