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FEVF AT 55 TP AT B35 ke 1781 {5 G #E A8 38 ) 2% rh 22 1 B I 0] b s R AR AL T B8 A8 4K, ZhAS M2 N
2% ] DI 1 A g S0 S e O I S AR R, S A R A AR T AE <R 28 R A2 B T SO SR R b
TR AT AR 35 AR A, B4 B PR 28 I 2% 8 A S aX 28 B A8 5C 2R, W] AT B R VB 2 1 5 5 28 AT M,
FEFEAZ 2% o P Z A LB 58 R RIAE A 3 . XA 55 PR R T 2 DA R Sh A, shas Bz M 4 se
S TR ASX S B R AR AL AT 0 R, AT HR T H P A7 D F000 P o 1t 12

RGN BRI 2% DA AEVF 2 AR5 H S RO, (B EATIFE RN 73 A A (out-of-distribution, OOD) i
Ayt EOR k. BT =, shaS KT T Z A4 £ I 2 0 A k2 (spatio-temporal distribution shift) 2B KPR
BN B E NSz RE 7. A mF% (distribution shift) & f8 I ZREdE 70 A0 5 MR EE 0 A 2 [RIAFE 2 77, X
PR GAE SN A ot it O, 5, 76 SRl b ARSI E T 1 (K A8 2% i 2 S8 38 e SR 5 58 o 6
P22 B BROAR A FE A ARG R 46 v 7 D AR DR i i 25 5 BN RIS A0 AR AR Q) S22 35 A A FEAHER
Pz b, FH P SRR AR 22 51 R AT AR L. iR SR W, an SR B2 I 22 W 25% i 2 AR - I 24l o 41
B BT AR O B A X TR AR MRS oy, 23X St QR 4 A i 170 R A2 AR AR, RS PRy A P e 1 35
TR

N RN I — i), A SCIR RIS @R Eh A B P A (invariant patterns) SRR i sh A #4845 71
oy iwRs T Bz A ERE. R, ZhaS BRI AR AR I A R 2040 N B S8 E T B8 /7 i 45 K F13T RURFE
B, T e RE % 35 B ) 25 R R gl D o) R A O BB O A, AT 1 i vz AL 0. R, FESh a8 F& rh iR At
B AP, S S EUR L, ZhaS BRI R A A N A RN A 5 AR R
3\ (variant patterns) Z [AAEAE s BEAS & HAA2A0. PR B AR D sh 25 B b 59 70 A i 1) R, 75 22 50 IR BA R A
FEXERL e, WATAESh S BT ROt U AR (disentangle) BRI S AZAE I (spatio-temporal invariant
patterns) FIH A8 (spatio-temporal variant patterns)? 1 L&Ak B G035 Bl B (8] 28 A4 1 P 4 A A =t B i
B TR) A 19 R R AEAR 3G, LS A 2 A MR 20 BT Pl e 2 X 23 e o KB, LK, A e 1 U H ) AN 3R
R AR AR AR 30 LA —Fh 28 &8 H. v R J7 VR OO E I 25 70 A #2220 s o S B8 4 vz AR P e e
BEXS BB PRAR, ASCIR T — R RUK S A B AT E, BT s ST RS ) o A Sz A B A B
#% (independence-promoted disentangled dynamic graph attention network, ID-DyGAT). Fr#e /7 i@ e i i
BN ENER I 2% | I 2 P LS ST A (e BE RS, R GEME AR 1 Sha B 0 A A% ) i, B2 4R
THBhas B 2 M 2% 1) 53 A bz Ve RE.

G, ASCIR T AR B A B R 4 T T A sl A B B AR BN AR A, X — R, B
AT A BRI AR R T HL U 1) FC TR I 7 SR AR S, AR B AE BT AL, A B S E B A AT
ol b FLA R E TIOR8 0 AN AR AR X, () I 0 ) A A A O B ) 0. A2l i R 1 I 3 AR SRR AE,
) AN ARG AR AR AR 2RV = A, AT E A [R) S T8 s 47 S 8 285 8 o 0 TR 4 AT A s vz A TN g
IR, FIR, ARSCHIN T2 F7 (spatio-temporal intervention) ML, 1ZALH] 52 K R HEWT IS )5 K, @
IR AFEAE H AN B R AR, 2B AT 1401 (intervened distributions), MR A HBLFIAS [F] 1 70 A0
A8, £ T (intervention) #AFrh, AR XA BEAL B i AR SCORFF [ 2. 1 T AR R T H A
PRAF FL SRR E BTN O 2R, RO — T R e 8 A R0 BR AR AR U ) B ARG IBE (RIOAAHSR) SEmR. Befm, AN
FEYNZRIE A A 51N T ST AR 3 AR AR AN 14 24 SR st T 0 A TR A 28 ) ol &5 SR 34T 2 R AN AR
LS, TR ST A 2 TR o R 2l A B R AN AR A X 1] P A N7 A% B S s S AN AR A RN AR e A X 2 Tia] ) At
AR B v T2 ST AR AN AR AR AT T A RO TN 9SG BT 05 12 A R, AR SCHE 24> LS
PR MBI FEAT 12 S, S5 R, SIA FEL T IEAR L, BT VR ALY i RV EE R TRNAE 25
T S Pz AR REOL . X ARRE BN AS BIVE R I W2 I 7 - FRUBEHRORI B ST A (1R 3 A R S P ¥ ik S5 311
T AR BE SR T RO SR B .

AL FHETERAGE T, HeA R L T —FIT LR 2041 ANZ AR S B s 2 P 45 B IRAA RN
ARG ST PR BRI AR X Bl ks TR 28 0 AT A o) REHEAT ARG T, FLOA SCUETt 1 iR s 2 B 70 i 4,
FLREW A Rl L ah 25 1 b B AN AR R AR 2 3B BT 1 Jk T PR SR T B I 2 T TN L ) BAAE ) 22 A oA
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TASAUN 23 A1 (i % A5 i el A 35 AN AR Ly RO SZ L R SR, A SR 2 4R T 1 Bl R ph 22 2%
FE A A% T Bz AL RE I AE 2 A SR B AR MBI B 58 AR RIIRAIE. T TR BAK BB ¢ AR, SR80
I HBATFTHR 107 9T AT SR A

AR SR EEAFR T WA 5 2 RIS LA, M sh SR A M S 3 AiANZ AL . R RAE
SIRIBCHT T FURE R 58 3 19 VELRS 48 B2 th #9358 MRS PR AR AR B0 0 A1 AMZ AL B 25 RIE 5 0 X 2%, B4 i) A
€ S BRI A HAR; 26 4 1 2L e S A5 R, JFE I RS . JeR LS S U s
SR D ISR T IR R 5 5 WREACKERIRR KT, 5 6 WS SN,

2 MBEXIENE

AL FEAE =TT R AR, 73 R shaS B Es  73ATANZ AL . ERRRAE .

SEHEMLE. ITEkR, sh4S B A M 2% (dynamic graph neural networks) T2 RSN A 3 5T 2 B A A
E TR, Hod i @R B 2 i A (45 8, 78 2 U FRINAE 55 b B 1 58K e 7 010100 s
ANTA, Zha 1 B 08 2 A B IS 1) AR P 45 R AP AE AR 20, S MRy P AR 45 2 25 (I 280 D 28 A S R S 5 ) 52 2 Y
SN AL TT T AT R AR B B O SR S A PR G, RIS B AR T 2T VER T ) A B R 2 N 25 1)
PERE. 245 B0 42 I 2 (I 72 7 1) 3 AR TR e AT A O A Rl 25 B R I 245 2. — R 7 VAR T 4l
FEERY M 5] 2 B A SR SRS (B 4E . 45112, GCRN R A3 B AR M 2t il SR B S5 M5 8, T4 & T 1SR
JG (GRU) 2] yR i ] 4 FE A B 1y AL (191, DySAT 383 25 #4032 HLHI 3R & A i TR B R R 40885 S, I
R FH B (8] BV S DL BN AR, AT I 23K [ AN [R] I Ta) A AR v S5 41 2 — 280 U 5 NI [ AR
I [A] R 3, FF25 & 3 RS R P ok 22 D 28 B 2 S AR B 45 5. 9101, TGAT $&H 1 —Fhisf [ gmbs 7 v%, A
TS 7591 e FRAE B % P 75 3R 7R B 8] ek 45 5], EGON Jdist Ve Ak P 45 AR I 2 R S 40 B 1 R RAIE, @b T
Xof 4 N )25 58 59 R R A AORSE, 3& T R S IR B AR I e 6L, AR S B AT R AR T B S B 2 RS @Ry
. it GRS R4 RS R, BB AR AE 22l 1A] R N AR Sh A B I B A RFIE. R ETTVE AR T
AR RN ) T 11 0 A R s U P T T R R S, T 3 2 A [ ) 85 5 P T 55 7). a7k ) V2 B
TR ERN . FON . ShAHEFEF LR 5. Hlin, DGEL 2 —Fha) A8 Bl 2 S HE LR, sl WAESZ B
TER 0+ I TFL) ik AT S mim R A R B 6 4 2 =, IS R A e 0SB 47 o, F T 3haS 3R N A 55 (18,
DynShare #— 4 R B#AZF &, 8 B) 2857 SEHER AR SEILRE T I (B BRI AP ACHERE, A RER k2 s g ~F
A P R DOV SR, IAT I 2l A I SRR s 43 A AR R, i ZE B SR A o, I — R HE DAL, A
<R A 255 T K T 37U B BALSE I 2% P AL IX B, AT RS AT AE, S ERRAE AR B RE R 25 TR XA
e R 1S Bl A B g3 A Az A ) AT 5 ) B A

FIINZE. S ATINZ AL (out-of-distribution generalization, OOD) F&HL#% 5 > NI 4F K £ 52 I I FT
7 1), A O 0 R A AR AE RN 23 A7 AN [F] B 0 B CRAERE L Rz A e 7 1200, AT I 90 32 AR AE DL R 7Y
FEARBAR L, B RRS f MEFIA A P22 3] BARSR UL, TRM @i 7E 22 AN I ik o d5 M 2256 XU -2 S AN AR Tl
W2E, 150 8RS TE T A 24k P, GroupDRO U ioh X 58 22 55 K (I R 38 7 B8 i B, e /M
ZELRL R AU (220 xR, I B TR R T G544 43 AT FIARFAE 43 A0 138 Aoxt BB RY fR ). — 16 77 V2 R AR
T AR A5 R DR AR AL (SCM), AT 2% 2] BAT SR 0 i B 2R 231 40, EERM J83d 51 A Hitk IR
B SCRR AR A EAUFR G DL R A KU 5 22, AT i B — WL SRR A58 (RS A Ak g 4. DIR i i
PRAELE M) S A AT AR 1 R SR X, FFId B AR (1 Dy A DB U SE B 43 A Az AL 291, i (¥ F 7 S et
Xof et P ) G K 23 AT AR A TN B 25 B R N 28 e A AR B AL SR s

FRFBRAESFE S). MRS RAE Y ) B A RAEEUE i 2 FB E R 3, X Lo R 00 DL 1) & 1) 8 AWML 3%
7~ 2O 2 TARLN B-VAE AU SOt R 7281 5@ i 7648 43 B b 2 b 51 N IE A2 S S B A IR 1 PO e s, A
AN TR 2 PRI 2 T 0T Iz NS4 () AN [R5 U, AT SCRe T 4% 28 05 R 7T T3 InfoGAN 29 U3 i 5 KAk
T AE R 5 A4 e A T (¥ FLAT R0 2 ST AR CE DN 7. B PO AL (R AR 4 F T AR R AIE %2 23, il DisDiff B0 Al
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DisenBooth (31 45 77 VA7E PG 5 AL i i o A A 2 AE SR 2B o RE R4 ). A B AR 5 AR SR U, BIF 0+
AR SR LS FVE . A S XSS R RS, LS THBE AL ) T R e Rz A 132331 Sk, A RR R AR 27
SR BIEEE B ROmT FUZHT . 140, DisenGCN i <R3 dpL il IR 200 w2 5 40 SR BERR AV AE R 3R, AT
SEHLHT SRAL MRS B4, RSN, GRACES Beit 7 —Fh B B AR B gt o, F T RAEZ A S50 h AR R R,
M AR IE J5 22 (1 B A 22 B R4 R 19°), ZEZN S IE T 56T, DisenCTR I8 I SEHUH F X8R (1 2 BEvE I @R g s 47
IS RIS, R IR TE T ShAHERAT S5 P RE 196). — LR SUan 4@t T 45 & A8 OB BRI AR R R AE (1 75 72, i
Tr ARSI B A 3 I TRD AN A AR PR B, Sl A T A ) AT R BT AR B TT A R 2 AN R B
R T s A B Az A T, DRISEA SR 1 — b T B SO VE AR R B 245 R By W 2%, i X 73 i 42
A A AR AR S, FFA AN AR SCREAT 0 1T $2 = 0 A SNZ AL g

3 ETENMIMEMRRBI I INZ S EIEE ML

AT BRATTHR HH B T 8 O T P AR 1 3 2 B 570 W 246 DR xT 30 2 T o g I 22 A i A% et (B 1), 1
SEBATBCTE T ARSI AS IR B T 2 TSR AR SR I 2. SRS SRATIFR T I 2 LA A T A
DT A, IF45 & A BB B s MO T A Z RN 2. fola, BATBEE 178 2OMAr PE g
A I W T T 3R T P 2 ST A AR R SR o B, R AN T JUIUM A 7 P T U 0 5 00 4 Ok R BBk S Ak, BAS
S O A AT 73041 SR RE W AR T

3.1 [EEENX

TENRFTEE TR, A1 SN 302 B A STATE 25 (15 X, FRE b iR 045 B i = o A
(R TICI 1a] . [RIRE, AR SRl RS e R 1 Rt AT TIE A, wE ¢ B8 RESR Vv MILES &, Nshas KR L
SESUN G = ({60, b T KR EBHUE, GF = (V! &) Fontias ¢ EREE, v = U, Vi, e = U, €.
FATH Gt Fox Gt M PLHIRENAS &, FEBhA BT, AT S5 TS 9 B e 2 () B 25 A g AT R SR () T, B
p(YHGL, G2,...,G!) = p(Y!|G). #3%F Y KR B MEE U2 (B 7E ¢ + 1 B ZI R G R AL FER
T RGO AT 55, X2 BN EAE S SCIR FP B WL 178 JRATTEAE STk (24, 38) (AR EE 73X, H IR
ARSI A0 3 LA s G ) IR B (ego-graph trajectory) 43Ai: p(Y! | GYt) =TT, p(y* | GL). AT R
v FERTTE] ¢ I EREHIL L BrebfE (VD) I B Q0800 28 DL S I Be 40 J5 15 s RARFAE AL . B AL H b
T L 2206 A fie /M 5 3] — AR BN B 2 ming Eye gre)op,, (yt.qr) L(fo(GE1), yt), Ferh fo FRARTFI%:2]
[P E R AR, FRATH GLE F yt o B3RS S HARZEBE AR &, GLt Fl yt SR HXT B (1) HL AR
S

UAFAE 3 A S o] N, B T 2520 A 2 20 21 (0 e A Tl o 5 e VA AR 1 vz A6 250 A . 72 Bh A AR O
W, AW S ) T BN 45 T8 A Hh I A IR 39400, 23 EIRAHF 9T 8 R, BRATVIRSE 5% A A R FF— 2k, B
per(YHGY) = i (YHGYY), BAE B DR E M [, B py, (GYY) # pe(GHY). B 1 I [R] AR A0 245 v 8k A7 72
(TR 1) 2 A A (40420 DL R ARRR )L LA 0 i S5 0 o3 A k% 1250 BhAS B I A7 70 38 O B 2R IR 2 o A,
B4R AN [R] ik 18] B AN [R1 44 X rb () B 3R 028 70 A7 v AR AE B 3 22 R

3.2 NIRZ=2HmEHBIREE

AW O AR 220l 25 A A A A S A 3, DB e B S e 57 [0 246 I I T 22 A0 s £ R
s itn, = e UER AR AR SZ I 2% rh AT S RS0 & BN R (B E S R ) AR AR T 7 R
RN T 145461 R T SR (5 R4, T AR R A RN s R ) B A 4, A8 A AT L) AT g 2 B
il AERS AR o ) 5 T S S5 RURIR], A R Sl B e M 4% B 8 ST B, RS A ]
2 25 SRR A I R AR s DRI, JRATTHE F 79 s G T ) i 2 2 SO E BB — A
TR Piv) = mi(G)"), Ferf ml (1) Fom AT 5L v (19 B BRIEPUIE AP IR A5 SRAE K s . E AR [46] 1, 4%
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Figure 1 (Color online) Model framework. The proposed model mainly consists of three modules: disentangled dynamic graph
attention network, spatio-temporal intervention module, independence-promoted disentanglement module.

*1 KBRHSEE.

Table 1 Summary of the key notations.

Notations Descriptions
g=W¢) Graph, node set and edge set
Gt = (Vi &Y Graph slice at time ¢
glit yt Graph trajectory, label
Glit 4t Ego-graph trajectory, node label
), 9() Prediction functions
do(+) do-calculus
¢ Loss function
o(-) Function finding invariant patterns
d Dimensionality
Nt(u) Neighborhood of node u at time ¢
my, my,myg Structure and feature mask
z} (u), 2%, (u) Pattern summarizations
Aggr(+), Aggv (+) Aggregation functions

AT AR B A AT SRS A R T = e, AR AR S = 70 P B S B G e - T 75 Fe 1% = Ju L v i R
PRI R, B gt ) = fo(Pt(u), Pt(v)). Sha EIARE R4 I H A A B A TR0 A ) I 2o A8 R B T T 44 g
SRR T I 25 735 B P 5 ), A o) 00 B 7 CE AN RIS 1) B sk X 2 ) T REAAAE 22 5. 2 DR SRR iy (48, 49)
JA R, BATFE I st

BB ARSI NS £() BRI EAER A IOREA (GLt yt), EAE AR Pl(v) AL
Bt P (o) AL ot = (P}) + ¢ H P{(v) = GE\PL (v), B PY(v) L PY(v) ML

FEME 1, PY(v) = G\ P (v) s B B AR B (LRI M. 608 MR R P (o)
S FRUARE R A4, FLAT7E AR [N ) B 5 B0 00 P O 7 T M OB A, TS P, (o) S5
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ARG ST TR FARZE o ASEAT FCSR T E
N T AT E RANZALRE A7, B NARA T AR A AR, VAT E A F 200 T IR 4 R A R
TR RE ST, 105 2 AE 73 A W AS T T BE FT AE 2 B35 224, DRI IRAE H AR T ASRIE Y

g{ll@l’; E(yt,G%’t)Nptr(yt,G}jf)‘C(fﬁ (p}t(v))v yt)a s.t. ¢)92 (gll)t) = p}/(’l))’ Pfj(v) 1 P%/(v)a (1)

Hrlt fo, () TR T AT BREL, o, () Fom T IRIAZSAE AT K. SRS B H br B AT 99 7 Tk
il SRR S AR AT FBOA B AR ER X 7y, B il U A A3l X 7. HkOy 7R R AR
W AR AT I, 75 et MURDR SEBUANAE I8 20 BT, D9 BEBAT TP A R T 5N IE AT, 7353 3%
3] D) SR B B AR A R R AL 5 ) BRI R i LA 5| 2 DA i R 35 B A R AR ) AN AR R St AT A Az AL B T AR
B DR SR AT R R (48:490 ) 50 (1) TSP

glli@f;E(yt,g,l,:t>~ptT(yt,G3;t>E(f91 (¢6.(G0™")), ")
+ BVarses (Bt g1ty mp,, (v .61 do(Pt =) £(fo, (96, (Go™*)), 4")) + ALina(Pf (v), P (v)),

Horhr, *do” FoRilIE do W5 (do-caleulus) X JRIAMATREAT I 1950, S AFHidk & MR (1), DR
X Pl RIFKMET, BUBK P AR yt, IAX Pl ST 0 (B 03)) AR, hT %
BURAEREAR N X 73 ATREAT T, FHESREEDFEA A AR AR 1, IR0 (2) T2 (Var(-))
MOAAAZIELI R, N T AR AR RS R SR AR, 38 75 EE 5 NBOMR SRR Lipa(-, ) (RARSEILILES
3.5 °11) BASEBL P (v) L P (v), T LA RS AT LN SG3A T A A wEAT TOI iy s A3 A Az Ak

3.3 WRABENSEEEHFS
T TR FI ) 225 8, 15 ST 28w 7ERT 20 ¢ BB AN N () = {v: (u,v) € €'}, MIFFATE

(2)

I, AR AT T AT 2R A AR P S AE RS R 1, o 5 ufs FEARERARIRI SR NV (u) AT RER & AN
I L, RO P B % R I ] A, RIS R B AR [ SR IV BB T REEAS FIRE R 5. PR R AR 5 L2 %)
WIS BRE 1. N TRAT T3k, & SCH BRI E— P&l fa, (Hize Carsd 5l n B
e B R BRSO n AT . BRATIREE 22 MV S A I X 2% Y Tt Sl HE S 2 R DS N R SRS S
FRABRT = ELERNE. Tl P T A R, JATHR B — i 2 (R U], AR AT R OF
TORTEH B AT ml XTI Z ¢ (979 8w RHETTRASE v € NV (), Ve < t, RATITHHE AW - 8 - 1

g}

v

Horb !, RoRH R w B2 ¢ I3RAE, g, k, v 20 AR ER . BEAME R R, A8 e i BT A fl A Ros HLASCR Ty
A B LT IR RS, TE(t) R [ 4 htd s &, T 3RAS I 21 ¢ AR (B 2R AE, M e a5 RE B A B I 1845
0SS AT SN A BT R A VR ) 7 BT A A R T

q-kT> < q'kT>
m; = Softma ,  my = Softmax | — , 4
I rnX( NG v max 7 (4)

Hrp d RFHEAESE, m; 5 my 250 AR SRR A SRS, 72 AR 15 73 e 0 40 J AR AR AL A
A7 WA KRR, ARBL A R 2 T8 (0 SR DR, DA P A AR SRIRATT G N AT 2 ST R FE RS my =
Softmax(w ) M MBI S ik SR RRE, WIZhAS W M B R EHN

al, = W, (B,ITE®W)), K =W, (b |ITE(t)), vi =W, (||TE(t)), 3)

zi(u) = Agg;(m,vomy), zi(u) = Aggy,(my,v), (5)

S Age() TR MENAS S R A BRI N T b RPTAER, RN15 MR T R R A R
Agg;() 55 Aggy (). FIHBERIIRA LS A R FER A F— B, 2 (u) + 2} (u).
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SRR BN A BV 70 W 48 ) B AR R SRR th 2> LRI 28 (RN R SR HE B A . JABh T 220 i [T e 2 I 2% ) 9
BB, ZBTHORIE T REAN T RUR] DATBE DT 1) R sh & 403K 7228 1 )2, 25 (u) 5 2l (u) PR AL u 12
1 B &R oot B2 AN AR AR (B UER AL AESEBRR T b, YRR ML W 9 2 SRR oL B2, DL TN Z5AR
FEPEIF A 4R LA IR A £ B ),

3.4 Bz FIaHH

KL (2) FRO AR AT (1T TR BRI 52 2 3 O R 4 AR (AR X, (%5 SR AE S o ol LK
B, JEBEER: F 5, WS R AR EE K S R AR R — AT I, HH S AR A LR, AR TR AR AL Y 4
FE) SRFAEAS Bl A — A EAR IR 19 AL D e Ak B O 1), BAT T3 A AR 3.3 /N A B AU UERAE A & 2! kil
R P T 2 (u) 5 2 (u) IR TR w AR ¢ AR SR REIERAE, A T i 42 (R s
FAL T ERUTBLTHOLAE, 1A A R 8 SR AL, BRI, AT P 7 AL BT AT I 1R ) A2 (AR 5
RAL, WHERFE—A T B e AT s AR B, i, JRATATAE 5 51 o ZERFE] 6y AR AR #7505
FEF[A] ¢ AIASALARE K

2y (u), 2y} (u) < 27 (u), 2% (v). (6)
AT AR OR B [ €, WA A AR, 4555 T RIS (0 I 2 B S B, B THEAN R <R30 55 I 1] i 3
187 E & AR, TE N RIRMTIUREA, A 2ck G T R 2% ) 2 MUl il L. 3 2 AT K (6), FRATTHT
PARAT 24T U5 2dis o0 An, fHkJa Sl g (.

3.5 IR MR ERERS
ANEMLAR. T AR 2 AT IR (AR ), BATE N ARICAAET DUR & A2

BEAT TR, AR FRATFIANAAR SR LLAAR LI (2) IR LRI & z; M 2y 3RS AR HZR
HRAL, 55105 58 SONAUAE AN AR R A HEAT T3 -

L= g(f(ZI)?Y)’ (7)
Forr f() 9T ek K. 12450 % IS A R AR AS AR R CHEAT T 42T SR IRA T SR TR A 4 A T
Ly = E(g(ZV’ZI)ay)a (8)

Hrp g — AN g(-) ARG 2RI REAT T, R EBURMTE 1685 TR R 1 7l
MREST. T, AAMEL R IENLITN

Lao = Var, es(Loldo(PY, = 5,)), ©)

Hr tdo’ FIRER 3.4 5 BTN 1240 R T AR AL 2T T A0 T R Tl A2 e .

M MELAR. WA PL FAIAR A P (RS AT DL 2 Bl 2 7 P e 2 ) 4% g AN A A =0
AR, FRAE I AN AT T AT SE A A ANz A, E T BT B O VETE 4 S A R R AN AT AT 53,
AR RAAKE — i 55 (Hilbert-Schmidt) 2 HEHEN (HSIC) PY SkAEHEATE A PY FARILE P 1)
BIRAEZ (R B ASE . W w S 58 SUPE P23 [A) b R0 1F 52 A% R AR, 6T LI P A A% A 7R AR R 25 1) (RKHS) N A,
W R AL () B P WU F] AH.

ST AR, FEVEE P 5 P SRABCG 0 p(PL, PY), HAEN B A A R AARE 2SR
(R E P 5 2258 LU

Cpi pt, = Eypr py) | (0, (PT) — pp) T (01 (PY) — MP{,)} : (10)
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E3% 1 ID-DyGATHIHIRIRIE.
N IR H L, TTREASR S;
FiERK:
1: fori=1,..., L do
20 IFEBRE SEGA N AP A S IR AR 2,28 (R (5));
THEARSS AR £ FNREHIR L (3N (7) A1 (8));
Mz, HERFE S MR, MIETHES S;
for FNTHHA s € S do
B SRR s (R (6));
BRI EIREGTUR Lon;
end for
TR R IENIN L4, (3N (9));
10:  IFEMSIHELA R IENAAI £;ng (3R (13));
11 ARAEEARUIZ BAREEE R 24 (A (14));
12: end for
it SERAL SRR,

Ht iy, = Eypy, [0, (P)], ip, = By, (61, (PY)]. HSIC BIZTLHI 7 2 50T B9 ARAEHS — G RREHCE X
N
HSIC(P, PYy) := ||CP3,P§,||%ISa (11)

SO M3 = T, M2 . JA R AT I8 ] 030 S
i Elxp: (P}, P})]<o0, Elwp: (P}, P)]<oo, H kpt kpt FERHIER (characteristic kernel), A

HSIC(P!,P},) =0 < P! 1L Pi,. (12)
TESEPRSEBLF, FATR A TAE [55) $&H 0 HSIC Llmfhit&:

HSIC(PY, PY) = sty [t (OVT) + BOHEL - 221707 (13)
KA U 5V & kpy 5 rpy SRR (Gram) FEFE, A ACREENE. FAMEARIE RS (RBF) #%.
T, SR A2 DU SR A R PSR AIE 1) RO A S B DAR =R A3 154561 i Sz 5 IR il i RKHS WG HEAT HEA#R,
A HE R B IR S A AR R MRS FLR HSIC Jo s S sUAl T AR R a] (B 5 0 A, THRARH @ 2 S Jm BATE A I
HSIC flivh &R Tl o1, fh T HAh & fhivh 7 B, 2 (2) AL L R SEIA L,q = HSIC(PY, P ).

3.6 E{K)IZ&B#r

B3 v 25 B bR N
min £ + BLao + Mind, (14)

HAESBUR £ R 51 SRR 52 S AR, ANARTEL AN Lao FSIAELIARIETIIN Liyq TR 35 B4R
RUEREA R GAMWREN, ESH g M A FEH] IR A58 L. EAE R A2, FEHERE R BOSEARY (S fd YA A Xk
AT, AT SEBL I A ANZ AL RO TRIN e BRI ZRFERE I 5i% 1 Foms.

SRE S itk E R o T W RSB0 [V, WEHON | B, FOEERRYEE N d. I
BREMBRNI IR KRN O(Eld+ |V |d?). WFRHRE G —DELERA T 2, X R G RERIN 0 R 25k
SO AT | By AT BN AILECE, | S| T IREASE G RN, 2T TR YIRS I [ R4 BE O(|E, || S|d),
MSL PR AR R A I TR] RN O(d?). X P MEERAAE I ZRB BT, BRI AN 2 g5 3 BRI R 21 RS T
. B, SR RIS O(Eld + |V]d? + |E,||S|d 4 d?). Frf S| ol 24 Hal H st BBV
(R K. 25 b, PR J5 VAR A 10 I 1) B2 R 2R TR 1), 5 AT Bl B 22 M 2% 9 [R]— B2
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*F 2 BEESKITHE. CEUHHE RATSFEREHENETL; “RITA” RRMNREFRETESETENRE IS

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.

COLLAB Yelp Synthetic OGBN-Arxiv Aminer Reddit
# Timestamps 16 24 16 20 17 10
# Nodes 23035 13095 23035 168195 43141 8291
# Links 151790 65375 151790 3127274 851527 264050
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

4  SCIEEIT
A I R SO S R SRR R T BT VR S, sSEIR R R R 2 BT,
4.1 HE%FZE

PATHI T2 T FAT AR NE R B 22 W AR DL K oAl ANZ A TRV E X BU SRR 28— SR07 i 0 i B
ZeM%s. GAE D7) % —Fh 22 s i S A e 5 55 0 Sl I 3 S 22 )2 B AR R Ve R Al S I S5 40 5 75 B PR 2 )
(RI9G &, TG W B 2 5 EIRAE; VGAE BTl 7E GAE (5Ll A8 53 B g i 35 1) VAR 51N TR 25 Wy i, Jied
FE Fa 8] rh BN BEHLAZ B RBETT sURAE AT E M, DIRIBUE BB HREAZ AL RE ST O EIRAE. 55 —2R05E N
AR RZE. GORN 31 15 S R H B AR i 25 PRI R o SR TS AR AE, SR T A 3F ot 12 okl
e IR AL B S A, X SRR + (A AR AOHESLRENS R I =7 > 18 1R S IBR S5 A A I [ 44K
HRZR. EGCN W01 ISR AT 53 — M R8BS, B AR BLHR S 2179 I P AL, T2 S AR P 22 0 2% sl 25 S 7 IE1
IS, (A3 B RE s A2 AN R I TRV HE N & R AL, X — B R & & 7 s AR S AR sl S E i 5
DySAT M) 72 B R rh 5N 7 X0 E A R AL, 2 4N () R e 0] P 8 M 3 0 1 3 e 2R A [ 40 )
{52, [RIIN LI (8] 4 B A Y BV T WL 85 A ] A AR5 3%, (452 R G A2 m] LYok B A [H) 48 J
5 S BE N BOBCE, AT BERE RTE R <R3, SR R ik @A K AN I A B A RAALE. 26 =2ROTE N ANz
T35 IRM 2 () H bs 2 2] — ANMERTA I ZRAE Th A e OR R — B Tl 2%, (EFAEA R 70 A0 T3 Re e MEZA
B X XA 7 VR S IS PR AR E KRR R R, M ERTHE R ) 73 A7 SMZ AL € /1. GroupDRO 122 fEfLfkid
PRSI T iR AR, 72 R/ MU AR50 XU R R, 3o 4R 22 B R IR0 358 73 Pe B s FROBUER, AT S UL X B R 1
SUABEEIARAL. VREx 581 UIEIE7E H AR BR H0 b 2N R II ZR 3R 855 2 1] AR XU 22 57, SR B ALRASE TR0t 9341 (i B HE) A5
JEE. XA MK e S AR A S| RIS O IS RO, TR THEE AR 2 (R I, DIDA ) &3 B 2544 %
PEHEAT 1R T8, AR A I T R R — BB BARAL, SRR R AR e . R R AR
AT ANZ A TT i B AE SRR RLAE TR 70 i A2 I 2 AL RE T, (IR SRR 2 AR AR BAR 2 LLH SR
AL DA T i JE RS SRS B, N 7 AR B, SRATRAEABENLRI 0 9 2 SN ZRI. 5 RE 23X
SLTTE R B I o A ANZ A S, BATTR AR I ZRER LRI 20 A& I 2 M 28 A N L T M 4% (backbone

network).

4.2 ESHIRE EAYHER TN SLIE

AL T PSSt AR sh S B AR, 70508 COLLAB M Yelp, IR A Bk 0 3 2 50K ki
BEFRINAT: 55, BESRAGTA A I s S T — I [R1 20 (k. il S 0 mT DURSE L AU 2 & 70 e 2 A



ZE2RE FERF: EERNFE 20265F $Fs6E FaHl 824

% 3 TREGFEEEIHRERTNBEE LHER (AUC%). mME&ERUMMBEIRE. ‘w/o DS’ RinEHDHRBHINX LI,
‘w/ DS’ RRE DT IRBINIKEIE.

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 COLLAB Yelp
w/o DS w/ DS w/o DS w/ DS

GAE 77.15+0.50 74.04+0.75 70.67+1.11 64.45+5.02
VGAE 86.47+0.04 74.95+1.25 76.54+0.50 65.33+1.43
GCRN 82.78+0.54 69.72+0.45 68.59+1.05 54.68+7.50
EGCN 86.62+0.95 76.15+0.01 78.21+0.03 53.82+2.06
DySAT 88.77+0.23 76.594+0.20 78.87+0.57 66.09+1.42
IRM 87.96+0.90 75.42+0.87 66.49+10.78 56.02+16.08
VREx 88.31+0.32 76.2440.77 79.04+0.16 66.41+1.87
GroupDRO 88.76+0.12 76.33+0.20 79.38+0.42 66.97+0.61
DIDA 91.97+0.05 81.87+0.40 78.22+0.40 75.92+0.90
ID-DyGAT 92.19+0.31 82.43+0.51 79.52+0.46 76.95+1.65

THEEL NN, BAMEH w/ DS R EH o KR EIE, ‘w/o DS R /A % 10
B, N T VMBI AER 2 ox Ai m A T IR I, BATTMEIR S kB — A RAE N w/ DS, H AR FE 2 1A
PRI MR . BRAESEFINRENEN w/o DS’ TEEREME, ‘w/o DS’ 2 HIFERSIESRE, AU E
B T w/ DS’ AE YNSRI FE H R AN AT DL, 3K 7RIS B A R DR I S v FLSE BBk . DU R AN LS
A HAR R FZE A28 COLLAB P9 & — AR EEEHEE, 68 1990~2006 4 A KR AW SC. B I &
53 MIFRAEF R A E R R RG-S MER SO S, B 50 b — AN UIbR 2, BLFE Hmizde” . <4
FEr . BRI R Hgr DU “RTAALT . BFIRDRCENAE, R EE 16 AR, RATER SRz 1E
N ‘w/ DS, HAEEN w/o DS A word2vec 601 i SCH B HEEL 32 4ERFAE, JEEHUTEIFR1G1E 2 R
BAMEH 10, 1, 5 WA 0 BIVE R BIEEMMRE. ZBIEEILE 5 23035 AN A 151790 44,
Yelp 14 B — A IFS BE S, A& R 8 K IS T A, A = SAL 2y R s % i X ST N,
PATBERL T 2019 4F 1 H & 2020 4F 12 HZ (8] 5 DNl ul A8 Y, A4 <t . SHriREXE w7 <pnmf
5%, <HREE R OCPRE . IR N, M 24 AR BATE “ELEE KAMERN ‘w/ DS, HARAE
N w/o DS BAEH word2vec 1600 PR SCA FR$REL 32 4ERFE, FEBCFAME IR AR R e R R, B
WIS HIRBORT 10 IR P 5/, 8 15, 1, 8 ANBHELE 2 BIHE RIS . BiEERMNNREE. %50
AL 13095 /N1 AR 65375 2k

SCIGEER. MRIER 3 Hh S FURE B TN B AL Y S I 45 R, T DUR LB A TE i A im e R T
B, RSB B E WK HE L AR R R FE IR (‘w/o DS) LRI RUF, (HILAEAFAE 5 A0 W2 1 ik
£ (‘w/ DS’) _ERYPEREKIE TBE. H5 M, DySAT 7E ‘w/o DS FRILEAR, TLE ‘w/ DS A PERE T BRI ik
F T 12%. 7E Yelp ##f54E I, GCRN 5 EGCN R IIEAZLE 5 A i i FL 2 A InF S A M 4% GAE Fl
VGAE. iX— IR ULHA, B 27 B PP E WX 48 1 016 1 0 FR 2 A R IO IDE AR A A 2, DR IGE TGS 43 A1 i A% ) o
DAz Ak, BeAh, AT ANZ AR 7 iR SRR T 11X B A B A R 2 0 A A 15T, BRIIEAE Yelp  BANHT SR A BR 1%
RESRTE. RpdillHh, X L7 VAR T B SR SEAR S LSS A ANz A, T 7E B SEBNAS B AR B4R 28 AN m] 3R A5 1.
HEE PRS0 KW, B ZABARE N T, 1% 877 DU EEAR ORISR T S Z R BhR2 2& 5)
A BB A w1 — KBk, AT I VEAE A3 55 A A% J7 TG T 904 5L 4%, S LR AE /A Im B R 1K1 3%
SRR NRM. AT A RSN w/ DS &M P EER Tk FHERHZ, Yelp 3
PEEEH COVID-19 HIMEAR T8 AT 24T N R A R AR AL, 2RI TE S IR [R] ) A e ; AELAETE T, Frd iy
RAE ‘w/ DS FAHLEIEZ J7E GroupDRO V3 9% BIFES. AL R, Yelp H1& 2601 (BINEIRI) Z A1 4k
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R4 TRGHEEEIHAITNSS EXEBIEE LREHE (ACC%). RMERUMBIRE.

Table 4 Accuracy (ACC%) of different methods on real-world node classification datasets. The best results are in bold.

OGBN-Arxiv Aminer Reddit
2015~2016 2017~2018 2019~2020 2015 2016 2017 8 9 10

Model

GCRN 46.77+2.03  45.89+3.41  46.61+3.20 47.96+1.12  51.33+0.62  42.93+0.71  34.38+1.35  31.08+1.58  33.98+2.50
EGCN 48.70+2.12  47.3143.45  46.93+s5.a7  44.14+112  46.28+1.84  37.7l+1.84  29.24+050  31.45+0.72  30.21+o0.68
DySAT 48.83+1.07  47.24+1.24  46.87+1.37  48.41+o0s81  49.76+0.96  42.39+0.62  36.10+0.14  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  50.18+0.73  42.40+0.27  30.24+1.26 32.21+o0.78  29.76+0.83
VREx 48.2142.44  46.09+4.13  46.60+5.02  48.70+0.73  49.24+0.27  42.59+0.37  30.72+1.04 31.41+0.77  30.33+0.88
GroupDRO  49.51+2.32  47.44+4.06  47.10+4.30  48.73x0.61  49.74+0.26  42.80+0.36 31.65+0.35 30.68+1.33  31.55+0.32
DIDA 51.46+1.25  49.98+2.04  50.91+2.88  50.34+0.81  51.43+0.27 44.69+0.06  36.14+032  34.74+0.14 34.67+0.46

ID-DyGAT 51.56+1.05 50.49+1.12 51.93+1.06 51.19+0.53 52.41+0.72 45.14+0.18 42.13+0.2a 40.52+1.32 40.28+0.53

5RO, T COLLAB Hffa S v A [A) sk 18] 22 57 5K, (AL HE BE S ) 2 (8] 7 A 8% ; T AEBL 261 T, By
IBAE ‘w/ DS’ _EAHEZ ML 2L 7% DySAT 4271 1 5%. 514N DIDA FE 70 Aifid% T B B BEAR Rz A1
fE, (A= B A MPERRILE, o) fe T SRR USRS R AR, AT SN ROR . e 28 B f 7 ik
&7 BURILK 0 A SNZACTERE.

4.3 EBEIREELHTHLSESIR

WAVEH 3 ALt AR B R AT 1 S K8, B OGBN-Arxiv 1) Aminer 621 I
Reddit 193, AN B8 S35 51 SC 2%, JLrp 1 ARoRie S, IO ¢ MM w B o MIIRIRIBSC u 1E4F
Byt R, IHEIH TR v SR BT S0 AR S HAPE, BT SOk B AR, B SCE Rk
Bk 2, REAL TR R F I 2345 B AT 40 2 T, FRATTEAE STk [24]) BIBE, SRAVAGN 2] (inductive learning) HEHg,
B S AE I ZRI B8 AN AT W, X AE B sl A Bl s 5 R St PR AR M. DUR 2 3 AN E Sl 4R 10
B H. OGBN-Arxiv 01 & —NERHURFESUR T ArXiv &35 X%, B MAG 64 R 5|, 5518 SCGE T bR
SRR B )] ) B3RS — AN 128 ZEMHFAE A&, 1A [ B skip-gram FE8Y [69) 7E MAG 5 RHE LIl
B3], AR TN ZE B 40 A3 RRATIE, 10 cs AL ¢s.LG 1 ¢s.0S. AT 2001~2011 £ 7] K& F 1118 T
L IIZE, 2012~2014 FE[6] 198 SCH FE0AIE, 2015 4E 2 510 SCH TR, B TR SOREREE R 12 85—,
AR EARAFAE S I 2 0 A kS . % EE AR BIEEE 168195 AT AR 3127274 4514, Aminer (21 J2 )\
DBLP, ACM, MAG A AR - R 51 ST 2. FoAT 18 word2vec (601 M SCHHZE R HL 128 4ERFE, FEHL
LIRS AR RS SCIRRE R R, FRAIIRIE T HEZ BT 20 S UUVE N 2K B bR, AR NTRIE LR £ LW 5
OGBN-Arxiv LR, FAE 2001~2011 FFE[E] 18 3C LR, 2012~2014 5 T 5 UE, 2015 4F 2 J5 T,
BT S AR IR b s2 AN AT L, B T2 40 AN AR (R I 2B, DAS oA A i e T 3R 4R 3L
T 43141 AN R 851527 2534, Reddit 193 J& — N AL AL AT & Reddit _FHEHU KRS IG5, &5 T
SCARRIMG - PR S B LA X P, B B 07 o2 B AT S — AN, P I 3 = O 1]
i, fE eI B — 4. F SR EIET word2vee J7iEARR 0, Z BRI S 10 ANEHAE . BATTHERT A
W 1~6 HIEERE EEATINSR, FERRE 7 ESEATIRUE, JRER A 8~10 RHEATINA. BN LIS 8201 A
W15 264050 4534

SCINLER. MR 4 S S AR R R SR A R, TRV K 2 HU R 4k Uy V2 B A I (R HE RS 14 e A B
TF%. £ OGBN-Arxiv #545 I-, EGON FIUERAZ I 2015 FEFK) 48.70% ZMWi FFEE 2020 F ) 46.93%. X —Hi
LATREVR T B A B A B 23 2 A TR AL, B 022 RIS SO R RBR WG, 017 =85 51 Ol T e 5
o ERA T, AN, RE— RN TTIEAE R 5 MR T3S B A 4 2k (H B T aX B 777 3F
e 1R HE B B v i B 2% I 25 o A R T v, ez R A N . T IR TR B3 G 1 I I (R 4
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x5 TRIGEESREESE LNMETER (AUC%). RMERUMERL. EXH p RESIEESHRS.
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=204 p=06 p=038
Train Test Train Test Train Test

GCRN 69.60+1.14 72.57+0.72 74.T1+0.17 72.29+0.47 75.69+0.07 67.26+0.22
EGCN 78.8241.40 69.00=+0.53 79.47+1.68 62.70+1.14 81.07+4.10 60.13+0.89
DySAT 84.71+0.80 70.2441.26 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 95.02+0.09 62.66+0.33
VREx 84.7T+0.84 70.4441.08 89.81+0.21 63.99+0.21 94.06+1.30 62.21+0.40
GroupDRO 84.78+0.85 70.30+1.23 89.90+0.11 64.05+0.21 94.08+1.33 62.13+0.35
DIDA 87.92+0.92 85.20+0.84 91.22+0.50 82.89+0.23 92.72+2.16 72.59+3.31
ID-DyGAT 88.61+0.53 85.31+0.15 92.34+0.98 83.21+0.38 95.06+0.21 74.89+1.42

P B PERE T B I, E A AN IR B BT T — BCH SR TN PR RE. IXIAIE 1 3T 7V RE 06 A7 i He £k
P P AR 5 AR 2B A, R AN AR AR AR 70 A1 (i T SEBILSE AR E BT, BRATT VAR 2 2 Ol T B
A HENIARHE RS, IX AT BEAT T AN R L RS S A 24 TR T 30 B2 AL R B AR SR 1k 2 i

4.4 RYHIESE LA

N T SPGB AE I S A mAe T Bz AGRE T, TA1S R [24), 7£E IR SURE ) COLLAB
B B ANR B, BERBRAEMZE R 73008 X e RV>4 FI AL € {0, 1}V, XfT8—4
PR AL ¢, AN ATFL IS RAE p(t)|E1FY] SR IEFEARTAA (1 — p(t)|EY| R ARERZ. B8, K HMIE NN
PRFFPER R RRIE X € RV*D &N SR N X = [XY, X, H TGS, SR E U
p(t) = clip(p + o cos(t),0,1) (clip FNEHEAEL), H ARIRAE L, R TS p(t) BMWRE X, SAREER Att!
FAH R B 5. FRATFEMIRHT B B Dregy = 0.1, 0test = 0, O4rain = 0.05, FELEIZRBT BEK Dyrain A 0.4 ] 0.8 B
TR UAEVHL. BT X ShR% AU BAHSCVE BRI (5] 5 4830 A2 4k, PRt H A i R A A% T AR A0
3 BT EAS B2 W 28 TIE A B AR REAE, FRAT1 S ARSI T &5 3. X TR AR XE MgiE s #E, F
fIT7E COLLAB ¥4 i S X! MR WIERERZE R AL, F-5] N5 BG5S B A AT 45 MH 0 1 AL R AE
X4, Xb E e MEE R (XoXT, A1) 2J1E R, Hd A RRRAE R MIA4E, ¢ KR8 U AR K
B AT Adam RALBRIEAT ISR, 25N 1E-1, BUEFEMN 1E-5, FERZE N 50. @ilXF 5K,
SCUE RIS AE A X4 RTRI At+T Py BTN 88 nT A BT 99% 1 AUC, M B T A KR 5 SR L
AARGRAVA O, @] p, T CASEILUIZRT B S MR B Z [AR-AIE X S5AREE APFY (AR OCHE 22 5, AT )
DR .

SKIRLER. ML 5 HES RIS ER SIS R, AT ISR 7 VAL AL BE 73 A7l #% 77 T AR T I A B 42
J7ik. RE & RELTTIEAE N ZRM BRI, (R AR KR B 0 M RE ORME T B, Ui BHIAG R sh S B s 22 M 2% 7 1%
M LA S A A, ID-DyGAT TEAN A (R A% 50 FE T 35 5 A0 T sh A I I 4 B 2, 14 RE e Tl FE B .
XTI 3 A AMZ ATV, RAEAERR A 00 T BEFRAR T 22, (R ARPERRIR LA BR. AHELZ R, ID-DyGAT 72
LIRS BT, e A SR AR, FEANF 7 A i 2R T 4P 82 22 i B A8 A iy SR (1) A T 52 B
FHim R B3E 0, JUF A B2 TR 2R BeYE RE SR TH T AE M B 25 N %, X — IR R, BEE LR
TES bR 2 0] 1) 5 2R 39588, AT B3 B4 28 I 28 D VELE I R b Aot T8 A 5, AN S B0l B P g iR
1. MEEZ R, ID-DyGAT 7E I 2R3 I A4 - FIM R A T Bl B AR T- 3848 0702, RIH e A U2 I A %
RS, T A BT, AH LG TR 7 DIDA, P 77 ik RS — BOER Az At Re, X E 24558 T a0
AN AR AR SIS AT AL AT T ST 1 A
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COLLAB Yelp  Arxiv Aminer Reddit

2 (MLEhRFE) JHRLSEIE 4. 3 (MLBRFZE) SERREEFFEHELER.
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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 generalize 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 performance 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 disentangled 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 disentangled 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 distributions
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 independence 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



