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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.

>71 ©Kd1\-g5
Table 1 Summary of the key notations.

Notations Descriptions
G=(V;E) Graph, node set and edge set
G =(VHEY Graph slice at time t
Glt;yt Graph trajectory, label
GHY vt Ego-graph trajectory, node label
f();9() Prediction functions

do() do-calculus

Loss function

() Function nding invariant patterns
d Dimensionality
N t(u) Neighborhood of node u at time t
mpimy;mg Structure and feature mask
z} (u); 2}, (u) Pattern summarizations
Aggi (), Aggv () Aggregation functions
? @GUj89-(IFé 57,,0Nn95s4b , Q»iz9sL 51*6nA%N# _VF OB 9s46]1JZF
0,828€) , £ ¢, =1 (PY(u);P'(v)). D1./Z24y55,- 7_Y+X §OINH{ W, &02Q ?+ WN#{ W7-
6<$A ¥ &02630+, iy , EQ? N#H7-EX=<&L$BFMNj{L$ 7-"X 2 . *6Ae  [8.49]
A F2 wAT
JAG1 )5 E+N~XO0ZN#~ f() C)8 +263, g\ (GtyYH, "X=Q? PHiv) ¥ F

Q? Py(v) % Cay' = f(P(V)+ D P{(v)= G'nPjy(v), £ P{(v)? P} (v) @00

XWAT 1], PHv)= GHoPy(v) >/j@1.4a= Q?> FQ?i< @ B WAI7*= Q? P!(v)
YUN#T71® vyt _ubB, , D X=<&L$I&>)RLSFI+X6< MOGY B3 aN'#{ - ,6< FQ? PL(v) >=
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2P & , FQ? PL =iy71® y!,FOx) P, F>[¢N (252'A @ ) =A;iy04eN# .+a¥%B
caXg\4x[)63F > ¢N’ CIEyZ g\l = Q20cEW CPA B2 (D] 6NO  (Var( )
0j= Wabe . jTOF = Q?% FQ?2 @6V  ,FMO?E-NIF,)00WA4Os Lyg(:) (8 [ Narhl

3582 Da PI(v)? PL(v), p6<AUQ» £# %= QP?F>IN#6<0)a63F# F
33 @6\b74# EN5%5

jI<&63<e&L$02LS Y , A Ey828éE u X&Kk t, @1Fé j NYu)=fv:(u;v)2Elg, £p9XB
&L$>828¢u +O0A 88 . )¥%&K t;,828é u, "D 1IFé Nt(u);t6 t; yF 1 ut,’5 %D FE"
F), CQ» *¥%f}&k6S8=<97"5" Y .»2 utz > uts X4*6-(<Fé  N'i(u) & 7-658=<
J#,Y , j+Xg, aCOL¢ &L$UDF , £1_+8-(<Fé ,/#, Ye 7->U=<0;0'658 . "Q»M08§7)
Fé DFQ?, 0.7-E . jI°FIV'Aa# , Ey], @ 1Fé 0663<e0LfFé u , VB Ey FJE+E« n D#D
7:8286E6<8'f™ ...  nLfFéu. A F¥U4y # Y PFB55 'AIAN |, FJE+6 Jr E-QLfFé Y

@6\,004# ENXx . j..yyZ82&6E, &02 Q7?2 , A *0ly&02# ?2Ejf , " Cly Z828é7- 0|
>|£# | @ 1Fé ],°8%&é . )%&k t,8%&E u G!'Y"Féu  v2NU(u):8t°6 t, A ANIC B { K { IA
Gy

al = Wq hYjTE(D) 5 kU =Wy hUGTE(L) 5 vl = w, hUHTE() ; (3)

'l hi >7j82&é u X&k t, >+ ,q,k,v 6[>j B K YIAGy  ,-1+e+5ZN© 1°F>jD\-]p9
AGYyw >| AGYy>"lj . TE(t) >7j &LS5F.1- |, +X¥%9¢cC &kt , &L$>"+ , p6<LA 263<eK. O +0,” &L$
y 551 A ANIC @ 1Fé 828 {L$, # ?E6 ! *5 "U.1

q kT q kT
m, = Softmax ﬂsa— ;. my = Softmax ﬁaa— ; 4)

'] d _(©#5$0, m; >my 6[_= Q?> FQ?/5 U1 . X= Q?]C6Q,FéuX FQ
?2]1C6I1-()E3~ , ATy Q?2{L$, CO-(EW . j..y=(©xQ?A E+ —+ (©+U.1 m; =
Softmax(w; ) +X ¥apFé #, Y]F9 OcE(©+ , I@1Fé ] #, Y6S 8]

zi(u)=Agg,(mi;v me); zy(u) =Aggy(my;v); (5)

'T Agg() >/jp@ 1Fé ]6S8#, Y, - . jIF 0l@6VTIYQ? , A 6[AIANT=<,6S58-
Agg, () > Adgy (). T Q?,6585 I(DPE>"+P+;0r ht,  zt(u)+ 2z, (u).
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@6VD1# ?2E55, afQree+alZ:F &2 # ?Er6 40 @ 2« | YAy " [Z4Y595 | #,
YPFBjf ,BAIAN An |y z82&¢ L$ OAILQLfQD 1Fé DXL r] L2 (u) > 2 (u) ?6j82&é  u X
I LfFé ])A = > FQ?2>"+ . XTLuA+X] ,# ?2Ejf ™ . jJd# ?Ejf (521 wAY460c

EW!*QJ5$0, %DF Y [
34 ,0°°Nepl

Da? @2 ]) FQ?63,/¢N03$0,é# n?2+0@!/° FQ? , vB éxXILuJLi 1
a, I 2;  : O x)lyZ28286é,Fé 5 >(© +tF@ OF >| ¢N’ ,)ANIC=rO+Q ; 1Q ,+0O @ &L$ F,’5
">©+\DUa_0ZLI@,LNE . j{=:FLNE , A *Y+X1\ 3.37?782]C ',  Q7?>" +AGy z' oF
1> Pl +a¥%zi(u) >z, (u) 6] > T1828&€ u X&k t, = > FQ?>"% , AFJE+/" FQ?/
>"+ AGY sF I¢N'E+0; ,6<=MOn? iid5 >©= . 8f , A fLOp9828&EXp9&LS,” FQ?
>+, p]G+gO0Z+X %/’ | 8&¢E° FQ? .»2 A TiX828E& v X&L$t,,” FQ?/'88&é u
X&L$t;,” FQ?
Zi'(u); 2y (u)  Zt(u);z (v): (6)

+a¥%= Q? 1*E |, 71®<=A+O F . CU% @6V, &2 .# ?E|jf LA X=<F& >&L$&E9¢
CTu” FQ?2 , GEjYf ¢N g\ , 9XF }T=r,J)B2Q LNE .FJE+JIQ —>|?(6), A
9cCJZCN > 7263 , E>5AY40HF +X.

35 )1 JUF @ 6\

C 14U« . *3%}F JZCN 263 (ta=< FQ?2 @ ), A O;*HFQ» 6SV¥%= Q°?
F>IN#.!"4A E+= Wea §fDa? (2 1,= WAONO . z Yzy 6[>7j= > FQ
72>+, +NeaEyjd +X= Q7?2F>|N'#

L="(f(z)y); ()
'] f() jN#- .BesaNoUCaQ»iCt= Q?2F>IN# . O;+A AN1C$ 8+aN©
Lm = (d(zv:zi)y); 8
'l 0ZN'#"~ g() +X= Q?> FQ?i<F>N# .$'8ea>GyTXaMb¥% FQ?2&Q», N
#7-E. 04g, = WAO o“I FNO |
Ldo = Var s 2s (Lmjdo(Py, = s)); 9)

'T “do'>7j1\ 3.482],¢N jf .B +aN©>GyQ»XJIZ¢N 63; N#O0cEW
Y1140« . Tj= Q? P! ¥4 FQ? Py, ,)OOW n?'UCA@1./24y55@6V= Q?Y

FQ? , |0FJE+= Q?2F>|N'#{p6<Na63F# F . +a¥e-$é. é# XQ5%02L$ ] ANIC = >|w 53]
A G++X<D_(© { i6(© (Hilbert-Schmidt) )OGW 81 (HSIC)[54 «6F = Q? P! ¥ FQ? Pl
ST£{L$)00W AT _EyX PtOAL$: #H“Eh- ,)A %+Oh<D_(©02L$ (RKHS) j H,
P4- () 6 Pt P4 H.

)%= Q?Y% FQ? ,LijGy P! > Pl 86,863 p(Pi;PY), |X)A%+Oh<D_(O0L$:
JAeé 1ICEEY?;
h i
q’};P‘V = Ep(P};P‘V) ( x (P}) P})> ( kv (Pi/) pL) (10)

\
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1i# 1 ID-DYGAT , 1C# #qO; .
EE>: AY46EZ L, ¢N g\ Gy S;

qF#

1: for =1;:::;L do

2. ANIC C 828éXIyZ&LS$le, F>= Q7?,>" % zi,;zb (7 ()
33 ANIC+NesalL %$'8ea Lm (? (7) Y(8);
4: bz, 1GFrg SZ FQ? , 'FP¢NLO8 S;
5. for lyZ¢N g\ s2S do

6: /'82&¢€," FQ?>"tj s (? (6);

7: Gy aANIC$' 8ea Lm;

8: end for

9:  ANIC= WAO “IFNO Lg (? (9));
10:  ANIC) 00 W40 «“IFN® Ling (? (13));
11:  iZo fAY46- 7$3aQ»0 (? (14);
12: end for

EEQG 0 HF> Q»

1 p = B[ k(P py = Egpyy [ ke (PY)]. HSIC £B A+é 1C€ <D _(© { 16(©93 Ey

HSIC(P;PY) = KGoy py, Kis: (11)
P . G ot @ e
'] kMKkis= ; MZ. A iz2;-NETY GyL$,) 00 W
NT'1 9 E[ pi(P;PDI<L, E[ py (PYiPYI<1, D py py _(©%h (characteristic kernel), 19

HSIC(P{;PY)=0, P! 2 Pi: (12)

XTLuDal] , AG++X E [55 *  HSIC < ANGY :

h i

HSIC(P};PY) = sy tr ©9T + LEULETL 2 1T@QTY (13)
1] 8>¢ _ 5 > o JATIUG  (Gram).Le, |)@ s3P>U52jM& . A +X A*- (RBF) h.(©
[© ,G++XB 01>'Gy .>"+L$,)00W89 ;9WH:i (54.56: O/Ex @ 1.Q ?FJE+RKHS P 4F >|"E3

...yQLf6,8. tMZ4iWICt ; !IQ HSIC MOn? AN GyL$,6,863 ,ANICMZhQ x0>A "+X,
HSIC "ANGY _ « D8 H3! 4yPY. AN é# 154 0482 (2) ],) 00 W4O «1)aj Ling = HSIC(P!;PY).

3.6 2%A&40-$ =
p é#, AY46- 7]

minL+ Lg+ Lind; (14)
'T+Nea L +X%E,Q»—+= Q? , = WA0*INO Lgo ¥%)00WAO+“INO Ling H+X3% AUQ
»@6V=>FQ? ,Cuo Yy xflINO, jO . IC# ? _ , X@*6LIIAQ»3d +X= Q?F
SIN'#{, p6<Na63F# F'N#W7- . o fAY46#q0;21C# 1 p/j .
CxU<£&E.p é#, ANIC=rO6A?2; i AT.1828€ Kk j iVi,Eék j JjEj, LAy>5$0] d. &
0%6S8Q1%+, &L$=rOj O(jEjd+jVid®). @6VQ+tO6E-0Zh "~ € 2, )6S 8E=0;, &L$=rO
iy . AJJE,j jUN'#{,EE Gy ,jSj jEN g\Lo8W? . &02¢N Q1 XAY46&, &L$=rOj  O(EjiSjd),
YOOWOF@6VQ1E, &L$=rOj O(d?). F TZQ16XAY40LflA™+X , I"=J5 @*6E+0; V+NIiFO0
KO " , p é#kf&L$=r0Qj O(JEjd + jVjd? + JEpjiSjd+ d?). |] jSj jCu o DFJh>UAi5Z jE3 ?

Jh .5, p é# X886 >Eé i &L$S=rO _4iW, , >)a9 @ 1 ./24y5+5 j < 0Gydx
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>72 | olLi5 Ax 2?2 \N%IL(C- " >7/p8.&i( - e \LA L* L 7\ "?+8,&1 " >z/p#eBLice\;aEyfi "0)e LG <

" 0)ee,°8,&1 .

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 OPAABAX

\82FJE+ EGY IPY YAEWIPVAR>Tp é#, 9xW . 1PY% 72L62" 2 plj .

41 046i#

AF9 19 ¢89 > W, /Z4y55 Q» UG63F# Fé# Ej)" *4i .1\ 02« é# jM%o 1 ./Z
4955 . GAE 571 0/y4Y " M%o 1 ./24y55 Q» ,FJE+6 Jr.80 yEe+..y.5 >828E7ZW{L$
JE3+, pb< -4t —e ST : VGAE 51 X GAE , *.p:6 685F.1°, M#E+.5 *Q , FJE+
XLAOLS | EoL¢ j Gy« * Q828€>" %, =ZEW , 9¢ $8R+ WY F7-E, >+ N\ V2« é#
@ 1./24y5¢5 . GCRN 13 OE x Y+X .80 pM%o 1. '—] 82&eé>"+ ,T>FIEXL xU)R ...s [ o |

y.Le &LS%DF, @ 1E<0; . F/y \02L$*Q + &L$¢:G*Q" ,vae7-0<&—-+. £6,5 Y%&LS$I
Ct £3+ EGCN 18 |G++X O/yMD , 3= _-$0—+8286, & (> , 6<_FJE+ U)R/Z4y55 @1%$4a.8
0,0 , CQ»7-OX=<&L$ '—8F2A%DF . F 0jf(O[F28828¢éL68NA4q F, @1.jY
DySAT 141 X * QE+0;]E-fuGy# ?Ejf , XIYZ&L$ '—]Y+X5 # ?E8F2A6S8=<Féu,
Y, <&X&L$5$0: +X8# ?2Ejf...yD &LS$, ICt £3+ , CXB6SB8E+0;] |8 =<Féu,
Y8F2A 6G}sGy , p6< 7-£# pGFé |, g7-&¥#k*QK OY%. O, @1(©+ . 1\92«é# j63F#
Fé# . IRM[ -7 _+e0ZXp9AY40)R3]G-7- 108%, N#"~ , 1X=<63;G-7-0?F4y
PYiNPL™® /y é# jB3 D)R30cE,” 1£3+ , p6< wWQ», 63F# F7-E . GroupDRO 22 X H FE+
0;]E<JR+ WM# , X0?F4yP%NpPL™ <& )B E3W,AY40)R36G}$Q, sGy , p6<Da)0e«d
ANPL™,” HF. VREx 58 |FJE+ X- 7 - ]40 « = <AY40)R 3 {L$, NpL™ 2 , L}~ Q»)63¢0+, ¢
OW F/ylt+sF }1Q» X EAY40)R3:E+ 8,64 , p6< wof# F>Na . DIDAMJ )5
ZF>|TCLAIAN ,FJE+...yX=<)R3; 108%, @1 .> + , WQ»'N#OCEW . :F §9 >W,/
63F# Fé#t X wQ»XM')63¢0+&# F7-E , VF 2« é# WJICtn?,)R371® ANIC-a
- . jp9é# w #9¢cC-O1,)R3 Y ,jTe£)  , A 6g\L¢jB6jJZAY40 . 63<e'F
Eé# FJ+X, 63F# Flt+e | A G++X XAY40L0 :>)a0H, @ 1./24y55 E !k ¢55 (backbone
network).

4.2 -UO!oLi @,°K4D%No#s OPA

A FXTTZ-OTF+, @1. %L6 , 6[] COLLAB ¥ Yelp, !G++X§9AHW, 44?2 Z K.
DN#+N, 2£r Q» Y+X 1" .5 ‘N'#{; 0 &LS$!s, K.D L WyZ 7L6G- izINT YB6jJZ
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>73 CBi# ~UOL+KAD%N#e ' ali @,°56 O (AUC%). 6N5 O O2i=0 . w/oDS' >7/p <9..01,°%B !u
‘'w/ DS' >7/p?<9..01%B |&

Table 3  Results (AUC%) of di erent 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 os0 74.04 o7s 70.67 111 64.45 502
VGAE 86.47 o004 74.95 125 76.54 os0 65.33 143
GCRN 82.78 o054 69.72 o.4s 68.59 105 54.68 759
EGCN 86.62 o0.95 76.15 o901 78.21 o.03 53.82 206
DySAT 88.77 o023 76.59 o0.20 78.87 os7 66.09 1.42
IRM 87.96 00 75.42 osr 66.49 1078 56.02 1608
VREX 88.31 o032 76.24 o7 79.04 o016 66.41 187
GroupDRO 88.76 0.2 76.33 o029 79.38 o4 66.97 oe1
DIDA 91.97 o.0s 81.87 o0.40 78.22 o0.40 75.92 0.9
ID-DyGAT 92.19 o 82.43 os 79.52 o 76.95 165
€d1. . j1°>C8?, A +X w/ DS >7j[9630+'#B 2z , w/o DS’ >7/j=[6 30+, #{B
Z . jJA0 " Q» X &0263+0+;,>Na , A b ZLO]F9 0ZNY Ej ‘w/ DS, | %o 79 &LSN2
¢ B 6jAY40L6 APYLARLG Yu#{B L6 E j ‘'w/o DS'. M0?+# ?,” _, 'w/loDS' _8!> @ 1. , =5[NT
Y; 6<’w/ DS' XAY46E<0;]_=?A," ,F X)alA+X]$|CdF-OT64D$SEAHW . ;_)Tz-ol
F+| 2L6,/1°?+ 04y : COLLAB B¥1 0zZ-_ 8@ 7L6 , 5[ 1990 2006 oL$ >~ Aé- . .],/82&¢é
Y,EE€ 6 [>7/] E65 V4 8:1 £3+ . iz 8 (EAE -, .DOJNT ,WWEELtVOZNY 71® ,5 \ ZFE "A 2
A"A k- Y- "A*6A& G \ ?20F ". &L$2A0Ojun, KAN5[ 16 Z&L$W. AF9 \ ZFE " E
i "W/ DS', 1% Ej ‘wioDS. A +X word2vecl® pAé -"?+] 325%(©4+, | £w9¢ C E65(© +
A +X 10,1,5 Z&L$(W 6 [ E JAYAOLO APYLARLO Va#{BLO B ZL6i5] 23035 Z82&¢€ ¥4 151790 ‘Eé .
Yelp 0ZvJABAE 716 , 5[N®@O)vee, AGAE>||] . .]/8%&EVEEG[>/IN®O [ vae >A0AE>|j .
AF9 § 2019©o 1 88#20200 12 8{L$ 5 ZvJI2«[  OA 2 , 5 \":X"A a#n5% 20 A" A £
>of " A /(C " Y%\ O@. &L$2A0j8, KANS[ 24 Z&L$W. A 6 \":X " 2«[E] W/ DS, % E
j 'w/oDS'. A +X word2vecl® pAGAE -\] 325$(©4+, | £Ewl9¢ C+XgYav e, (© £>7 . A

1FOOAIQ W¥% 10!Q,+Xg>vee , | +X 15,1, 8 Z&L$(W 6 [ E jAYA0LS APYLARLS Yat{B LO B 7
Lo 5[ 13095 Z82&¢ Y4 65375 ‘Eé .

OPA5 Q i7z>" 3 J-OTF+K.DN# ZLo, IP¥5 | . )a*4ié# X630+ ;>M)ant;
L}. miN @ 1 ./24y55 *4i é# X 63 +0+, #B L0 (w/o DS') >M)a8Y - , V!X~ X630+ #B
L6 (w/ DS :  W7-Wu;L} . (©[ ,DySAT X ‘w/o DS' ]>)aE3H , 6< X 'w/ DS' ], W7-;L}u OEl
“YF  12%. X Yelp ZL6: , GCRN > EGCN ,>7Ma X" X 6 3 «0+ &+J8# = 2M%o 1 ./Z4Y55 GAE Y
VGAE. F 0)aB'B$> ,)a9@ 1 ./74y55E+ 8% )71®9<Sw£6,” FQ? , "XM’) 6 30+ &L7
#F .I"F, 63F# F*ié# MZCLJ,)@1.], &026 3 +0+AIAN , "X Yelp :8Ve9LEW
7- w . (O] ,F Eé#ICt%-0O1)R371® 1)a63F# F ,6<X-01@1.)R371® _= 9¢C/
IE3 [>M)aF Qle>"> , X5j9)R371®, 8" ; JFE&#LT C%6#xI , *PYAR 5] )R 371® _ @
1.4*663+0+& OWAH . A é# X A4%6 6 30+ éM H ¥)a 9 *4i , T1_X63+0+E3], |
YPHasjoxr* . p é# Xp9 7zLo, ‘w/DS' ‘&;wniitHYp9)' é# .M0?2+7* | Yelp
7L6] COVID-19 (6 ,88]O#,Ci>|j +O—&@ F ,>N)a*$j, &L$ 6 3 0+ 6<XI"86"; ,p é

# X "W DS' (" *4i é# GroupDRO y9 9%, w . -("{; ,Yelp ]42«[ (wjO@Oz2x {L$, N
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>74 CBi# ~UOL+8.& <2+ ! oLl @,°U.0)% (ACC%). 6N5 O 02i=0
Table 4  Accuracy (ACC%) of di erent methods on real-world node classi cation datasets. The best results are in bold.

OGBN-Arxiv Aminer Reddit
2015 2016 2017 2018 2019 2020 2015 2016 2017 8 9 10
GCRN 46.77 203 45.89 341 46.61 329 47.96 112 51.33 oe2 42.93 on 34.38 135 31.08 1s8 33.98 250
EGCN 48.70 212 47.31 345 46.93 517 4414 112 46.28 184 37.71 184 29.24 os9 31.45 o 30.21 oses
DySAT 48.83 107 47.24 124 46.87 137 48.41 os1 49.76 o.96 42.39 o062 36.10 o14 33.82 o030 33.62 152
IRM 49.57 102 48.28 151 46.76 352 48.44 o013 50.18 o3 42.40 o27 30.24 126 32.21 oz 29.76 os3
VREX 48.21 244 46.09 413 46.60 s.02 48.70 o3 49.24 o271 42.59 o3 30.72 194 31.41 o 30.33 oss
GroupDRO  49.51 23 47.44 406 47.10 439 48.73 os1 49.74 o26 42.80 o036 31.65 o35 30.68 133 31.55 o032
DIDA 51.46 125 49.98 204 50.91 288 50.34 os1 51.43 o027 44.69 o.06 36.14 o3 34.74 o014 34.67 o046

Model

ID-DyGAT 5156 105 50.49 114 5193 19 51.19 o053 52.41 o072 4514 o018 4213 o024 4052 13 40.28 oss3

YE3jOF ,6<COLLAB 7L6]=<Nf L$ 2$W , )a*$j 0L$63+0+ ;6<XI"'&: ,p é
# X W/ DS' :-(" 4y " *4i é# DySAT w9 5% FmiN DIDA X63+0+; C E3j*6## FW
7-, V!5jen?, @6Vif L 7-8%8= Q?% FQ?2@6V=«A |, pe<iyN#{ x| . Odgp é#

C108%0H, 63F# FW7-

43 -UO!alLi @,°8,&i <2+ OPA

A +#X 3 Z-OTF+|, @1. ZLOF >|82&¢& 62« 1P, . 5 OGBN-Arxiv 1611 Aminer 1621 1/,
Reddit 3], }TZ ZLOWJE 55 , 1]82&eé>7Ae -, &L$cj t,p u v,/ E&A&.- u Xau
-t >, 'E+XJAé: v. @1.:'88662«+N8§9AHW |, j#{B828&E8 Z+ , »23A8-XZ-
>U >, Q»MOY+X &02 YF>|62«N'# . A F¥U ) [24] /Ai5Z , G++X 44—« (inductive learning) 1t+s,
£#{B 828é XAY40LflAYs"= 2 ,F X-OT@1.jY]$8§+XWYsAHW . ;_ 3201 7L8,1°
2+ (4y. OGBN-Arxiv 11 0 ZANICjO -NT ,” ArXiv Aé-E 55 , +aMAG %4 3RE Iy1+Aé -FJE+) 7
NEY 2+ ] Ay AGY £w9¢C0Z 1285%,(© + AGY, Ay AGy+askip-gram Q » 651 X MAG B E A :AY40
C . +N_N#BA&-pZ 40 ZKNENY , 2 cs.Al, cs.LG ¥%cs.0S. A X 2001 2011 olL$ >"Aé -
:AY40, 2012 2014 al$, A& +X %PYAR 2015 o {> A8 +X ¥#{B . +a %0 —Aé- >~ GyIy 12 16+ 0+§,
B ZL618'f X n:f,” &026 3«0+ .B ZL6ki5] 168195 782&¢ ¥4 3127274 'Eé . Aminer 62 p
DBLP, ACM, MAG (! *$A] , E 55 . A T+X  word2vecl® pAgé - "?+] 1285%$(© ¢, |
£w 9¢ Clyl+Aé -, (© +>7/] . ALF9TA=} 20,JAPEj62«- 7 , +NjN#Ae: >"JAP . >
OGBN-Arxiv  7L62«1 , A X 2001 2011 olL$, A& - :AY46 , 2012 2014 o+X ¥PY.AR015 o { >+X ¥#{B
+a V4B 828& XAY46]¥"= ?2fi , Q»MOFE=,&02Q? , 1a63+0+; 0c EN# .B ZL6i5
[ 43141 782&¢é V4851527 ‘E€ . Reddit®®] _0Zp. = OAfE Reddit : | W» ZL6 , 5[*%
-\, FEMOAE AtXg Y UNnjB & .. *é? 6y Z828&E20J0ZF € , f TZF€;UE£KMAY
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Independence-promoted disentangled dynamic graph attention network
for out-of-distribution generalization
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Abstract Dynamic graph neural networks (DyGNNSs) have attracted increasing attention in recent years due to their strong
ability to model graph structural and temporal dynamics. However, the existing DyGNNSs 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. Speci cally, the existing DyGNNs tend to over t to spurious correlations
between variant patterns and labels, making it di cult to capture invariant patterns that are stable under distribution shifts.

As a result, current DyGNNSs struggle with OOD generalization. To address these challenges, in this paper, we propose an
independence-promoted disentangled dynamic graph attention network which can e ectively capture invariant patterns in
dynamic graphs and signi cantly 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 e ectiveness of each key module. We also highlight promising directions for future
research on OOD generalization in DyGNNSs.
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