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.%D	F�–�•�v�æ , FJE÷�µ
X�Ô�Â

%Œ�Ë�Ã�&L$> �ÿFë���Î�j
¼�¡+O�pG�5��´�–�• , �þ�=
<?ö@�Q��x�$�à8²&é>˜/j , +X�¾�Ø�1)ß�³�;,´�Ø9€�+�Ñ [18].

DynShare F��0!•�™�…�`/n�Ô�£
 �] , FJE÷�Ø�1�6�Û�Ø9€ Q
»�Î)à�*�¾�&L$�c,´�­	û�Ø9€ , �9�x��Q�/n�Ô+e�v�£


 ,´+X�gTÿ�W [19]. 'f6< , )à�9�é#�FJ�h�wAîAÝ4ó
¼#{B�� �ž�6�3-(
< , 6<
X)à�Î�Ä+X�] , F	�0�wAîLî���@0û . �þ

H�=½5•5��],´�2
j#��Ø�`/n�Ô5•5��],´/n	j�Ø�1 , �6�3�•0+�¯#��ˆ
X , �,8$ Q
»
X#{B�Lf!å�W7-�n:‡�;L} . F	/ý

L�NÈ�(�n�¶�)�Ø�1
.�6�3�F#�	FL�NÈ.D0¦,´Gý?±�W .

�<�9�L#�	L . �6�3�F#�	F (out-of-distribution generalization, OOD) �_�j�˜�–�•N¶��F��¤�•�7
��£#�,´.D0¦

�é
A , �¦�h�óL�NÈ�_�²�…
XAÝ4ó
¼#{B��6�3�=
<,´�õ�å�;�
Añ Q
»,´#�	F7-�Ë [20]. )à�9.D0¦�k?±Lö�]
X���;�T

2«�°�_D��´�: , 	£NþL™�0�?	F
¼�=
��W�–�• . �§�ƒ�•B$ , IRM FJE÷
X�J�ZAÝ4ó���]�0�?	F4ÿP¼NþL™�¦�–�•�=
�N´

#{�˜ , �¯�Ç�62«�˜7-�O
X�p�9)ß�³�]#�	F [21]. GroupDRO �IFJE÷�)B���E³�W,´AÝ4ó��C{�¸�$Q��sGý , �0�?	F�0

��4ô,´NþL™ [22]. J¸�)
.� �ž , )à�9.D0¦�Ò3R�¶5��´�6�3
¼(©�±�6�3,´
�	F�)
. Q
»,´�¡
ý . �0�Ë�é#��*�¾
��Ì

�Ø�Ý�wAî���*5��´
��Ì Q
» (SCM), �þ6<�–�•�§�9�F�Ø7-�Ë,´
.>˜/j [23]. �»�² , EERM FJE÷�E�•�)�Ç�WAÝ4ó,´

�:�;�·�Ò3R�˜+O�@�J�Z<Š��)ß�³���0�W	FNþL™�é�� , �þ6<��Q�	…�0?ò��)ß�³�;,´ Q
»�F�Ø7-�Ë [24]. DIR FJE÷�…

�y
X5��´�6�3
�	F�;�=
�,´
��Ì Q�? , �¦E÷%��¹�=0c�Ê,´�Z-(�£ Q�?�•�Î)à�6�3�F#�	F [25]. �ƒ�},´.D0¦�k?±J¸

�)M‰�1
.,´5��´�6�3
�	F6<�)�Ø�1
.�]�&0ª�6�3
�	F,´.D0¦�J�Ž0ª,­ .

@�6\>ž�·�œ�– . @�6V>˜�±�–�•��
X>˜�±� �ž�],´�J/ý%Œ
X@�Gú
�3P , F	�Ë
�3PFJ�h��
AGÿ,´�’�?)�0û>˜

/j [26]. 4ÿ�¨���Œ�² � -VAE 
¼�¦�iF�(x�\ [27, 28] FJE÷
X
��68�5F.1�˜�]�E�•!“�I	F4Ö�•�Î)à%Œ
X
��€,´@�6V , �¯

�Ç�=
<%Œ
X
��€�6�[�)�ÄEÃ�•�Î�»,´�=
<B��y�Ž�W , �þ6<�_�1
��×+O�@�>
��€�¢N´ . InfoGAN [29] �IFJE÷�0�W	F

%Œ
X
��€�>+O�@�g�\L$,´�Â���Ÿ6<�–�•@�6V%Œ
X
��€ . �™�“ Q
»
<�g>Û+X�¾@�6V>˜�±�–�• , �»�² DisDi� [30] 
¼
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DisenBooth [31] 1y�é#�
X
.�ÿ�>?öNÁ+O�@�]FJE÷@�6V>˜�±�Î)à�)+O�@E÷0;,´�×�f . 
X8�'fB�@0�4*6N¶�� , .D0¦65


<�g�MB��6B��y�>
�#��Ã�µ�é�>Nþ�l1y
�3P@�6V , ����	w Q
»,´
�@�Gú�W
¼#�	F�W [32, 33]. F��¤�• , @�6V>˜�±�–

�•
X
.� �ž�:,´.D0¦F@$@�¤C§ . �»�² , DisenGCN FJE÷Fë��D�+a�j�fAö�[�,8$8²&é�>Fë�uK.�Õ,´%Œ
X
�3P , �þ6<

�Î)à8²&é>˜�±,´@�6V [34]. !”�F , GRACES AîAÑ�¶�0/ý8�-�-“@�6V
.5F.1�˜ , +X�¾>˜�±�J�g
.5��´�],´�=
�
�3P ,

�þ6<�óF�
>5�,´
./Ž4ÿ�æ�´�L3R [35]. 
X�Ø�1
.6ü�Ÿ�; , DisenCTR FJE÷��
�+X�g�¤CÓ,´�J�g�W�¦�* Q�¦	¶
">|

�j,´�&L$�x�Ä , �n:‡��	w�¶�Ø�1�Ø9€�+�Ñ,´�W7- [36]. �0�Ë.D0¦F����*�¶5�
8+O�@ Q
»
¼@�6V>˜�±,´�é#� , FJE÷

�6@��Ø�1
.�],´8²&é�ÃEé�Ã�&L$
¼0ªL$1y
�3P , �Î)à�Ø�1
.+O�@,´
�@�Gú�W [37]. 'f6<)à�9�é#��W�J�=7--$�Õ>Û

�Ä+X�¾�Ø�1
.�6�3�F#�	FL�NÈ , 
�!”�\�·���*�¶�0/ý�*�¾�n�?)�0û�W@�6V,´�Ø�1
.#��?�Ë5•5� , FJE÷	j�6�&0ª

�=
� Q�?
¼�&0ª
�	F Q�? , �¦�Y+X�=
� Q�?F�>|N´#{6<��Q��6�3�F#�	F7-�Ë .

3 �0�Ä�t�E)"1��]@�6\,º�<�9�L#�	L�Þ�7
4#��E�Ñ5‡5�

�\8²�]�A�����*�*�¾�n�?)�0û�W@�6V,´�Ø�1
.#��?�Ë5•5����Ä�)�Ø�1
.�],´�&0ª�6�3�•0+L�NÈ (
. 1). OÆ

�x�A��AîAÑ�¶@�6V�Ø�1
.#��?�Ë5•5�+X�¾��
��=
��>
�	F,´�&0ª Q�? . 'f
>�A�����*�¶�&0ª�¢N´�j�f+X�¾+O�@

�J�Z�¢N´� �ž�6�3 , �¦5�
8�=
��W�•�a�-� �0�?	F
4�¢N´�6�3�{L$,´N´#{�é�� . �0
> , �A��AîAÑ�¶�n�?)�0û�W@�

6V!“�IN©+X�¾��	w�p�–�•�=
� Q�?,´CXGÿ , �¦�6�=
��W!“�IN©
¼)�0û�W!“�IN©�>N´#{�•�a�-� 6„
8�H	F , ���E

�, Q
»�ÍC†�=
� Q�?F�>|�6�3�F0c�Ê
�#�	F,´N´#{ .

3.1 L$NÎ�Ð�•


X�û4ý�p���é#��} , �\8²OÆ�x�û4ý�Ø�1
.	ú-(�£N´#{�+�Ñ,´�Ê�y , �¦�’�?	F
`�ÿF �Ø�1
.�]�&0ª�6�3�•0+�;

,´N´#{L�NÈ . 
<�& , �\�·�p�¯+X,´1V
'
X>˜ 1 �]F�>|�¶"w�k . Aî
. G 	5
[8²&éLö
8 V 
¼EéLö
8E, �I�Ø�1
.
���

�Ê�y�j G = ( fG t gT
t =1 ), �¦�] T >˜/j�&L$!•� Gÿ , Gt = ( Vt ; Et ) >˜/j�&L$!• t ,´
.��'— , V =

S T
t =1 Vt , E =

S T
t =1 Et .

�A��+X G t >˜/j Gt �)�Ä,´L¿�j
�Gÿ . 
X�Ø�1
.�] , N´#{�+�Ñ
��²���j�Y+XE÷	ë,´
.5��´F�>|�Z�•,´N´#{ , 	£

p(Y t jG 1; G 2; : : : ; G t ) = p(Y t jG 1:t ). �71® Y t >˜/j8²&é,´�Ž�W�F8²&é�{L$
X t + 1 �&�k,´K.�Õ�£3+ . �\�·�k?±�£

#�8²&é4×�[,´�+�Ñ , F	�_�Ø�1
.-(�£�·)^�]E³�j�h?ñ,´Aî�Ê [7, 8]. �A��F¥�Ú�·)^ [24,38] ,´�4*6�é�? , �6
.E˜F),´

�¤�ƒ�6�3�6@��j��8²&é�j�]�ó,´8��A
.E˜F) (ego-graph trajectory) �6�3 : p(Y t j G 1:t ) =
Q

v p(y t j G 1:t
v ). �þ8²&é

v 
X�&L$ t �E�*,´8��A
.+a�¦ L LfFë�u (N t
v ) �{L$,´Fë�Õ�£3+��	úF	�ËFë�u8²&é,´(©�±�´�@ .  Q
»,´�H	F-��7

�_FJE÷4ÿP¼NþL™�0�?	F�–�•�0�Z�0�H,´N´#{�-�  : min � E(y t ;G1: t
v ) � ptr (y t ;G 1: t

v ) L (f � (G1:t
v ); yt ); �¦�] f � >˜/j
��–�•

,´�Ø�1
./Ž4ÿ5•5� Q
» . �A��+X G 1:t
v 
¼ y t >˜/j8��A
.E˜F)	ú�¦�71®,´L¿�j
�Gÿ , G1:t

v 
¼ yt >˜/j�¦�)�Ä,´�§�ƒ

�Î�» .

�ƒ�ˆ
X�6�3�•0+L�NÈ�& , �*�¾AÝ4ó�6�3�–�•�`,´�0�HN´#{�-� ��#��¸�­
`#�	F�`#{B��6�3 . 
X�Ø�1
.-(�£

.D0¦�] , �"�9.D0¦8$�Ë�¾�* Q5•5�%D	F�],´0c�Ê?ô�» [39, 40]. 
��`�:F .D0¦
_
� , �A���wAî�‘�&�6�3�
�1�08$ , 	£

ptr (Y t jG 1:t ) = pte (Y t jG 1:t ), �D�õ63<•	•
�Gÿ�•0+L�NÈ , 	£ ptr (G 1:t ) 6= pte (G 1:t ). L”�¶�&L$
�	F� �ž�]�žF}�ˆ
X

,´�&L$�6�3�•0+ [41, 42], ��	úMŽ!W��Gü�Ç� �ž�],´5��´�6�3�•0+ [25], �Ø�1
.�]F��ˆ
X�$�j�=�r,´�&0ª�6�3�•0+ ,

�»�²�=
<�&L$!å�F�=
</n	j�],´8��A
.E˜F)�6�3
�7-�ˆ
X�n:‡���2 .

3.2 �Ê�/�,0°�<�9�…01,º-$�=�3�¦

�Ø�1
..D0¦�]�"�9���Œ�MB��k5�5•5�%D	FE÷0;�],´�£K^ Q�? , ��	ý�P-O�Î�F+|5•5�L¿�&L$
�	F,´%D	F?ô

�» [43, 44]. �»�² , �9�sL�	5?ô�»�7�*
X/n�Ô5•5��]���9�¡
<Fë�u,´�T�Z8²&é (	£(©�Ê5��´ Q�? ) �°�°�n
A�¾
X�Z

�•�*0ûF��Õ [45, 46]. L”�¶5��´���Ÿ�F , 8²&é�Ž�W
<�g�´�@�&0ª Q�?,´Gý?±4ô�@G��6 , �»�²/n�Ô�Â�Ø�•
�7-
��`�W

�[�Ã�¤U´1y
�3P�¡
ý [47]. �>�{�Ø�k5� Q�?�=
< , �A���<�KFJE÷�Ø�1
./Ž4ÿ5•5�8��Ø�–�•�&0ª Q�? , �þ6<
X�Ø�1
.

�]�F�È�*5��´�>(©�±$'
8,´�=�r�&0ª Q�? . 
�!” , �A���6+X�¾8²&é4×N´#{,´�&0ª Q�?�Ê�y�j8��A
.E˜F),´�0�Z

�€Lö : P t (v) = mt
v (G1:t

v ), �¦�] mt
v (�) >˜/j�þ8²&é v ,´8��A
.E˜F)�]F9��5��´�>(©�±,´�-�  . 
X���Œ [46] �] , B� Q
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4 1 (5‡5�(~�Ÿ
4 )  W
Á�|�ì . �v�� W
Á�q?·	;
a 3 �` W
• : @�6\�Þ�7
4#��E�Ñ5‡5� W
•�=�,0°�¨Nº W
•
Â)"1��]�ùF�@�6\ W

• .
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.

>ž 1 �©Kd1\
-�q5	 .
Table 1 Summary of the key notations.

Notations Descriptions

G = ( V; E) Graph, node set and edge set

Gt = ( V t ; Et ) Graph slice at time t

G1: t ; Y t Graph trajectory, label

G1: t
v ; y t Ego-graph trajectory, node label

f (�); g(�) Prediction functions

do(�) do-calculus

` Loss function

� (�) Function �nding invariant patterns

d Dimensionality

N t (u) Neighborhood of node u at time t

m I ; m V ; m f Structure and feature mask

zt
I (u); zt

V (u) Pattern summarizations

Agg I (�), Agg V (�) Aggregation functions

�?
���@�Gú�j�§�9-(�lFë��5��´,´�0�n�9�s4ô ,  Q
»�i�ž�9�sL�	5	Ï*6�n
A�¾N´#{�_
VF��ÕB��9�s4ô�]�J�ZF�

�Õ,´8²&é�) , 	£ ŷt
u;v = f � (P t (u); P t (v)). �Ø�1
./Ž4ÿ5•5�,´-��7�_�Y+X�§�9N´#{�W,´�&0ª Q�?�•��	wN´#{�W7- .

'f6<$À�¾�&0ª�6�3�•0+,´�¡
ý , ���Ë Q�?,´N´#{7-�Ë
X�=
<�&L$!å�F/n	j�{L$
�7-�ˆ
X���2 . 
�
��Ì*6Aê [48, 49]


_
� , �A�����*�²�;�wAî .

�}Aô 1 �)5	�Ê�+�Ñ�ˆ
X�0�ZN´#{�˜ f (�) �¯�Ç�)�•8��+�?�6�3,´�g�\ (G1:t
v ,yt ), �ˆ
X�=
� Q�? P t

I (v) 
¼
�	F

 Q�? P t
V (v) %�Cãyt = f (P t

I (v)) + � �D P t
I (v) = G1:t

v nP t
V (v), 	£ P t

I (v) ? P t
V (v) �@0û.


X�wAî 1 �] , P t
I (v) = G1:t

v nP t
V (v) >˜/j�Ø�1
.+a�=
� Q�?�>
�	F Q�?�¡
<�´�@ . B��wAî�7�*�=
� Q�? P t

I (v)

�)�¾N´#{�71® yt �_�u�6,´ , �D
�
X�=
<�&L$!å�>)ß�³L$FJ+X6<��M0Gý�àB3�¤N´#{�-�  , 6<
�	F Q�? P t
V (v) �>�=
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� Q�?)�0û�þ6<�)�¾�71® yt �=�§�9-O�Î,´N´#{7-�Ë .

�j�¶9ç�Ç�$�j,´#�	F7-�Ë ,  Q
»�Ä�ÍC†�¾�=
� Q�?6<MŽ
�	F Q�? , 
��j�}65
X�=
<�6�3�;�û4ø�§�98Ÿ�­,´

N´#{7-�Ë , 6<
>65
X�6�3�•0+�;,´N´#{�W7-
�7-�J�n:‡
�	F . 
�!”�H	F-��7
���>˜Eî�j

min
� 1 ;� 2

E(y t ;G1: t
v ) � ptr (y t ;G 1: t

v ) L (f � 1 ( ~P t
I (v)) ; yt ); s:t : � � 2 (G1:t

v ) = ~P t
I (v); ~P t

I (v) ? ~P t
V (v); (1)

�¦�] f � 1 (�) >˜/j�*�¾�=
� Q�?,´N´#{�-�  , � � 2 (�) >˜/j+X�¾��
��=
� Q�?,´�-�  . 'f6<�Î)àB�-��7�§�9�T�éM’�A

�H: OÆ�x�=
� Q�?�>
�	F Q�?�¦"Ñ�9�n�?�71®�•	j�6 ,  Q
»M0?±FJE÷�H	FE÷0;8��Ø	j�6 . �¦!Q�j�¶�¯ Q
»-O!“�Í

C†�¾�=
� Q�?F�>|N´#{ , M0AîAÑ(©�Ê�j�f�•�Î)à�=
��D�u�6,´N´#{ . �j!”�A���þ�T�Z�rM’�E�•!“�I	FN© , �6�[
�

�`
��Ì�Ø�Ý*6Aê
¼@�6V>˜�±�–�•*6Aê,´
_
����E�,�H	FE÷0;�^�Ù Q
»Aö�[�=
� Q�?F�>|�6�3�F#�	F,´N´#{ . �i

�ž
��Ì�Ø�Ý*6Aê [48, 49], �? (1) 
��Î)à�j

min
� 1 ;� 2

E(y t ;G1: t
v ) � ptr (y t ;G 1: t

v ) L (f � 1 (� � 2 (G1:t
v )) ; yt )

+ � Vars2S (E(y t ;G1: t
v ) � ptr (y t ;G 1: t

v j do( P t
V = s)) L (f � 1 (� � 2 (G1:t

v )) ; yt )) + � L ind (P t
I (v); P t

V (v)) ;
(2)

�¦�] , `do' >˜/jFJE÷ do %D1Ç(do-calculus) �)	Ï�û�6�3F�>|�¢N´ [49, 50], S �j�¢N´Lö
8 . �i�ž�? (1), 
X�".��=
� Q

�? P t
I ,´�‘�&�; , 
�	F Q�? P t

V �=�¡
ý�71® y t , FÓ�x�) P t
V F�>|�¢N´ (�²5ž�’�Ã� �Ø ) �=�Ä�¡
ý�04øN´#{ . +a�¾B�

�•�a
X�g�\4×�[�)�6�3F�>|�¢N´ , �¦F-"r!ÿ�Z�g�\�],´�=
� Q�?0c�Ê�W , 
�!”�A���6�? (2) �],´�é��N© (Var( �))

0 �j�=
��W4Ö�• . �j�¶�óF��=
� Q�?
¼
�	F Q�?,´@�6V , F�M0?±�E�•NÍ�F,´)�0û�W4Ö�• L ind (�; �) ( �§�ƒ�Î)à?ñ1\

3.5 8² ) ���Î)à ~P t
I (v) ? ~P t

V (v), �þ6<AÙ Q
»
���
��£#��¾�=
� Q�?F�>|N´#{6<�Î)à�6�3�F#�	F .

3.3 @�6\�Þ�7
4#��E�Ñ5‡5�

�j�¶
<�&63<•�&L$0ªL$���Ÿ , �A���Ê�y8²&é u 
X�&�k t ,´�Ø�1Fë���j N t (u) = f v : (u; v) 2 E t g, 	£�p�9
XB�

�&L$�>8²&é u 
�+O�Ô�Â,´8²&é . �)�¾�&�k t1 ,´8²&é u, �¦	¶
"�Ø�1Fë�� N t (u); t 6 t1 �ÿF �¶ ut ,´5��´%D	FE˜

F), �¯�Ç Q
»
��*�¾�ƒ�}�&�k6Š
8�=
<	¶
"5��´���Ÿ . �»�² , ut 2 �> ut 3 
X�4*6-(
<Fë�� N t 1 (u) �&
�7-6Š
8�=
<

,´#¸�Ÿ , 
��j+X�g,´�¤CÓL¿�&L$%D	F , 	£�ï�_�•8�-(
<Fë��,´#¸�Ÿ�•
�7->Û�=
<0;�Ö
`6Š
8 . 
�!” Q
»M0�§�7�)

Fë��%D	F Q�?,´�O.�7-�Ë . �j1°	F1V
'Aà#� , �Ê�y�],´�Ø�1Fë���õ63<•�0LfFë�u , �vB��Ê�y
�FJE÷�E�• n D#D�

�´�:,´8²&é6<8�'f�™�…�j n LfFë�u . �A��F¥�Ú4ÿ�¨#¸�Ÿ�PFB5•5�,´AîAÑ , FJE÷�6
��J�r���E�•Q�LfFë�����Ÿ .

@�6\�,0°
4#��E�Ñ�x . �j�…�y!ÿ�Z8²&é,´�&0ª Q�? , �A�����*�0/ý�&0ª
.#��?�Ë�j�f , �¯�Ç!ÿ�Z8²&é7-�O�¦

>|�£#��¦�Ø�1Fë���],´8²&é . �)�¾�&�k t ,´8²&é u 	ú�¦	¶
"Fë�u v 2 N t 0
(u); 8t0 6 t, �A��AÑ1Ç��B� { K^ { �l
A

Gÿ:

qt
u = W q

�
h t

u jjTE( t)
�

; k t 0

v = W k

�
h t 0

v jjTE( t0)
�

; v t 0

v = W v

�
h t 0

v jjTE( t0)
�

; (3)

�¦�] h t
u >˜/j8²&é u 
X�&�k t ,´>˜�± , q, k , v �6�[>˜/j��B��ÃK^
¼�l
AGÿ , -1+•�•5žN©��1°	F>˜/j�D�\�·�]�p�9


AGÿ
w��>|
AGÿ>˜/j . TE( t) >˜/j�&L$5F.1�-�  , +X�¾9ç�Ç�&�k t ,´�&L$>˜�± , �þ6<LÀ�?63<•K.�Õ
�+O,´�&L$��

�Ÿ [15, 51]. �A��AÑ1Ç�Ø�1Fë��8²&é�{L$,´#��?�Ë�6� �¦�´�*5��´�Ù.1 :

m I = Softmax
�

q � kT
p

d

�
; m V = Softmax

�
�

q � kT
p

d

�
; (4)

�¦�] d �_(©�±5$�Ö , m I �> m V �6�[�_�=
� Q�?�>
�	F Q�?,´5��´�Ù.1 . 
X�=
� Q�?�]�Ç�6Q�,´Fë�u
X
�	F Q

�?�]�Ç�6�I-(�)E³�~ , �ƒ)à�T/ý Q�?�{L$,´CO-(�£�W . �j�…�y�=
�(©�± Q�?�A���E�•
��–�•,´(©�±�Ù.1 m f =

Softmax(w f ) +X�¾�þFë��#¸�Ÿ�]F9��0c�Ê(©�± , �I�Ø�1Fë���],´#¸�Ÿ6Š
8�j

zt
I (u) = Agg I (m I ; v � m f ); zt

V (u) = Agg V (m V ; v ); (5)

�¦�] Agg(�) >˜/j�þ�Ø�1Fë���]6Š
8#¸�Ÿ,´�-�  . �j�¶F��0!•@�6V�T/ý Q�? , �A���6�[AîAÑ�¶�=
<,´6Š
8�-� 

AggI (�) �> AggV (�). �T/ý Q�?,´6Š
85��Ì-(�Ð�Œ�j>˜�±�P�•�;�0�r h t
u  zt

I (u) + zt
V (u).
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@�6V�Ø�1
.#��?�Ë5•5�,´�¤�ƒ Q
»�æ�´+a�J�Z�:F �&0ª
.#��?�Ë�r�6
�4ô�@ . 2«�l�¾4ÿ�¨
./Ž4ÿ5•5�,´#¸

�Ÿ�PFB�j�f , B�AîAÑ�
Añ�¶!ÿ�Z8²&é
���L$�ÕAïL�Q�Lf�Ø�1Fë�� . 
X1\ l �r�] , zt
I (u) �> zt

V (u) 
�?ö�j8²&é u 
X

l LfFë���]�)�Ä,´�=
��>
�	F Q�?>˜�± . 
X�ÎLu�Ä+X�] , #��?�Ë�j�f
��™�…�j�J�d#��?�Ë�j�f [52], ����	wAÝ4ó0c

�Ê�W�¦�* Q�J5$�Ö,´
.%D	F���Ÿ [14].

3.4 �,0°�¨Nº�p�l

�Î)à�? (2) �]�)
�	F Q�?�6�3,´�¢N´�0-$�Õ,´�é#��_�n�?+O�@�¦�/�’
�	F Q�? , �vB��é�x
X�ÎLu�]Lî���Î

)à , 	Ï
��²�; : OÆ�x, �)!ÿ�Z8²&é,´Fë��5��´�>(©�±F@�0F�>|�¢N´ , �¦AÑ1Ç�=�r�Ö�±Q� ; �¦!Q , +O�@�&L$
�	F,´5�

�´�>(©�±�\DÛ�a�_�0�ZLî@�,´L�NÈ . �j�{�=�:F L�NÈ , �A�����*�Y+X1\ 3.3 �?8²�]�Ç�`,´ Q�?>˜�±
AGÿ zt �•F�

�l>˜/j P t . +a�¾zt
I (u) �> zt

V (u) �6�[��>˜�¶8²&é u 
X�&�k t ,´�=
��>
�	F Q�?>˜�± , �A��FJE÷�/�’
�	F Q�?,´

>˜�±
AGÿ�•F��l�¢N´E÷0; , 6<�=M0�n�?���i	Ï�û5��´�>(©�± . �§�ƒ
` , �A���fLö�p�98²&é
X�p�9�&L$,´
�	F Q�?

>˜�± , �þ�]G÷�g�0�Z+X�¾�/�’�¦��8²&é,´
�	F Q�? . �»�² , �A��
��¯+X8²&é v 
X�&L$ t2 ,´
�	F Q�?�/�’8²&é u


X�&L$ t1 ,´
�	F Q�? :

zt 1
I (u); zt 1

V (u)  zt 1
I (u); zt 2

V (v): (6)

+a�¾�=
� Q�?�
�1
*�Ê , �71®�•�=�Ä
�+O
�	F . �Ç,ú�¾
�@�6V,´�&0ª
.#��?�Ë�j�f , �A��
X�=
<Fë���>�&L$&é9ç

�Ç�¶�`�ü,´
�	F Q�? , 
��Œ�j�Y'f,´�¢N´�g�\ , �9�xF¯�}�¶�=�r,´�J)ß�³ Q��L�NÈ . FJE÷�J!Q�—>|�? (6), �A��
�

��9ç�Ç�J�Z�¢N´
>� �ž�6�3 , �Ë
>5�AÝ4ó�H	F�¯+X .

3.5 )"1��]�ùF�@�6\

�C
��]4Ü�• . �*�¾�}F �J�Z�¢N´� �ž�6�3 (+a�=
<
�	F Q�?�´�@ ), �A���Õ�;�•�H	F Q
»��6Š'V�¾�=
� Q�?

F�>|N´#{ . !”�4�A���E�•�=
��W�•�a���§�ƒ�Î)à�? (2) �],´�=
��W4Ö�•N© . �� zI 
¼ zV �6�[>˜/j�=
��>
�	F Q

�?>˜�± , �+�Ñ�•�a�Ê�y�j�õ�¯+X�=
� Q�?F�>|N´#{ :

L = `(f (zI ); y ); (7)

�¦�] f (�) �jN´#{�-�  . B��•�aN©UC�á Q
»�ÍC†�=
� Q�?F�>|N´#{ . �Õ�;�•�A��AÑ1Ç$'
8�•�aN© :

L m = `(g(zV ; zI ); y ); (8)

�¦�]
��0�ZN´#{�˜ g(�) �¯+X�=
� Q�?�>
�	F Q�?�¡
<F�>|N´#{ . $'
8�•�a>‘Gÿ�¶
X�äMb�¾
�	F Q�?�& Q
»,´N´

#{7-�Ë . �04ø, �=
��W4Ö�•!“�I	FN©�j

L do = Var si 2S (L m jdo(P t
V = si )) ; (9)

�¦�] `do' >˜/j1\ 3.4 8²�],´�¢N´�j�f . B��•�aN©>‘Gÿ Q
»
X�J�Z�¢N´�6�3�;,´N´#{0c�Ê�W .

)"1��]4Ü�• . �Î�j�=
� Q�? P t
I 
¼
�	F Q�? P t

V ,´)�0û�W
����n�?
`UC�á�Ø�1
./Ž4ÿ5•5�@�6V�=
� Q�?
¼


�	F Q�? , �¦�õFJE÷�=
� Q�?F�>|N´#{�þ6<�Î)à�6�3�F#�	F . +a�¾-$�é
.�é#�
XQ�5$0ªL$�],´AÑ1Ç�=
�>|�W [53],

�A��G÷+X�<�D�_(© { �í�ö(© (Hilbert-Schmidt) )�0û�W�ö�I (HSIC) [54] �•�óF��=
� Q�? P t
I 
¼
�	F Q�? P t

V ,´


.>˜�±�{L$,´)�0û�W . Aî � �_�Ê�y
X P t 0ªL$�:,´
�#{!“�Ê�h�-�  , �)�Ä,´�½+O�h�<�D�_(©0ªL$ (RKHS) �j H,

�P�4�-�  � (�) �6 P t �P�4�` H.

�)�¾�=
� Q�?
¼
�	F Q�? , L¿�j
�Gÿ P t
I �> P t

V �•8�6„
8�6�3 p(P t
I ; P t

V ), �¦
X�)�Ä�½+O�h�<�D�_(©0ªL$�:

,´�Â	•�é��1Ç�€�Ê�y�²�; :

CP t
I ;P t

V
= Ep(P t

I ;P t
V )

h
(� k I (P t

I ) � � P t
I
)> � (� kV (P t

V ) � � P t
V

)
i

; (10)
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1Í#� 1 ID-DyGAT ,´1Ç#�#q0; .

EÉ�› : AÝ4óEž�  L , �¢N´�g�\� Gÿ S;

�qF#�� :

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

2: AÑ1Ç�Ç�`8²&é
X!ÿ�Z�&L$!•,´
�	F�>�=
� Q�?,´>˜�± zt
V ; zt

I (�? (5));

3: AÑ1Ç�+�Ñ�•�a L 
¼$'
8�•�a L m (�? (7) 
¼ (8));

4: �þ zt
V �]G÷�g S �Z
�	F Q�? , �´FP�¢N´Lö
8 S;

5: for !ÿ�Z�¢N´�g�\ s 2 S do

6: �/�’8²&é,´
�	F Q�?>˜�±�j s (�? (6));

7: Gý�àAÑ1Ç$'
8�•�a L m ;

8: end for

9: AÑ1Ç�=
��W4Ö�•!“�I	FN© L do (�? (9));

10: AÑ1Ç)�0û�W4Ö�•!“�I	FN© L ind (�? (13));

11: �i�ž�¤�ƒAÝ4ó-��7�$�à Q
»	ò�  (�? (14));

12: end for

EÉ�0: 	ò� �H	F
>,´ Q
» .

�¦�] � P t
I

= Ep(P t
I ) [� k I (P t

I )], � P t
V

= Ep(P t
V ) [� kV (P t

V )]. HSIC 	£B��Â	•�é��1Ç�€,´�<�D�_(© { �í�ö(©93� �Ê�y

�j

HSIC(P t
I ; P t

V ) := kCP t
I ;P t

V
k2

HS ; (11)

�¦�] kM k2
HS =

P
i;j M 2

i;j . �A���i�ž�²�;
­NÈ�T�Ý
�GÿL$,´)�0û�W .


³NÎ 1 9� E[� P t
I
(P t

I ; P t
I )]< 1 , E[� P t

V
(P t

V ; P t
V )]< 1 , �D � P t

I
� P t

V
�_(©�±�h (characteristic kernel), �I�9

HSIC(P t
I ; P t

V ) = 0 , P t
I ?? P t

V : (12)


X�ÎLu�Î)à�] , �A��G÷+X���Œ [55] ���*,´ HSIC ���•�`AÑGÿ :

HSIC(P t
I ; P t

V ) = 1
m (m � 3)

h
tr

�
eU eV T

�
+ 1T eU 11 T eV T 1

(m � 1)( m � 2) � 2
m � 2 1T eU eV T 1

i
; (13)

�¦�] eU �> eV �_ � P t
I

�> � P t
V

�)�Ä,´�l�ù�ö (Gram) .�Le , �¦�)@��s3P>Û5ž�jM& . �A���¯+X�´
A�*�-�  (RBF) �h . (©

�[
` , G÷+XB��ö�I�•>‘Gÿ
.>˜�±L$,´)�0û�W�§�9���;�9�W�H�ï [54, 56]: OÆ�x�Ø�1
. Q�?FJE÷ RKHS �P�4F�>|"�E³ ,


��…�yQ�Lf6„
8.�	úMŽ4ï�W�ÍC† ; �¦!Q HSIC ��M0�n�?�`AÑ
�GÿL$,´6„
8�6�3 , AÑ1ÇMŽ�hQ��x; �0
>�A���¯+X,´

HSIC �`AÑGÿ�_���•,´ [55], �H�¾�¦��4ÿP¼�`AÑ�é#� [54]. �04ø�? (2) �],´)�0û�W4Ö�•�Î)à�j L ind = HSIC( P t
I ; P t

V ).

3.6 �ª�‰Aã4ù-$�=

�p���é#�,´AÝ4ó-��7�j

min
�

L + � L do + � L ind ; (14)

�¦�]�+�Ñ�•�a L +X�¾�E�, Q
»�–�•�=
� Q�? , �=
��W4Ö�•!“�IN© L do 
¼)�0û�W4Ö�•!“�IN© L ind �I+X�¾�^�Ù Q


»@�6V�=
��>
�	F Q�? , Cµ	ò�  � 
¼ � �×�f!“�IN©,´�j�Ö . �l�Ç#��?,´�_ , 
X�Ø*6Lf!å Q
»�õ�¯+X�=
� Q�?F�

>|N´#{ , �þ6<�Î)à�6�3�F#�	F,´N´#{�W7- . �¤�ƒAÝ4ó#q0;�²1Ç#� 1 �p/j .

�C�x�Ü�<�Æ . �p���é#�,´AÑ1Ç�=�r�Ö�6�À�²�; : Aî
.�]8²&é�k� �j jV j, Eé�k� �j jE j, LÀ;ÿ>˜/j5$�Ö�j d. �&

0ª6Š
8 Q
‡,´�&L$�=�r�Ö�j O(jE jd+ jV jd2). 
�@�6V Q
‡�õ�E�•�0�Z�h� �ˆ
��€ 2, �)6Š
8E÷0;,´�&L$�=�r�Ö��

�¡
ý . Aà jEp j �j�µN´#{,´Eé� Gÿ , jSj �j�¢N´�g�\Lö
8�W�? . �&0ª�¢N´ Q
‡
XAÝ4ó�&,´�&L$�=�r�Ö�j O(jEp jjSjd),

)�0û�W�óF�@�6V Q
‡,´�&L$�=�r�Ö�j O(d2). F	�T�Z Q
‡�õ
XAÝ4óLf!å�¯+X , 
�!”�=�J5	�Ø*6E÷0;�V�•NÍ�F�0

K0. 
�!” , �p���é#��k�ƒ�&L$�=�r�Ö�j O(jE jd + jV jd2 + jEp jjSjd + d2). �¦�] jSj �jCµ	ò� �DFJ�h>ÛAî5ž�jE³�?

,´�h�  . 5,�: , �p���é#�
X8²&é� �>Eé� �:,´�&L$�=�r�Ö�_4ï�W,´ , �>)à�9�Ø�1
./Ž4ÿ5•5��j
<�0Gÿ4× .
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>ž 2 �¦�¤Lü5�A×�Ž?· . \ %J	L(¯�· " >ž/p8¸&ï(¯�·�e
\LÅ�,L*
�	L ; \ �`?÷8¸&ï " >ž/p#•B�Lü�c�e
\	;
a
^Eý	ñ���`�0)æ�LG��<
�`�0)æ,º8¸&ï .
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 �ÔPÂAôA×

�\8²FJE÷�ÊGÿ�ÎP¼
¼�Ê�W�ÎP¼Añ�>�¶�p���é#�,´�9�x�W . �ÎP¼� �žLö�²>˜ 2 �p/j .

4.1 �04õ�ï#�

�A��F9
��¶9��¢�§�9��>˜�W,´
./Ž4ÿ5•5� Q
»��	ú�6�3�F#�	F�é#��Œ�j�)"��*4ï . 1\�02«�é#��jM‰�1
./Ž

4ÿ5•5� . GAE [57] �_�0/ý4ÿ�¨,´M‰�1
./Ž4ÿ5•5� Q
» , FJE÷�6
��J�r
.	§0��ý�Œ�•�…�y
.5��´�>8²&é�Ž�W�{L$

,´�£3+ , �þ6<��-�-“
`�–�•
.>˜�± ; VGAE [57] 
X GAE ,´�*.p�:�6
��68�5F.1�˜,´�M�#�E�•
.5��´�* Q , FJE÷


XLÀ0ªL$�]�E�•L¿�j
�Gÿ�•�* Q8²&é>˜�±,´�=.ž�Ê�W , ��9ç
��$�§R±���W
¼#�	F7-�Ë,´
.>˜�± . 1\�¼2«�é#��j

�Ø�1
./Ž4ÿ5•5� . GCRN [13] OÆ�x�Y+X
.	§0��þM‰�1
.��'—�]��
�8²&é>˜�± , 'f
>FJE÷L��×�Ú)ß	…�s [12] �•�…

�y
.L¿�&L$%D	F,´�Ø�1E÷0; . F	/ý \ 0ªL$�* Q + �&L$�¿�G�* Q " ,´�v�æ7-�O
<�&�–�•
.,´�£6„5��´
¼�&L$�Í

C†�£3+. EGCN [16] �IG÷+X
��0/ý�MD� , �³�=�_-$�Õ�–�•8²&é,´�&�¿>˜�± , 6<�_FJE÷�Ú)ß/Ž4ÿ5•5��Ø�1�$�à
.	§

0�,´	ò�  , �¯�Ç Q
»7-�O
X�=
<�&L$��'—�;8�F2�Ä%D	F . F	�0�j�f(©�[F2
88²&éLö
8NÁ4q
�	F,´�Ø�1
.
j�Ÿ .

DySAT [14] 
X�* QE÷0;�]�E�•�¶	üGý#��?�Ë�j�f , 
X!ÿ�Z�&L$��'—�]�Y+X5��´#��?�Ë8�F2�Ä
`6Š
8�=
<Fë�u,´

���Ÿ , 
<�&
X�&L$5$�Ö�:�¯+X8�#��?�Ë�j�f�…�yD��&L$,´�ÍC†�£3+ , �¯�Ç
X6Š
8E÷0;�]
����j�•8��=
<Fë�u,´

���Ÿ8�F2�Ä
`�6G}�sGý , �þ6<��7-�£#��pG�Fë�� , 	ø7-&¥#k�* QK¯�O
¼.��O,´�Ø�1(©�± . 1\�92«�é#��j�6�3�F#�

	F�é#� . IRM [21] ,´-��7�_�–�•�0�Z
X�p�9AÝ4ó)ß�³�]G-7-�
�1�08$,´N´#{�˜ , �¯�¦
X�=
<�6�3�;G-7-�0�?	F4ÿ

P¼NþL™. F	/ý�é#��jB3��
�D�)ß�³0c�Ê,´
��Ì�£3+ , �þ6<��	w Q
»,´�6�3�F#�	F7-�Ë . GroupDRO [22] 
X�H	FE÷

0;�]�E�•�¶R±���W�M�# , 
X�0�?	F4ÿP¼NþL™,´
<�&, �)B���E³�W,´AÝ4ó)ß�³�6G}�$Q�,´�sGý , �þ6<�Î)à�)�0
•�õ

�åNþL™,´�H	F. VREx [58] �IFJE÷
X-��7�-� �]4Ö�•�=
<AÝ4ó)ß�³�{L$,´NþL™���2 , �•L}�~ Q
»�)�6�3�•0+,´�•

�O�W. F	/ý1†+•F¯�}�¶ Q
»
X���ËAÝ4ó)ß�³�:E÷��
8,´�õ�å , �þ6<��	w�¤�ƒ,´#�	F>˜)à . DIDA [9] J¸�)
.5��´� 

�žF�>|�¶�CL�AîAÑ , FJE÷�…�y
X�=
<)ß�³�;�
�1�08$,´�Ø�1
.>˜�± , ��	w Q
»,´N´#{0c�Ê�W . �:F �§�9��>˜�W,´

�6�3�F#�	F�é#���
X��	w Q
»
XM’�)�6�3�•0+�&,´#�	F7-�Ë , �vF	2«�é#��W�J�ÍC†�n�?,´)ß�³�71®��AÑ1Ç�•�a

�-�  . 
��j�p�9�é#�
w��#�9ç�Ç-O�Î,´)ß�³���Ÿ , �j�¶�œ�£�)"� , �A���6�g�\L¿�j�B�6�j�J�ZAÝ4ó�� . 63<•�`F	

�Ë�é#��_FJ+X,´�6�3�F#�	F1†+• , �A��G÷+X
XAÝ4óLö�:>˜)à�0�H,´�Ø�1
./Ž4ÿ5•5��Œ�j�¦�k�¢5•5� (backbone

network).

4.2 -U�Ô�¦�¤Lü�@,ºK4D%Nº#•�ÔPÂ

�A���¯+X�¶�T�Z-O�Î�F+|,´�Ø�1
.� �žLö , �6�[�j COLLAB 
¼ Yelp, �¦G÷+X�§�9�A�H�W,´�‚4ã�?�Z�•K.

D�N´#{�+�Ñ , ?±"r Q
»�Y+X	¶
"
.5��´N´#{�;�0�&L$!•,´K.D� . !ÿ�Z� �žLöG-
����i�ž�¦N¶�����Ÿ�B�6�j�J�Z
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>ž 3 �C
B�ï#�
^-U�Ô�L+‚K4D%Nº#•�¦�¤Lü�@,º5	�Ò (AUC%). �6�N5	�Ò���Ö2Í�=�0 . `w/o DS' >ž/p���<�9�…01,º#•B��¦�¤ ,
`w/ DS' >ž/p�?�<�9�…01,º#•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� 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� 7.59

EGCN 86.62� 0.95 76.15� 0.91 78.21� 0.03 53.82� 2.06

DySAT 88.77� 0.23 76.59� 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 76.24� 0.77 79.04� 0.16 66.41� 1.87

GroupDRO 88.76� 0.12 76.33� 0.29 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

�€�Ø�1
. . �j1°�>C§?ñ , �A���¯+X `w/ DS' >˜/j
[�9�6�3�•0+,´#{B�� �ž , `w/o DS' >˜/j�=
[�6�3�•0+,´#{B�

� �ž . �j�¶Aô�` Q
»
X�&0ª�6�3�•0+�;,´>˜)à , �A���þ� �žLö�]F9���0�ZN¶���Œ�j `w/ DS', �¦�‰� �ž�9�&L$Nª

�¿�B�6�jAÝ4óLö�ÃP¼AñLö
¼#{B�Lö�Œ�j `w/o DS'. M0?±#��?,´�_ , `w/o DS' �_
8�¦
>,´�Ø�1
. , �=	5
[N¶����

�Ÿ ; 6< `w/ DS' 
XAÝ4óE÷0;�]�_�=
�?ñ,´ , F	
X)à�Î�Ä+X�]�$�jCdF�-O�Î�õ�å�D�$�§�A�H�W . ���;�_�)�T�Z-O�Î

�F+|� �žLö,´1°?±�û4ý : COLLAB [59] �_�0�Z�–�_
8�Œ� �žLö , 	5
[ 1990� 2006 �¤L$
�>˜,´Aê�· . 
.�],´8²&é


¼Eé�6�[>˜/j�Œ65
¼
8:‡�£3+ . �i�ž
8�ŒAê�·,´.D0¦N¶�� , !ÿ�‘EéLt�V�0�ZN¶���71® , 	5�� \ � �ž�F�È " �Ã\ � �ž

�Ã" �Ã\ 	k�–���Ÿ�– " �Ã\ *6Aê" ��	ú \ 
�?ö	F ". �&L$2Â�Ö�j�¤ , �kAÑ	5
[ 16 �Z�&L$(w. �A��F9
� \ � �ž�F�È " �Œ

�j `w/ DS', �¦�‰�Œ�j `w/o DS'. �A���¯+X word2vec[60] �þAê�·�ˆ?±�]��
� 32 5$(©�±, �¦
��£
w9ç�Ç�Œ65(©�± .

�A���¯+X 10, 1, 5 �Z�&L$(w�6�[�Œ�jAÝ4óLö�ÃP¼AñLö
¼#{B�Lö. B�� �žLö�¡	5
[ 23035 �Z8²&é
¼ 151790�‘Eé .

Yelp [14] �_�0�Z�v�JAôAê� �žLö , 	5
[N®�Ò�)�v�æ,´AôAê>|�j . 
.�],´8²&é
¼Eé�6�[>˜/jN®�Ò / �v�æ�>AôAê>|�j .

�A��F9
��¶ 2019 �¤ 1 �88# 2020 �¤ 12 �8�{L$ 5 �Z�v�J2«�[,´�Ô�Â� �ž , 	5�� \ "�:X " �Ã\ �à#n5¾�?O�
ñ" �Ã\ 
Æ�‘

�>9f " �Ã\ �/
(�Ç " 
¼ \ ��O@". �&L$2Â�Ö�j�8 , �kAÑ	5
[ 24 �Z�&L$(w. �A���6 \ "�:X " 2«�[�Œ�j `w/ DS', �¦�‰�Œ

�j `w/o DS'. �A���¯+X word2vec[60] �þAôAê�·�\�]��
� 32 5$(©�±, �¦
��£
w�l9ç�Ç+X�g
¼�v�æ,´(©�±>˜/j . �A

��1‹F9�Ô�Â!Q� �W�¾ 10 !Q,´+X�g�>�v�æ , �¦�¯+X 15, 1, 8 �Z�&L$(w�6�[�Œ�jAÝ4óLö�ÃP¼AñLö
¼#{B�Lö. B�� �ž

Lö�¡	5
[ 13095�Z8²&é
¼ 65375�‘Eé .

�ÔPÂ5	�Ò. �i�ž>˜ 3 �]-O�Î�F+|K.D�N´#{� �žLö,´�ÎP¼5��Ì , 
���
�)à�*4ï�é#�
X�6�3�•0+�;>˜)à�n:‡�;

L} . �m1Ñ�Ø�1
./Ž4ÿ5•5��*4ï�é#�
X���6�3�•0+,´#{B�Lö (`w/o DS') �:>˜)à8Ÿ�­ , �v�¦
X�ˆ
X�6�3�•0+,´#{B�

Lö (`w/ DS') �:,´�W7-�W�u�;L} . (©�[
` , DySAT 
X `w/o DS' �]>˜)àE³�H , 6<
X `w/ DS' �],´�W7-�;L}�u�ÖEî

�`�¶F� 12%. 
X Yelp � �žLö�: , GCRN �> EGCN ,´>˜)à
X�ˆ
X�6�3�•0+�&+J8#�=�²M‰�1
./Ž4ÿ5•5� GAE 
¼

VGAE. F	�0)àB‘B$�> , )à�9�Ø�1
./Ž4ÿ5•5�E÷��
8�¾�)�71®�9<Š�w�£6„,´
�	F Q�? , 
�!”
XM’�)�6�3�•0+�&Lî

��#�	F . !”�F , �6�3�F#�	F�*4ï�é#��¦MŽ�CL�J¸�)�Ø�1
.�],´�&0ª�6�3�•0+AîAÑ , 
�!”
X Yelp �:�õ�V�•�9L€�W

7-��	w . (©�[
` , F	�Ë�é#��ÍC†�¾-O�Î,´)ß�³�71®���Î)à�6�3�F#�	F , 6<
X-O�Î�Ø�1
.�])ß�³�71®�_�=
�9ç�Ç,´ .

�¦E³��,´>˜)àF��0!•>˜�> , 
X5j�•)ß�³�71®,´�õ�’�; , F	�Ë�é#�Lî��
��Ç*6�#�x�Ì , �•P¼Añ�¶5j�•)ß�³�71®�_�Ø

�1
.�4*6�6�3�•0+�&,´�0�W�A�H . �A��,´�é#�
X�4*6�6�3�•0+�éM’�H�¾)à�9�*4ï , �T�¦�_
X�6�3�•0+E³�j,´
j

�Ÿ�]>˜)à�$�j0±�* . �p���é#�
X�p�9� �žLö,´ `w/ DS' �‘�&�;
w�n:‡�H�¾�p�9�)"��é#� . M0?±�7�*,´�_ , Yelp � 

�žLö�] COVID-19 ,´(6
��,8$�]�O#¸Ci>|�j
�+O�—&ø
�	F , >˜)à�*�$�j,´�&L$�6�3�•0+ ; 6<
X!”�õ�’�; , �p���é

#�
X `w/ DS' �:-("��*4ï�é#� GroupDRO �ý�9 9% ,´��	w . -("��{�; , Yelp �]
42«�[ (
w�jO@Ož2«) �{L$,´N¶��
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>ž 4 �C
B�ï#�
^-U�Ô�L+‚8¸&ï�<2±�¦�¤Lü�@,º�ü.¤)½ (ACC%). �6�N5	�Ò���Ö2Í�=�0 .
Table 4 Accuracy (ACC%) of di�erent methods on real-world node classi�cation datasets. The best results are in bold.

Model
OGBN-Arxiv Aminer Reddit

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 42.93� 0.71 34.38� 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 37.71� 1.84 29.24� 0.59 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 42.39� 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� 0.78 29.76� 0.83

VREx 48.21 � 2.44 46.09� 4.13 46.60� 5.02 48.70� 0.73 49.24� 0.27 42.59� 0.37 30.72� 1.94 31.41� 0.77 30.33� 0.88

GroupDRO 49.51 � 2.32 47.44� 4.06 47.10� 4.39 48.73� 0.61 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� 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 45.14 � 0.18 42.13 � 0.24 40.52 � 1.32 40.28 � 0.53

���ŸE³�j�ÕF� , 6< COLLAB � �žLö�]�=
<N¶��L$���2�$�W , �ƒ)à�*�$�j,´0ªL$�6�3�•0+ ; 6<
X!”�‘�&�; , �p���é

#�
X `w/ DS' �:-("�4ÿ�¨�*4ï�é#� DySAT ��	w�¶ 5%. 
��F�m1Ñ DIDA 
X�6�3�•0+�;
��Ç,´E³�j*6�#,´#�	F�W

7- , �v�¦5j�•�n�?,´@�6V�j�f , 
�7-�,8$�=
� Q�?
¼
�	F Q�?@�6V�=�«�Å , �þ6<�¡
ýN´#{�x�Ì . �04ø�p���é#�
�

�Ç�¶�08$�0�H,´�6�3�F#�	F�W7- .

4.3 -U�Ô�¦�¤Lü�@,º8¸&ï�<2±�ÔPÂ

�A���¯+X 3 �Z-O�Î�F+|,´�Ø�1
.� �žLöF�>|8²&é�62«�ÎP¼ , 	5�� OGBN-Arxiv [61], Aminer [62] 
¼

Reddit [63]. �}�T�Z� �žLö
w�j�E�·5•5� , �¦�]8²&é>˜/jAê�· , �&L$�c�j t ,´�þ u �` v ,´Eé>˜/jAê�· u 
X�¤

�- t 
�>˜ , �¦�E+X�¶Aê�· v. �Ø�1
.�:,´8²&é�62«�+�Ñ�§�9�A�H�W , 
��j#{B�8²&é�•8��Z�• , �»�²�àAê�·
X�Z�•

>Û
�>˜ ,  Q
»M0�Y+X�&0ª���ŸF�>|�62«N´#{ . �A��F¥�Ú�·)^ [24] ,´Aî5ž , G÷+X�‚4ã�–�• (inductive learning) 1†+•,

	£#{B�8²&é
XAÝ4óLf!å�¼�˜�=
�?ñ , F	
X-O�Î�Ø�1
.
j�Ÿ�]�$�§�Î+X�W
¼�A�H�W . ���;�_ 3 �Z-O�Î� �žLö,´1°

?±�û4ý. OGBN-Arxiv [61] �_�0�ZAÑ1Ç�j0��–N¶��,´ ArXiv Aê�·�E�·5•5� , +a MAG [64] 3R�E. !ÿ1÷Aê�·FJE÷�)�7

NÈ
¼�ˆ?±�],´Aý
AGÿ
��£
w9ç�Ç�0�Z 128 5$,´(©�±
AGÿ , Aý
AGÿ+askip-gram  Q
» [65] 
X MAG B��É�Ã�:AÝ4ó

�Ç�` . �+�Ñ�_N´#{B�Aê�·�p�Ž,´ 40 �Z�kNÈN¶�� , �² cs.AI, cs.LG 
¼ cs.OS. �A��
X 2001� 2011 �¤L$
�>˜,´Aê�·

�:AÝ4ó, 2012� 2014 �¤L$,´Aê�·+X�¾P¼Añ, 2015 �¤�{
>,´Aê�·+X�¾#{B� . +a�¾0��–Aê�·
�>˜� Gÿ!ÿ 12 �¤6+�0+š ,

B�� �žLö�]8�'f�ˆ
X�n:‡,´�&0ª�6�3�•0+ . B�� �žLö�k�¡	5
[ 168195�Z8²&é
¼ 3127274�‘Eé . Aminer [62] �_�þ

DBLP, ACM, MAG 	ú�¦���•$À�]��
�,´�E�·5•5� . �A���¯+X word2vec[60] �þAê�·�ˆ?±�]��
� 128 5$(©�±, �¦
�

�£
w��9ç�Ç!ÿ1÷Aê�·,´(©�±>˜/j . �A��1‹F9�¶�Â
=�} 20 ,´�JAÞ�Œ�j�62«-��7 , �+�Ñ�jN´#{Aê�·,´
�>˜�JAÞ . �>

OGBN-Arxiv � �žLö2«�l , �A��
X 2001� 2011�¤L$,´Aê�·�:AÝ4ó , 2012� 2014�¤+X�¾P¼Añ, 2015�¤�{
>+X�¾#{B� .

+a�¾#{B�8²&é
XAÝ4ó�]�¼�˜�=
�?ñ ,  Q
»M0�F�È�=
�,´�&0ª Q�? , ���Î)à�6�3�•0+�;,´0c�ÊN´#{ . B�� �žLö�¡	5


[ 43141�Z8²&é
¼ 851527�‘Eé . Reddit [63] �_�0�Z�þ.�
=/n�Ô�Â�ƒ�£
 Reddit �:��
�,´�W
»� �žLö , 	5
[�*�¾

�·�\,´�F�€�ÃAôAê�Ã+X�g���Ÿ��	ú/n	jB��õ . 
.,´�´�*�é�?�_�6!ÿ�Z8²&é?ö�j�0�Z�F�€ , �ƒ�T�Z�F�€�¡�Û�£K^Aý

�& , 
X�³���{L$�*0û�0�‘Eé . 8²&é(©�±FJE÷word2vec �é#�+O�@[60]. B�� �žLö�¡	5
[ 10 �Z�&L$!• . �A��
X�&L$

!• 1� 6 ,´� �ž�:F�>|AÝ4ó , 
X�&L$!• 7 �:F�>|P¼Añ, �¦
X�&L$!• 8� 10 �:F�>|#{B� . �¤�Z� �žLö�¡	5
[ 8291 �Z

8²&é
¼264050�‘Eé .

�ÔPÂ5	�Ò. �i�ž>˜ 4 �]-O�Î8²&é�62«� �žLö,´�ÎP¼5��Ì , �A��
�)à�W�J� �*4ï�é#�L¿-p�&L$�Ø0+�W7-�>�n

�;L} . 
X OGBN-Arxiv � �žLö�: , EGCN ,´�ö.ž)·�þ 2015 �¤,´ 48.70%F@$@�;L}8#2020 �¤,´ 46.93%. F	�0)à

B‘
�7-$À�¾�Ø�1
.�]�&0ª�6�3,´F@$@�•0+ , �»�²�–�_Aê�·,´
�>˜� Gÿ�n:‡�ÎK¯ , .D0¦�kNÈ�>�E�· Q�?�•
�7-�>

E÷	ë
�+O�¶
�	F . !”�F , �m1Ñ�08\,´�6�3�F#�	F�é#�
X���Ë
j�Ÿ�;�H�¾�Ø�1
./Ž4ÿ5•5��*4ï , �v+a�¾F	�Ë�é#��¦

MŽ�CL��j�4*6�Ø�1
.�],´�=�r�&0ª�6�3�•0+6<AîAÑ , �¦�iF��ýF��Z���ê%��? . �p���é#��n:‡5C@��¶L¿-p�&L$�Ø
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>ž 5 �C
B�ï#�
^
>�F�¦�¤Lü�@,º�(4õ�AM˜0% (AUC%). �6�N5	�Ò���Ö2Í�=�0 . �*�],º p >ž/p�*Q�0A�Ü�<�9�…01 .
Table 5 Area under the curve (AUC%) of di�erent methods on the synthetic dataset. The best results are in bold. Larger p denotes
higher distribution shift level.

Model
p = 0.4 p = 0.6 p = 0.8

Train Test Train Test Train Test

GCRN 69.60� 1.14 72.57� 0.72 74.71� 0.17 72.29� 0.47 75.69� 0.07 67.26� 0.22

EGCN 78.82� 1.40 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 70.24� 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 95.02� 0.09 62.66� 0.33

VREx 84.77� 0.84 70.44� 1.08 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� 0.59 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

0+,´�W7-�;L}L�NÈ , 
X�6�3�F,´#{B�Lö�:
��Ç�¶�08$�D�0�H,´N´#{�W7- . F	P¼Añ�¶�A��,´�é#�7-�O�9�x�…�y� 

�ž�],´�=
��>
�	F,´�&0ª Q�? , �¦�Y+X�=
� Q�?
X�6�3�•0+�;�Î)à�$0c�Ê,´N´#{ . �A��,´�é#�
X�J� �õ�å�;�§

�9�$�?,´�7�ö�� , F	
�7-�Ç,ú�¾�=
��W4Ö�•
¼)�0û�W4Ö�•!“�IN©L}�~<Š�w-(�£�W,´�¡
ý .

4.4  W���¦�¤Lü�@,º�ÔPÂ

�j�¶F��0!•Aô�` Q
»
X�&0ª�6�3�•0+�;,´#�	F7-�Ë , �A��	ò63�·)^ [24], 
X
8�¦�p�9N¶��
>,´ COLLAB

� �žLö�:�E�•�ê�jAîAÑ,´�6�3�•0+ . Aî	Ï�û(©�±
¼5��´�6�[�j X t
1 2 RN � d 
¼ A t 2 f 0; 1gN � N . �)�¾!ÿ�0�Z

�&L$&é t, �þ A t +1 �]
w	0G÷�g p(t)jEt +1 j �‘!“�g�\Eé
¼ (1 � p(t)) jEt +1 j �‘CO�g�\Eé . �Õ-p , �6�¦�´FP�j5��´

�
�1�W,´
�	F(©�± X t
2 2 RN � d. �04ø,´EÃ�•8²&é(©�±�j X t = [ X t

1; X t
2], +X�¾AÝ4ó�>�Ø*6. G÷�g�²)·�Ê�y�j

p(t) = clip( p+ � cos(t); 0; 1) (clip �j�Z
��-�  ), +X��>˜/j
�	F�j�Ö , �¦�]�$Q�,´ p(t) �?
£-p X t
2 �>�Z�•K.D� A t +1

,´-(�£�W�$�j . �A��
X#{B�Lf!åAî5ž ptest = 0 :1; � test = 0 ; � train = 0 :05, �¦
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Figure 2 Ablation studies.
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Figure 3 (Color online) The comparisons of empirical time cost.
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Figure 4 (Color online) Sensitivity analysis of hyperparameter � . (a) Results of COLLAB; (b) results of ArXiv.
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4 ) C»	ø�¦ � ,º�…�U�]�<�Æ . (a) COLLAB ,º5	�Ò ; (b) ArXiv ,º5	�Ò .
Figure 5 (Color online) Sensitivity analysis of hyperparameter � . (a) Results of COLLAB; (b) results of ArXiv.


4 6 (5‡5� (~ �Ÿ 
4 ) �v �� �ï#� 
Â �04õ �ï#�8¸&ï>ž �· 
^ ArXiv �¦ �¤Lü �@,º 
%?ü	L �< �Æ . (a) VREx ,º5	 �Ò ;
(b) GroupDRO ,º5	�Ò ; (c) EGCN ,º5	�Ò ; (d) ID-DyGAT ,º5	�Ò .
Figure 6 (Color online) 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 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 DyGNNs 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 DyGNNs.

Keywords dynamic graph neural network, disentanglement, distribution shift, graph machine learning, independence


