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-�æGý&é.D
�AÑ�B (�©�ö
' : 2024YFB4504200) 
¼
-�æ8�'f0��–�*H� (�©�ö
' : 62472183) Ct�ÙN©-�

�Ž?· �?5*�Ž�»A×1Í (3D compute-in-memory, 3D-CIM) �ì�º�#�UQ��\�ó�D�p�¬>‚�] , �p
4/”5�5‡5� (graph

neural network, GNN) �Þ*<�ÖFU���Ñ�¼H�?·�pF} . 'l6B , )æ�? 3D-CIM �ÖFU�ž
^�:*<$'�Ü
4/”5�5‡5� (deep graph

neural network, DeGNN) �,��M˜�j�Z�ïM˜�G�N : (1) �/FF�x06+Å	L5p�…Q��~�e�7 , M,�r�28*,º�Í�•Aõ�Ž�D���~A×

1ÍLô��?úFµ , FV�F�\�ó�_+^)½�ALƒ�¬�Ô�Ö�,F� ; (2) �/D��x!Á�$�ÓCŒ5p�…	Õ+U�e�7, NÇ4w�¦�¤�b01�\�›NÓ�L�Ž�Þ

�DFP���6K6 , F��6!›�Ö�•�Þ*<�,F� . �p!š , �b�½���0Q�73�~,º 3D-CIM �ÖFU�ž G3DMA, FPEýE¥.¢�,	…
B�Ô)æ�/

DeGNN ,ºQ��~�e�7 . 
^06+Å5L.7�ïM˜ , Gý+^�$�8	L	Á5_ : Fñ�Û.�Lk�µ+^
��ƒ
406+Å>ž/p (DBSR), 8¸&ï(¯�·Gý

+^ bitmap-value �</ñ,º
•06+Å>ž/p (BSR), 
^��Q�	Á5_)½�D3X�K�~)½,º
B�,�t:•Lƒ�„ DRAM AõL$�6K6. 
^�•

>‚ W
Á�ïM˜ , AôA×“4ú
> – �cL*6•
> – !Á�$3e�Ö” �?Ll!ë�p�l , 5	
>06+Å�U.�B9�Ü�DM,�rD)Eý , ��Fµ�ƒ�cL*5	�Ò

�žH��Ï
��¬���G���~A×1Í . 
^.¢�,�ïM˜ , G3DMA �ÄF��ŽFqEÇ�xLü�FE±H�A×1ÍLk�M�D�I+^5L@�.7	‹�y , Q��~�e�7

DBSR/BSR �:*<�D�?
•Aõ�Ž ; 
B�,�Ô)æ�?Ll!ë�¦�¤FPD%�D#w"j�Ý�l , �¬���Ñ!Á�$
��³,º3e�ÖD%�º�DD� -vault �„

�6K6D%+g. �ÔPÂ5	�Ò>ž�D, G3DMA 
^�P0� GNN  W
Á�D�=�ü�¦�¤Lü�@-.E¹ CPU �D GPU �<�a�Ô)æ 6007.41× 
Â

106.28× ,º�ÖFU. -.E¹�6�æ,º SOTA �ÖFU�ž HyGCN, GCIM, GCNim �D SGCN �<�a�Ô)æ 26.27×, 11.93×, 1.46×

Â 2.42× ,º�]73��	} , �¬
^73�~�@�t:•C»CÀ)æ�?�ï�~ .

�©KdB� $'�Ü
4/”5�5‡5� , .¢�,�ÖFU�ž , �Þ*<�ÖFU, 06+Å	Á5_, �?5*�Ž�»A×1Í�ì�º

1 �K@6

	§0�/Ž4ÿ5•5� (convolutional neural network, CNN) �k?±�4*6!W��Gü�Ç� �ž , �»�²�05$�·�\�¿�G [1] 
¼�¼5$
.

�ÿ [2, 3], �v
X�Ø�¯8#MŽ!W��Gü�Ç� �ž�éM’�ˆ
X�pL€ . +aEé
¼N¦&é4ô�@,´
.�_�0/ý�h?ñ,´MŽ!W��Gü�Ç� �ž5��´ , �§

�K+^�r�E : L¶�]�Y , �P�· , ���·#Ë , 1y. �0/ýM’
A$!�Ö
./Ž4ÿ5•5��Ø*6,´Q�7-�x�95$�6
��æ�´�ÐFO�˜ . �]
-0��– : ���Ÿ0��– , 2026, 56: 1330–1347,

doi: 10.1360/SSI-2025-0381

Long Z T, Zhang Y, Fu Y T, et al. A high-efficiency 3D-stacked accelerator for deep graph neural network inference. Sci Sin

Inform, 2026, 56: 1330–1347, doi: 10.1360/SSI-2025-0381
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�9�$�j,´>˜Eî7-�Ë . �j0±.dF	�0+&N¸ , ���*�¶
./Ž4ÿ5•5� (graph neural network, GNN) �Œ�j CNN [4] ,´
��ƒ , �Y

+X8²&éL$,´Fë�Õ�£3+�–�•�|�•>˜/j . ���O
X8²&é�62« [5, 6]�ÃK.�ÕN´#{ [7] ��	ú�Ø9€3+5� [8∼10] 1y�+�Ñ�],´�H�2�W

7- , GNN �"�@�j
.>˜/j�–�•,´�k#q�é#� .

GNN ,´!ÿ�0�rAÑ1ÇFJ�h	5��6Š
8
¼4ô
8�T�ZLf!å . 
X6Š
8Lf!å , 8²&é�fLöFë�u8²&é,´(©�±
AGÿ , F	#¹	úFë

�Õ.�Le�FFë�Õ>˜,´F}	¶ ; 
X4ô
8Lf!å , FJ�hFJE÷�J�r�O.��j (multilayer perceptron, MLP) �F�¦��/Ž4ÿ5•5�5��´

�)(©�±F�>|�$�à , 
��íB‘�j.�Le – 
AGÿ�ˆ . F	�T�ZLf!å�…)à�*�Z'f�=
<,´Aï�ˆ Q�? : 6Š
8Lf!å
�
.5��´00+¿�W�>

�=?ô�I�W�¡
ý , Aï�ˆ Q�?�6�“�DLî��N´#{ ; 6<4ô
8Lf!å,´.�LeAÑ1ÇE³�j?ô�I , Aï�ˆ Q�?-(�)�9�¿ . F	/ý�=�08$�W

�¯�P5� CPU �> GPU �æ�´Lî���¬N®�T2«M0"r , �T�¦�_6Š
8Lf!å,´�=?ô�IAï�ˆ�C�,8$AÑ1Ç�&F��:	w�>7-6G�Î�Ð ,

F	�•�Ø�Ø�¶�C+X GNN �ÐFO�˜,´.D0¦ .

L¿-p�Ä+X
j�Ÿ [9, 11,12] ��,ú�J�g , �) GNN ,´>˜Eî7-�Ë�Ã#�	F�W�>AÑ1Ç�W7-���*�¶�$Q�?±"r . .D0¦65���*�¶

�J/ý GNN 
��ƒ [13∼15], �¦F@$@�Ð$!5•5��r� ����	w�* Q7-�Ë . 'f6< , �ƒ�r� E÷$!�& , 8²&é>˜/jC»�¾�08$ , �*)àE÷

�£%� (over-smoothing) [16] )àB‘ , �¯�Ç4ö2Â�Ö���Ÿ�R�a�¦�z�a Q
»�T�[�Ë . �j5C@�E÷�£%�, �"�9�é#��k?±�6�j�T

2«: �02«FJE÷�E�•!»��F��Õ (residual connection) [17, 18] 1y5��´�W�iF����Î�j���Ÿ#q�Ø ; 
��02«FJE÷AîAÑ�ÖGÿ�7

�7��4Ö�•AÝ4ó . �¦�] , !»��F��Õ
X$!�r5��´�]�x�Ì�n:‡ , �@�j$!�Ö
./Ž4ÿ5•5� [18,19] ,´Gý?±AîAÑ�MD�.

'f6< , DeGNN 
X�Ø*6E÷0;�]�)AÑ1ÇCt$À�Ã�ˆ�Ø�éGÿ�>�V�í,´M0"r�$�j9��k , .œ�&�ÐFOLî�Ö�n:‡�Î�Ð . 3D �6


��µ�ˆ (3D-stacked memory) [20] FJE÷
XDRAM �6
��]Lö�@FkEÁ�r , ���Ë�¶�±Q�,´�V�í�>�¦>|�Ö , �j%�Cã DeGNN

�Ø*6M0"r���Ë�¶�à,´�jFw . �m1Ñ�"�9�J/ý�95$�ˆ�µAÑ1Ç (3D compute-in-memory, 3D-CIM) [20] �ÐFO�˜�> GNN �C

+X.œ�&[21, 22], �v
X$!�r5•5�
j�Ÿ�;�ý�ˆ
X�J�éM’�=Cã : �0�éM’ , �³���Z7-�u�6�Y+X$!�r5��´�]F@$@�Î�j,´�]L$

00+¿�W, �,8$�WGÿM&�l�ˆ�Ð�ý�Œ , �V�•�Ç�‰AÑ1Ç�>7-6G#šCi; 
��0�éM’ , G��6�é�x<­�Y+X�¶00+¿�W , 	¤�ÍC†NÍ�F,´

�=?ô�IAï�ˆ�ÐE­3R�E�>(©�± , �Î�ÐAï�ˆ�0K0�¦L}�~�V�í�Y+X)· ; !”�F , 
X�_�1!»��F��Õ�&�°�°�ÍC†�]L$5��Ì,´�˜

Gÿ�É
��>GýB+, �™�W�¶(w�:�ˆ�ØM0"r�¦�Ð�— DRAM �V�í	»�Ë . 
�!” , )à�9�é�x5j�•�0/ý7-�O
<�&�¬N®00+¿�O.��Ã

Aï�ˆ	û�­�>!»��Q��x�_�1,´5��0�H	F�v�æ .

J¸�)�:F DeGNN 
X$!�r5��´�;�×+O,´�Ç�‰AÑ1Ç�Ã00+¿Aï�ˆ�~�x	ú!»���_�1�=Cã1yL�NÈ , �\�·���*�¶�0/ý�*

�¾ 3D-CIM �æ�´,´Q�7-�x�ÐFO�˜ G3DMA. FJE÷EŸ.œ�&	•
<AîAÑ, G3DMA �u�6
��U�¶�95$�6
��ˆ�Ø (3D stacked

memory) 
X�V�í
¼�¦>|�Ö�éM’,´�H�ï . 
XEŸ�&�rM’ , �A��J¸�)�2CX00+¿�W���*���2	F>˜/j�j�f : Fë�Õ.�LeG÷+X	ü

�}
.00+¿>˜/j (dual-bitmap sparse representation, DBSR), ��	üGý3R�E�¬N®	»5Y)·�>@�.1�x)· ; 8²&é(©�±�IG÷+X

bitmap-value �6/ë,´
‡00+¿>˜/j (block sparse representation, BSR), ��#¸L”�›�u�Ç�‰�¦��	w�V�í�Y+X)· . 
X!”�*

.p�: , �A��AîAÑ�¶�9Lf!å�—>| Q
» (4ô
8 – �]L$6Š
8 – !»��3_�Ð ), �¦5�
800+¿�O.�B3�Ö�>M&�lD#E÷�j�f , ��F¯�}

�]L$5��Ì,´�˜Gÿ(™	F�Ã�ÿ�A(w�: /(w�F�É
� , �¦�9�xD#E÷���xAï�ˆ�>�ˆ�Ð�ý�Œ . �l�Ç#��?,´�_ , B��—>| Q�?�=�õ��

	w�¶00+¿AÑ1Ç�x)·, F�7-�O
X.œ�&�]8�'f�_�1!»��F��Õ , �þ6<�Î�j DeGNN 
X$!�r5��´�;,´
��™�…�W . 
X.œ�&�r

M’, G3DMA Lö�@E«Gÿ4×AÑ1Ç�>5F@�.1	…�s, Q��x�_�1 DBSR �> BSR ,´�¦>|�4*6 , �¦
X!”�{�:�¾.œ�&�rM’�¯E­

�9Lf!å�—>| Q
» , �Î)à�¶�)EŸ�&�j�f,´Q��x�_�Á�>EŸ.œ�&	•
<�H	F . �A��
X�J�Z GNN  Q
»
¼�k#q
.� �žLö�:

�) G3DMA F�>|�¶Aô�` , �ÎP¼5��Ì>˜�> , �>)à�9�é#�-("� , G3DMA 
X�Ø*6�&F�
¼7-6G�éM’
w
��Ç�¶�n:‡L}�~ .

�\�·�k?±CQ)^�²�; .

• ���*���2	F00+¿>˜/j�>Q��x�ˆ
��j�f : Fë�Õ.�LeG÷+X	ü�}
.00+¿>˜/j (DBSR), 8²&é(©�±G÷+Xbitmap-value

�6/ë,´ BSR, 
X��	w	»5Y)·�>3R�E /@�.1�x)·,´
<�& , �n:‡L}�~ DRAM AïL��>� �ž�\0+�0K0 , �þ6<�9�x��	w�V�í

�Y+X)· .

• AîAÑ�9Lf!å�—>| Q
»	ú00+¿�O.��H	F�j�f : �A�����*,´ “4ô
8 – �]L$6Š
8 – !»��3_�Ð ” �—>| Q
», F¯�}

�]L$5��Ì,´�˜Gÿ(™	F , FJE÷�9M0�PEÃ�>>|4×�7�6�ÿ�A(w�: /(w�F�É
� . 
<�& , 5�
800+¿�O.�B3�Ö�>M&�lD#E÷�j�f ,

�9�x?ôF¯���xAï�ˆ�>�ˆ�Ð�ý�Œ . !”�F , .œ�&�]�)!»��F��Õ,´8�'f�_�1F��0!•��	w�¶$!�r DeGNN ,´
��™�…�W�>

7-�x .

• ���* G3DMA �æ�´ : �0/ý�*�¾ 3D-CIM ,´Q�7-�x�ÐFO�˜ , 
X DRAM F��×Lö�@E«Gÿ4×AÑ1Ç�>5F@�.1	…�s,

Q��x�_�1 DBSR �> BSR 00+¿�l�? , �¦
X.œ�&�rM’�¯E­ “4ô
8 – �]L$6Š
8 – !»��3_�Ð ” �—>| Q
». B�AîAÑ
X��	w
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4 1 (5‡5�(~�Ÿ
4 ) DeGNN �Þ*</p�Á . (a) 
45	�º ; (b) GCN �Þ*<,º�Z�`Ll!ë ; (c) 8¸&ï V5 ,º DeGNN �Þ*</p�Á .

Figure 1 (Color online) DeGNN inference example. (a) Graph structure; (b) the two phases of GCN inference; (c) the DeGNN

example on node V5.

00+¿AÑ1Ç�x)·,´
<�& , 8�'f�_�1!»��F��Õ , �þ6<�Î�j$!�r DeGNN ,´
��™�…�W�>7-�x .

• �Î)à�¦3+5�Aô�` G3DMA: 
X�J/ý GNN  Q
»�>�*�ö� �žLö�: , G3DMA -("� CPU �> GPU �Î)à�6�[9ç

�Ç 6007.41× �> 106.28× ,´�ÐFO; -("� HyGCN, GCIM, GCNim �> SGCN 1y��>˜�W�ÐFO�˜ , �6�[�Î)à 26.27×,

11.93×, 1.46× �> 2.42× ,´�W7-��	w , �¦�n:‡L}�~7-6G .

�\�·,´�¦�‰G��64ô4÷�²�; . 1\ 2 8²
�N®Cµ
./Ž4ÿ5•5�,´.D0¦6ü�Ÿ�¦�6�À)à�9�é#�,´�pL€�W ; 1\ 3 8²L@F �p

���*,´�h�ó�é#� ; 1\ 4 8²�ÿF .œ�&,´�¤�ƒAîAÑ�>�§�ƒ�Î)à ; 1\ 5 8²
x)à�ÎP¼Aî5ž�>5��Ì�6�À ; 1\ 6 8²AØAê-(�£.D

0¦���Œ ; �0
> , 1\ 7 8²�)�ÎP¼5�AêF�>|�¶�k5� .

2 7��¥
Â�Þ�p

2.1 $'�Ü
4/”5�5‡5��¸�+


./Ž4ÿ5•5��_�02«�CL�+X�¾�4*6
.5��´� �ž,´�–�• Q
» , �_�P5�/Ž4ÿ5•5� (neural network, NN) ,´
��ƒ . FJ

E÷�–�•8²&é,´�|�•>˜/j�¦�Y+X8²&é�{L$,´�£3+ , GNN 7-�O�9�x�…9ç�pG��>�˜�p���Ÿ , F2+X�¾8²&é�62«�Ã
.�62«

1y�J/ý
.5��´� �ž�6�À�+�Ñ . -��} , GNN �"
X/n�Ô5•5� [5, 6]�Ã�Ø9€3+5� [8∼10]�Ã+O(™���Ÿ [23,24] 1yN¶���…)à�*�H

�2�W7- .

GNN FJE÷6Š
8�>4ô
8�T�ZE÷0;�–�•8²&é>˜/j , ���…9ç
.,´5��´(©�± . GNN FJ�hG÷+X�J�r5��´ , !ÿ�r	5��

6Š
8�>4ô
8�T�Z�£K^!•PÔ , �²
. 1 �p/j . 
X6Š
8!•PÔ�] , 8²&é�þ�¦Fë�u�fLö(©�±���Ÿ , M0?±F}	¶Fë�Õ.�Le�FFë�Õ

>˜��AïL�Fë�u8²&é,´(©�±
AGÿ , 8²&éFJE÷"w�kFë�u(©�±+O�@�à,´>˜/j ; 
X4ô
8!•PÔ�] , FJ�hG÷+X�J�r�O.��j�F�¦

��/Ž4ÿ5•5�5��´F��0!•�$�à8²&é(©�± . 
.	§0�5•5� (graph convolutional network, GCN) [13]�Ã
.
<�´5•5� (graph

isomorphic network, GIN) [14] 
¼ GraphSAGE [15] �_�h?ñ,´ GNN  Q
» , �¦AÑ1Ç
�5��0>˜/j�j

X k = σ(ÃXk−1W k−1), (1)

�¦�] , Ã �j�‚�0	F
>,´Fë�Õ.�Le , Ã = D− 1
2 (A + I)D− 1

2 , I �j	…�}.�Le , D �j�Ö.�Le . X(k−1) �> W (k−1) �6�[

>˜/j1\ (k − 1) �r,´(©�±.�Le�>�sGý.�Le , σ �j%ð#k�-�  (�² ReLU). 4ÿE÷1\ k �rAÑ1Ç
>, 8²&é(©�±	5
[�¦ k- D#

Fë�u,´5��´���Ÿ , �þ6<�$�˜M’
`>˜Eî
.5��´ , F@�r�íB‘���–�•Q��r!Q>˜/j .

�j�Î�j�˜�p���Ÿ�O.� , F��¤�• GNN G÷+X�$$!,´5•5�5��´ . �E�•!»��F��Õ (residual connection) [17, 18] 
��9�x

5C@�$!�Ö
./Ž4ÿ5•5� (deep GNN, DeGNN) [18, 19] �],´E÷�£%�L�NÈ , !»��5��´ GNN ,´AÑ1Ç>˜Eî�?�²�; :

Sk = Sk−1
res + Sk−1,

Sk−1
res = ÃXk−1W k−1,

X k = σ(Sk).

(2)
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4 2 (5‡5�(~�Ÿ
4 ) �®
Á,º 3D �<
��»�Ž�ì�º�D
¸-* vault AôA×. (a) �®
Á 3D �<
��»�Ž�ì�º ; (b) DRAM 8å(}�c,º
¸-*
vault AôA×.
Figure 2 (Color online) A typical 3D-stacked memory architecture and vertical vault design. (a) A typical 3D-stacked memory
architecture; (b) the design of vertical vaults in DRAM dies.

2.2 �?5*�Ž�»A×1Í�ì�º

�95$�6
��ˆ�Ø [20] �_�0/ý��	w�ˆ�Ø�ö�Ö�>�W7-,´�K�à�°�_ . �>�P5��¼5$�£M’�ˆ�Ø5��´-("� , 3D �6
��ˆ�ØFJ

E÷
²-$�6
��Î�Ð�ˆ�Ø	…�s� Gÿ , �Î)à�$Q��éGÿ�>�V�í . L¿-p
.� �žLö?ô Q�15��™�W , � �ž�PEÃFO)·�>�ˆ�Ø�V�í�"

�@�j GNN �ÐFO,´+&N ,̧ 6<�*�¾ 3D �6
��µ�ˆ�æ�´,´ GNN �ÐFO�˜
����Ë�$Q��ˆ�Ø�ö�Ö�>� �ž�PEÃFO)· , �¦�Î�Ð

,´�V�í�_�1�W?ô Q�¦>|AÑ1Ç , %�Cã�xF�AÑ1Ç�+�ÑM0"r.

�²
. 2(a) �p/j , 3D �6
��ˆ�Ø�æ�´FJ�h	5
[�*�ÅFkEÁ�r�>�J�Z�6
�,´ DRAM �r , FJE÷.uFJ�„ (through-silicon

vias, TSV) �ÂF��’�@�¤�ƒ5��´ , 4ô4÷�j�J�Z
²-$�6	j , !ÿ�Z�6	j	5
[ DRAM �r,´9��¢G��6 , �¦FJE÷
4�r,´�µ�ˆ

�×�f�˜AïL� , �Î)àQ�FO�¦>|Aï�ˆ .


. 2(b) �…/j�¶ DRAM die ,´�µG�5��´ , �¦FJFƒ�µ	5
[�J�Z vault (	£+a�J�Z HBM FJFƒ
X
²-$�é
A�:�)

U€�6
��’�@,´�¦>|AïL�	…�s , +X�¾�íB‘>˜/jC_0¯�J�r DRAM ,´
²-$AïL�D��´�>� �žFJFƒ ). !ÿ�Z vault +a9��¢

bank group �> TSV I/O +eD�4ô�@, bank group �µ
[�J�Z bank ����	w� �žAïL��x)· (�¦ bank-level �V�í4Ö�j

1024 GB/s, �n:‡Q��¾ channel-level �V�í4Ö 256 GB/s, �ƒ)à�*
²-$�¦>|AïL��H�ï ). !ÿ�Z bank 	5
[ DRAM 	…�s

Le�G�Ã�O�Ä�n�W�˜��	ú>|�GB�.1�˜ , G��6 bank G}�7�ˆ�µAÑ1Ç	…�s, Lö�@SRAM 5C�ˆ�>�4*6	…�s���_�1F��ˆAÑ

1Ç. DRAM �r���Ë��FOAï�ˆ , FkEÁ�r (basic die) �Î�j
�5F0;�W�>AÑ1Ç7-�Ë .

2.3 )æ�?�ï�~�Ž
^,º�CCé

)à�9 GCN �ÐFO�˜3+5� (�² SGCN [25] �> GCIM [26]) 
X DeGNN �Ø*6E÷0;�] , �žF}M’�dAÑ1Ç�ý�Œ� �Ç�‰�Ã�µ

�ˆ0ªL$#šCi��	úD��r� �žAïL��x)·�~�;1yL�NÈ . �¦�] , SGCN 
*�ÊG÷+XAggregation-first ,´AÑ1ÇNª�¿, 5j�•Nª�¿

�7�’�j�f , �,8$
X(©�±5$�Ö�=
�,´�õ�å�;��#�FJE÷�x4ô
8
>6Š
8�ÿ�AAÑ1Ç�ý�Œ�  ; 
<�& , �¦�pG÷+X,´ BEICSR 	»

5Y�l�?<­��	w�¶Aï�ˆ�x)· , 	¤
� in-place AîAÑ��#�Gú�n�Z�¯+X�µ�ˆ0ªL$ , L€�f�¶�ˆ�Ø�Y+X)·��	w . �Œ�j��>˜�W,´

3D-CIM �æ�´�ÐFO�˜ , GCIM �64ô
8�>6Š
8�ý�Œ�6�[�P�48#�*�ÅFkEÁ�r�> DRAM �r���_�1�¦>|�—>| , 'f6<
�L€

�¾F�0;L¿�jAï�ˆ�0K0�>�E�þL$COE­�=
w , �¦�¤�ƒ�W7-�>7-�x�ý�ZEî�0�H , �@�jF��0!•��	w3+5��x)·,´�£K^+&N¸ .

A×1Í���’�¦�Í�•L$NÎ . SGCN �> GCIM 
wG÷+XAggregation-first ,´AÑ1ÇNª�¿, 	£�x�—>|6Š
8�ý�Œ , �½F�>|

4ô
8AÑ1Ç. B�AîAÑ<­'f�9�Y�¾ Q
»5��´1°	F , �v
X)à��$!�r GCN �]�"�äMb�*�n:‡,´�Ç�‰AÑ1ÇL�NÈ . +a�¾
4�r

8²&é(©�±5$�ÖFJ�h�
�1�08$ , Aggregation-first ��#�FJE÷ “�x4ô
8�½6Š
8 ” �•	»5Y�]L$>˜/j . -("��{�; , 9�G÷+X

Combination-first 1†+•, 
XEÃ�*5$�Ö�?�¾EÃ�•5$�Ö,´
j�Ÿ�; , 
��xFJE÷4ô
8�ý�ŒL}�~(©�±5$�Ö , F�6<
X6Š
8Lf!å

�n:‡�ÿ�A�ˆ�Ð�ý�Œ� Gÿ , L}�~�¤�ƒAÑ1Ç�=�r�Ö . 'f6< , )à�9�æ�´5j�•�)AÑ1ÇNª�¿,´&¥#k�_�1 , �T�¦ GCIM �66Š
8

�>4ô
8(™*6�6�3�¾ DRAM �r�>�*�Å�r , �$Lî���Î)àAÑ1Ç#q0;�7�’ , �,8$%Œ
X,´�ý�Œ� �H	F0ªL$Lî��
��U .

�»�Ž0°L*# CoL$NÎ . �m1ÑSGCN ���*�¶ Bitmap-index Embedded In-place CSR (BEICSR) [25] �l�? , FJE÷



L¼�c�_1• �c
30��œ : ���¥0��œ 2026 �ª 1b 56 	­ 1b 6 �U 1334


4 3 (5‡5�(~�Ÿ
4 ) (a) �~4ú
>
D6•
>�D�~6•
>
D4ú
>�Z0��•>‚ W�E�A,º���’�¦"
E¹ ; (b) row-wise aggregation �D outer

product aggregation 
^�C
B�¦�¤Lü
Â GNN �x�¦�A,º�,F�>ž)æ ; (c) �C
B�¦�¤Lü,º GNN 
:�x�cL*(¯�·06+Å�Ü ; (d) �C
B
�¦�¤Lü�A
:	Á5_�r�E�/�»�ŽAõL$,º�§�� .

Figure 3 (Color online) (a) Operation counts for combination-then-aggregation versus aggregation-then-combination; (b) latency of
row-wise versus outer product aggregation across datasets and GNN layers; (c) intermediate feature sparsity across GNN layers for
different datasets; (d) impact of different compression formats on memory access across datasets.

bitmap 3R�E	»5Y(©�±.�Le���ÿ�A�µ�ˆAïL�!Q�  , �v�¦G÷+X,´ in-place compression AîAÑ?±"r!ÿ>|N´+‰�>�Z	»5Y-(


<,´�µ�ˆ0ªL$ . �§�ƒ�•B$ , BEICSR <­
��9�x�ÿ�A(©�±3R�E�ˆ�Ø�0K0 , �v�j�¶.ž�
 cacheline �)U€
¼�¦>|�É�• , �¦

>|�µ�ˆ�3�pM0�
�1
*�ÊK¯�Ö , �,8$�WGÿ�Z�¯+X0ªL$��#�Gú�n , �Z7--O!“L}�~�k�µ�ˆ�éGÿ	•+X . F	/ý0ªL$#šCi
X�J

�r GCN �Ø*6�&�8�Ð�n:‡ , �@�jL€�f�ˆ�Ø�Y+X)·��	w,´�k?±+&N¸ .

06+ÅF8Gƒ�]�CCé. !”�F , BEICSR �)�=
<�r4×�Ã�=
<N¦&é	ú�=
<� �žLö,´00+¿�Ö
�	F5j�•�Ø�1F2G}�W . SGCN

G÷+X
*�Ê�7(w�W�? (�² C = 96) �H	F5C�ˆ�pG��W , <­'f
��
Añ�µ�ˆAïL��)U€ , �v�ÎLu00+¿�6�3�h�h�§�9�n:‡#�

�Ø, 
*�Ê�7(wG}5ž��#��
Añ
X�p�9
j�Ÿ�;
w�Î)à�0�£Aï�ˆ�x)· , <­'f�µ�ˆAïL�
����)U€ , �v�j�¶�
Añ�)U€	ø�J#š

Ci�WGÿ�ˆ�Ø0ªL$, �Z7-�u�6
��U	»5Y�V�•,´�éGÿ8²-1�H�ï .

F�0AAõ�Ž�DCUE³�C
}L$NÎ. GCIM �Y+X 3D �6
��æ�´�6�[
X DRAM �r
¼�*�Å�r�—>|6Š
8�>4ô
8�ý�Œ , ���Î

)à�¦>|AÑ1Ç�>�&F�LÀ;ÿ . 'f6< , +a�¾
.5��´�>(©�±�6�3,´MŽ5��´	F(©�W , Fë�u8²&é,´� �ž�°�°�6�3
X�=
< vault

�F bank �] , �,8$6Š
8E÷0;�]NÁ4q@�
�F�0;L¿�jAï�ˆ , -(E³�\
`AïL��×+O�n:‡�&F� . !”�F , GCIM ,´ Q
‡�B�6�é

�?
XM’�)�Ø�1AÑ1ÇCOE­
�	F�& , �=
<AÑ1Ç	…�s�{L$�C�*)à�4*6�&L$���2 , ��FO Q
‡M01y�µ�’FO Q
‡�¼�@AÑ1Ç, 
�

�ÐD� Q
‡FJ���0K0 , L€�f�¶�¤�ƒ�¦>|�—>|�x)·,´��	w .

2.4 AôA×�Þ�p�D�Q�æ

�ZLl!ë�•>‚ W�E . �²
. 3(a) �p/j , �k#q GNN �ÐFO�˜�žF}G÷+X“�x4ô
8�Ã
>6Š
8 ” ,´�TLf!å�—>|Nª�¿ , FJE÷
X

Combination Lf!å�)8²&é(©�±F�>|4ï�W
��’��L}�~5$�Ö , �þ6<
X Aggregation Lf!å��E³�?,´(©�±�í�Ö�—>|Fë�u3_

�Ð�ý�Œ, ���ÿ�A�¤�ƒAÑ1ÇGÿ�>�µ�ˆ�V�í	»�Ë . B�1†+•
X#u�r Q
»�]>˜)à�*8Ÿ�­,´�x)· , �T�¦F2+X�¾(©�±5$�ÖE³Q��Ã

Fë�u� Gÿ�9L€,´
j�Ÿ . �þAÑ1Ç Q�?�•-; , )à�9AîAÑ�k?±�6�j�T2« : �02«
X Combination �> Aggregation Lf!å
wG÷

+X>|�ˆ#� (row-wise multiplication, ?ñ
. 4(b)) [25, 26], 
��02«�I
X Combination Lf!åG÷+X>|�ˆ#� , 
X Aggregation

Lf!åG÷+X�F0��ˆ#� (outer-product multiplication, ?ñ
. 4(a)) [27]. 'f6< , 
XM’
A 3D �6
�F��µ�ˆAÑ1Ç (3D-CIM) �æ

�´,´$!�r GNN �Ø*6�] , F	�T2«93�?
wM’�d�£K^�A�H .

�§�ƒ6<@0, 4ß>|�ˆ#� Q�?<­'f
�F@>|+O�@�04øEÃ�*�ÃF¯�}�)�]L$.�Le,´�˜�p3_�Ð , �v�¦�—>|E÷0;Q��Ö�ÍC†AÑ

1ÇNª�¿�>� �žD��´ , Lî��&¥#k���•!»��=½
8FkEÁ , L€�f�¶D��r� �žGý+X�>B3�Ö8�+a�Ö . 
<�& , B� Q�?
X vault L$5j

�•Q��x,´� �žGý4ô7-�Ë , �C�E
�(w�:5C�ˆ	»�Ë�>F�0;Aï�ˆ�â0± , F�6<�f4Ö
N
@)· .


��0�éM’ , 4ß�F0�93�?�§�9E³�­,´EÃ�•(©�±Gý+X�W , �vM0?±�¼�¤�´�*�]L$.�Le���_�1
>5�3_�Ð , �,8$(w�:Ct

$À	•+X�n:‡�Î�Ð , �¦�E�•�WGÿ�]L$� �ž,´�\0+�>5C�ˆAïL� , Lî��%�Cã 3D-CIM �æ�´�]�)� �ž�pG��W�>�V�í�Y+X

,´Q�?±"r . L¿-p Q
»$!�Ö,´��	w , !»��F��Õ�j�f
X�W7-�>2î�Ö�],´�Œ+X��,ú0±�* , F��0!•�Ð�—�¶�P5��TLf!å�—>|

 Q�?
XAÑ1Ç@�6V�W�ÃCt$ÀQ��x�Y+X�>�2�´5��´F2G}�W�:,´�pL€ . 
�!” , �ÏM0AîAÑ�0/ý�$�§�æ�´�â
¼�W�>!»��=½
8

&¥#k�W,´�—>| Q
», ���_�1Q��x,´ DeGNN �Ø*6.

06+Å�Ž�ÞF8Gƒ. �²
. 3(c) �p/j , L¿-p GNN �r� ,´�Ð$! , DeGNN 
X Cora [28], CiteSeer [29], PubMed [30],

Reddit [31], Github [32] �> DBLP [33] 1y�¨
»
.� �žLö�:
x)à�*�]L$(©�±00+¿�WF@�r�Î�j,´C»�ï , 	£MŽM&�s3P
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4 4 (5‡5�(~�Ÿ
4 ) �Z0�.�Lk�Ž#��ï�E�D G3DMA �c DeGNN �Þ*<,º�?Ll!ë#w0A/p�E . (a) �L0%�Ž#� (outer product);

(b) >‚�Ž#� (row-wise product); (c) �?Ll!ë�•>‚ W
Á .

Figure 4 (Color online) Illustration of two matrix multiplication modes and the three-phase DeGNN execution flow on G3DMA.
(a) Outer-product multiplication; (b) row-wise multiplication; (c) three-phase execution model.


4 5 �C
B06+Å�Ž�Þ�r�E�/"
/p�E
4 . (a) 	Õ��06+Å.�Lk ; (b) 
��ƒ
406+Å>ž/p (DBSR) �r�E ; (c) 	Á5_�M�Ž�Þ (CSC) �r�E ;

(d) 8¸&ï(¯�·.�Lk ; (e) �‚�ƒ3X�K�Ô�p CSR (BEICSR) �r�E ; (f) 
•06+Å>ž/p (BSR) �r�E .

Figure 5 Comparison of different sparse matrix storage formats. (a) Original sparse matrix; (b) dual-bitmap sparse representation
(DBSR) format; (c) compressed sparse column (CSC) format; (d) node feature matrix; (e) bitmap-index embedded in-place CSR

(BEICSR) format; (f) block sparse representation (BSR) format.

"��»�15��;L} . !”�F , �=
<� �žLöL$,´00+¿�W�6�3���2�n:‡ , �D
X�rL$�§�9�Ø�1
�	F(©�W . �P5�	»5Y�l�? (�²

CSC [34], CSR [35] �> COO [36]) 5��´
*�Ê�Ã3R�E�0K0�W , Lî��Q��xF2G}F	�0�Ø�100+¿�W , �,8$
X�~00+¿�Ö�r�]�*)à

�Ç�‰Aï�ˆ , 
XQ�00+¿�Ö�r�]�ICt$À�Y+X)·�•�~ . �²
. 3(d) �p/j , B�L�NÈ�6�n:‡�Î�Ð�µ�ˆAïL��0K0 , L€�f DeGNN

,´�Ø*6�x)· . �j��	w00+¿�ˆ�Ø�W7- , BEICSR �l�? [25] (
. 5(e)) 
X>|�µ�E�• bitmap 3R�E, L}�~�¶�P5�3R�E�@�\ ,

�¦
X DeGNN �]�…)à�*8Ÿ�­,´	»5Y)·�>Aï�ˆ�x)· . 'f6< , B��l�?G÷+X
*�Ê�7(w�W�?,´ in-place �ˆ�ØAîAÑ, �m1Ñ�9

�Y�¾AïL��)U€�>�¦>|�É�• , �v
XM’�)�=
<�rL$00+¿�6�3�=
w�& , M0�E�•�WGÿpadding, FP�@0ªL$#šCi, �z�a�¶�¤�ƒ

,´�ˆ�Ø�Y+X)· . �:F L�NÈ>˜�> , )à�900+¿�l�?
X�Ø�1F2�Ä�W�>5��´&¥#k�W�éM’�ý�ˆ
X�pL€ , �ÏM0AîAÑ�0/ý�_�18�

F2�Ä�7(w�>Q��x@�.1,´�à
»00+¿�ˆ�Ø�é�x , ���$�9�x�_�Á DeGNN ,´Q��x�Ø*6M0"r .

.¢�,�e�7M6"x . .œ�&�rM’�õN«�j�à
»�—>| Q
»�>00+¿�ˆ�Ø�é�x���Ë�_�1 . �0�éM’ , �æ�´M0?±�§�7&¥#k,´� 

�žD��´�>B3�Ö�j�f , ��F2G}�$�§�æ�´�â
¼�W,´�—>| Q
» , �þ6<Q��x=½
8!»��AÑ1Ç�>D��r(©�±Gý+X . 
��0�éM’ , F�

M0J¸�)�à
»00+¿�l�?AîAÑQ��x,´5F.1�>@�.1�j�f , �¯�¦7-�O
X�rL$00+¿�Ö�Ø�1
�	F�&�ý�
�13W���ˆ�Ø�>�~�0K0

AïL� . 
��9
X�—>| Q
»�>�ˆ�Ø�l�?�T�Z�rM’�Î)à	•
<�H	F , .œ�&�}7-�u�6Gú�n DeGNN �]00+¿�W�>!»���j�f,´
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%Œ�Ë, �¦%�Cã 3D-CIM �æ�´�;,´Q��x�Ø*6M0"r .

3 AôA×�ï#��¸F&

3.1 	Á5_�r�EF?���DAôA×�ï#�

�j�9�x�Y+X$!�Ö GNN �Ø*6E÷0;�]8²&é(©�±�>Fë�Õ.�Le,´�=
<00+¿(©�W , �\�·���*�¶���2	F	»5Y�é�x .

�§�ƒ6<@0, OÆ�xJ¸�)Fë�Õ.�Le A, G÷+X	ü�}
.00+¿>˜/j (dual-bitmap sparse representation, DBSR) 5��´ . �²


. 5(b) �p/j , DBSR OÆ�x�600+¿.�Le�9 block size �B�6 , +a�T2« bitmap 4ô�@: block presence bitmap +X�¾�7Aà!ÿ

>|�]���Ë block 
[�9MŽM&�l , in-block position bitmap +X�¾Aà�…!ÿ�ZMŽM&block �µG�MŽM&�s3P�p
X�G,´�}5ž . 
X

B�5��´�] , �õ�) block presence bitmap �7Aà�j “1” ,´�9�x block, �ˆ�Ø�¦�)�Ä,´ in-block position bitmap 	úMŽM&

value array. ��
. 5(a) �],´ 4×8 00+¿.�Le�j�» , �¦�]1\ 1 >|>Û�B�6�j�T�Z block, block presence bitmap �7Aà1\

�0�Z block 
[�9MŽM&�l . �)�Ä,´ in-block position bitmap Aà�…B�block �µMŽM&�s3P,´�}5ž, �»�²9�B� block ,´1\

2 
¼1\ 3 �G�jMŽM&, �I bitmap -(�Ä�}5ž�7 “1”. MŽM&�l�9'—
‡Nª�¿�Í!Q�ˆ�Ø
X values �] , �
Añ@�.1�&
��9
‡�9

�¿�’�= . !”�F , block presence bitmap �Œ�j block-level valid mask, �_�1�J>|�¦>|@�.1 , ��	w6Š
8Lf!å�V�í�Y+X)· ,

�¦�ÿ�A�Ç�‰Aï�ˆ�0K0 .

-("��{�; , �P5� CSC �l�? [34] �²
. 5(c) �p/j , M0�ˆ�Ø column ptr, row idx 
¼ value �9G��6 . 
X�±�Ö00+¿
j�Ÿ

�; (00+¿�Ö0.01%∼5%), �»�²
X 4×8 Fë�Õ.�Le�õ	5
[ 1 �ZMŽM&�s3P�&, CSR M0?±�ˆ�Ø 5 �Z column ptr (!ÿ�Z	•

+X2 bits, 	£ log2 4), 1 �Z col idx (	•+X 3 bits, 	£ log2 8), ��	ú�)�Ä,´ value. �kAÑ, CSC +X�¾�ˆ�Ø
.5��´,´�0K0�j

13 bits (5 × 2 + 3). -("��{�; , DBSR �õM0�ˆ�Ø 1 �Z 2 bits ,´ row index, 1 �Z 2 bits ,´ block presence bitmap,

1 �Z 4 bits ,´ in-block position bitmap, ��	ú�)�Ä,´ value, 
.5��´G��6�k�0K0�j 8 bits (2 + 2 + 4). 
�!” , DBSR

,´
.5��´�ˆ�Ø�0K0�õ�j CSC ,´ 61.54%, �n:‡L}�~�¶3R�E�ˆ�Ø�@�\ . F	>˜�> , DBSR FJE÷	ü�r bitmap 5��´F¯�}�¶

�) row idx ,´�n�?�ˆ�Ø , 
X�±1�00+¿.�Le
j�Ÿ�;�…)à�*�$Q�,´�ˆ�Ø�x)·�>.œ�&@�.1	û�­�W . �l�Ç�0��,´�_ , DBSR

5��´�Ö
��Ä+X�¾>|	»5Y , -(E³�¾�P5� CSR �l�? [35], 
<�g�§�78Ÿ�­,´�ˆ�Ø�x)·�>@�.1�W7- .

!”�F , J¸�)8²&é(©�± X, �\�·�OH¤ MEGA �]�6 BEICSR �|�•�? bitmap �> value �6/ë�ˆ�Ø,´AîAÑ�M�# , ��

�*�¶ bitmap-value �6/ë,´00+¿�ˆ�Ø�é�x . �²
. 5(e) �p/j , �P5� BEICSR �6 bitmap �>MŽM&�l�9
*�Ê�7(w�W�?

in-place �ˆ�Ø , <­
��
Añ�µ�ˆ�)U€�>�¦>|�É�• , �v
X00+¿�Ö�Ø�1
�	F�& , �j%�Cã�)U€?±"rM0�E�•�WGÿ padding, �,

8$�ˆ�Ø0ªL$#šCi .

�j@��ã�:F L�NÈ , �\�é�xG÷+X�²
. 5(f) �p/j,´ BSR (block sparse representation) �6/ë�ˆ�Ø5��´ , �6 bitmap

�> value �6/ë�ˆ�n : bitmap Aà�…MŽM&(©�±,´�}5ž3R�E, value array Nª�¿�ˆ�ØMŽM&�l. F	/ýAîAÑ�V�•�¶�9�éM’�­�4 .

OÆ�x, F¯�}�¶ BEICSR 
*�Ê	5K¯5��´�V�•,´ padding 0ªL$#šCi, (©�[F2+X�¾$!�Ö GNN �]L$(©�±00+¿�Ö�Ø�1
�

	F
j�Ÿ . �¦!Q , �6/ë�ˆ�Ø5��´1°	F�¶@�.1FkEÁ , �=M0?±�=�r,´�)U€�> zero-skipping �×�f , �C�¾
X.œ�&�]�Î)àQ��x

pipeline @�.1. 1\�9 , MŽM&�l�9burst length Nª�¿F�5��Â�G�ˆ�Ø , ��	w�¶ DRAM Aï�ˆ�V�í�Y+X)·�>�¤�ƒ�ˆ�Ø�x)· .

5�
8Fë�Õ.�Le A ,´ DBSR 	»5Y�>8²&é(©�± X ,´ BSR �6/ë�ˆ�Ø�é�x , �\AîAÑ
X 3D-CIM �æ�´�;�Î)à�¶�)$!�Ö

GNN �Ø*6�]6Š
8�>4ô
8Lf!å00+¿�W,´Q��x�_�1 .

!”�F , >˜ 1 �)"��¶)à�9�¨
»00+¿�l�? (CSR/CSC, BEICSR) �>�\�·���*,´ DBSR, BSR ,´F2+X�)B‘�>�W7-

(©�± , �…/j�¶�p���é�x
X3R�E�x)·�Ã�µ�ˆ�Y+X)·�>00+¿F2G}�W�éM’,´�n:‡�H�ï .

3.2 �æ
Á�•>‚ W
Á

<­'f 3D �6
�F��µ�ˆAÑ1Ç�æ�´FJE÷�6�4*6	…�s (PE) 3WFëG�5¢�¾DRAM bank, 
X�\
`� �žAïL��&F�
¼�V�í

�Y+X)·�éM’�…)à�*�n:‡�H�ï , �v
X$!�Ö
./Ž4ÿ5•5��Ø*6�] , �¦�W7-%Œ�Ë�ý
��`
.� �ž�\DÛ,´00+¿�W�>�=?ô�I�W

�pL€�f . �§�ƒ6<@0, 8²&é(©�±�>
.5��´�°�°D�Cº�J�Z vault �ˆ�Ø , (©�[�_
X6Š
8Lf!åNÁ4q@�
�F�0;L¿�jAï�ˆ , �UGý

�z�a�¶F�� �ž�4*6�æ�´,´�\
`�W�H�ï , �@�j�f4Ö3+5��¤�ƒ�ÐFO�x)·,´�£K^+&N¸ .



L¼�c�_1• �c
30��œ : ���¥0��œ 2026 �ª 1b 56 	­ 1b 6 �U 1337

>ž 1 06+Å�Ž�Þ�r�E
^�~)½�DF8+^�]�ïM˜,º"
E¹ .

Table 1 Comparison of sparse storage formats in terms of efficiency and applicability.

Format Compressed target
Effective

sparsity range
Indexing efficiency

Padding overhead

elimination

Adaptability to

sparsity

CSR/CSC Adjacency Ultra-sparse (<5%) 7 3 7

BEICSR [25] Feature Moderate (20%∼50%) 3 7 7

BSR (this work) Feature Mid-to-dense (10%∼60%) 3 3 3

DBSR (this work) Adjacency Ultra- to moderate-sparse (<50%) 33 3 33

�j�Ä�) DeGNN �Ø*6E÷0;�]4ô
8�Ã6Š
8�>!»���P�Ý1y�ý�Œ
XAÑ1Ç Q�?�>� �ž�ÍC†(©�W�:,´���2 , �A�����*

�¶�0/ýM’
A 3D-CIM �æ�´,´�9Lf!å�—>| Q
» , �²
. 4(c) �p/j . B� Q
»�6�Ø*6#q0;�B�6�j4ô
8 (combination)�Ã�]

L$6Š
8 (intermediate aggregation) 
¼!»��3_�Ð (residual accumulation) 3 �ZLf!å , �¦FJE÷@�6V	F,´� �žFJD�Aî

AÑ�Ã00+¿�O.�B3�Ö�j�f�>D� -vault �]L$5��Ì	•B31†+• , �Î)à�)� �ž�=+X�W�ÃAï�ˆ�pG��W�>�¦>|AÑ1Ç�x)·,´3+5�4×

�H	F .


XB� Q
»�] , 3+5��u�663<•(©�±�>5��´,´00+¿(©�± , G÷+X���2	F,´	»5Y�l�?�>AÑ1Ç1†+•����	w�¤�ƒ,´� �ž

�4*6�x)·�>Ct$À�Y+X)· . �§�ƒ6<@0, 8²&é(©�±.�Le X G÷+X
‡00+¿>|(block sparse row, BSR) �l�?	»5Y , �n�?Aà�…

MŽM&(©�±
‡,´>|3R�E���Ÿ , G}
8�9>|�ˆ#� (row-wise product)  Q�? , 7-�OD#E÷M&�l�)�Ä,´�Ç�‰Aï�ˆ�>AÑ1Ç , �þ$À

�d�:?ôF¯���x�ý�Œ , �’�@B3M&�H	F(zero-skipping) �j�f ; Fë�Õ.�Le A �IG÷+X	ü�}
.00+¿>˜/j (dual-bitmap sparse

representation, DBSR), FJE÷�T4×�}
.�6�[�7Aö#kCó�G
¼�G�µMŽM&�s3P, �¬N®Q�	»5Y"��>Q��x3R�E@�.17-�Ë , F2

G}�¾5��´00+¿�DAïL�D��´�=?ô�I,´6Š
8
j�Ÿ .


X4ô
8Lf!å , 3+5��Í�ž BSR �l�?�]Aà�…,´MŽM&
‡3R�E , F@>|@��À	»5Y
>,´8²&é(©�±, +O�@�)�Ä,´�sGý3R�E

�¦B3�Ö8#-��7AÑ1ÇD��´ . L¿
>G÷+X�9>|�ˆ#��é�? , �õ�)	5
[MŽM&
‡,´(©�±>|
�C§�sGýAï�ˆ�>�ˆ�ÐF�1Ç , �þ6<F@>|

+O�@8²&é�|�•
AGÿ XW . B�Lf!åFJE÷00+¿3R�E�Î)àB3M&�H	F�j�f (zero-skipping), �9�xF¯�}�¤.�Le@�	»�>M&�l

�ˆ�Ð�ý�Œ , 
XL}�~�Ç�‰AÑ1Ç�>Aï�ˆ�V�í�0K0,´
<�& , ��	w(w�:� �žD��´,´�Y+X)·�>�¤�ƒ7-�x .

�]L$6Š
8Lf!å�&5��¶4ô
8Lf!å,´00+¿�O.��—>|1†+• . 3+5���4ô
8Lf!åF@>|+O�@,´�|�•
AGÿ XW �jEÃ�• , 5�


800+¿Fë�Õ.�Le A �—>|D�Fë�u,´(©�±6Š
8�ý�Œ . �Í�ˆ DBSR �l�?���Ë,´�G3R�E�>�G�µ#kCó>|���Ÿ , 3+5�
�
X� 

�ž�ÐE­�>AÑ1ÇE÷0;�]Q��x?ôF¯���xD��´ , F��0!•�Ð�jB3M&�H	F�x�Ì . 
XB�Lf!å , 3+5�G÷+X�F0�(outer-product) �é

�?�´�*6Š
8D��´ , �) A ,´!ÿ�0�G�> XW �]�)�Ä>|
AGÿ�—>|�ˆ#�F�1Ç , +O�@�J�ZG��6
¼ (partial sum) �]L$
AGÿ .

�jF2G} 3D-CIM �] vault �\
`5C�ˆ�éGÿ�9L€,´4Ö�• , 3+5��=�
+‰�¼�¤,´�]L$.�Le5��Ì , 6<�_�6�¦�9>|�7�6�j
�B3

�Ö,´�]L$
AGÿ , �¦
X
>5�Lf!å&¥#k�PEÃ8#-��7 vault, 5C@�(w�:	»�Ë�¦��	w5C�ˆ�Y+X)·�>B3�Ö&¥#k�W .

F��•!»��3_�ÐLf!å
> , 3+5��Í�ž-��78²&é,´�6�3���Ÿ , �6�:F �]L$
AGÿ4ÿ+aD� -vault � �žD��´�PEÃ8#-(�Ä

AÑ1Ç	…�s, �¦�>�}�0�r,´	Ï�û8²&é(©�±
<!•�—>|F@�s3P�Ð#��ý�Œ , �¼�@6Š
85��Ì�>!»��D��´,´=½
8�$�à . B�Lf!å

=½
8�¶F�0;6Š
8�>!»��F��Õ�T�Z�£K^E÷0; , �=�õ��Q��¶� �ž�=+X�x)· , 
<�&��	w�¶6Š
8�>!»��AÑ1Ç,´�¦>|�W , �n

:‡5C@��¶Aï�ˆ+&N¸�)3+5��W7-,´�f4Ö . �04ø, =½
8
>,´8²&é(©�±
AGÿFJE÷	»5Y5F.1 Q
‡Gý�à5F.1�j BSR �l�?�¦

�É
��\
` bank, �Œ�j�;�0�r�Ø*6AÑ1Ç,´Q��xEÃ�• .

M0?±B$�>,´�_, �9Lf!å Q
»�Œ�j�0/ýFJ+X,´�—>|�íB‘ , �¦�=�ÍC†�¾(©�Ê,´!»��5��´ . 
X#u�r GNN �] , Residual

Accumulation Lf!åF0	F�j�õ�)6Š
85��ÌF�>|(©�±3_�Ð�>�É
� ; 6<
XG÷+XConcatenation [31] �F Jumping Knowl-

edge [37] 1yD��r(©�±=½
8�j�f,´ Q
»�] , B�Lf!å�Ö
��™�…�j
�G}5ž,´(©�±=½
8	…�s (�²�,�Õ�F�Ð�s6Š
8 ), ���
�1

5��0,´� �ž#q�>�—>|1Ñ4ï .

3.3 Nº�:*<
ÂCUE³�<Gƒ1Œ+›

DeGNN 
X�9Lf!å�—>| Q
»�;M0?±
<�&�4*6�Ø�100+¿(©�±
¼D��r!»��F��Õ , �¦AÑ1Ç�>Aï�ˆ,´COE­
x)à�*Q�

�Ö�=
w>‘
¼D� -vault FJ��NÁ4q,´L�NÈ . �²�Ì�=�Ð���H	F , �0�’,´ PE �J�@�j�W7-+&N¸ , 6<NÁ4q,´D�-vault � �žD�
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+a�I�JFP�@�n:‡,´�V�í#šCi . 
�!” , �A��
X�Ø*6�}�E�•E«Gÿ4×,´N´�4*6�>COE­�6G}1†+• , -��7�_
X�=�E�•�=�r/ë

4ïGý�Â�¿,´�}���; , FJE÷5��´�O.��>	»5Y�O.�,´�6�À , 
XN¦&é�` PE ,´�P�4�]�Î)àCOE­
w>‘�Ã�pG��W��	w�>D��r

!»��	û�­�W . 
XN´�4*6Lf!å , OÆ�xM0?±�jN¦&é�{L$�*0û5��´�â
¼�Ö , ���ÿ�A!»��Lf!å,´D� -vault "w6ŠFJ�� . �h?ñ

,´�ÖGÿ�é�?	5���*�¾Fë�uLö
8,´ Jaccard -(�l�Ö [38]:

AffJacc(u, v) =
|N(u) ∩N(v)|
|N(u) ∪N(v)|

(3)

��	ú5�
8 DBSR 	»5Y5��´,´�Ð�s Jaccard �ÖGÿ. Aî B �j�p�9
‡3R�E , pu,b >˜/jN¦&é u 
X
‡ b �],´�9�x�}5ž�  ,

�I�9

AffDBSR(u, v) =

∑
b∈B min(pu,b, pv,b)∑
b∈B max(pu,b, pv,b)

. (4)


X�ÎLu�Î)à�] , �â
¼�ÖAÑ1Ç�õJ¸�)�¡�Û
‡,´N¦&é , ��F¯�}�˜
.�T�T"�E³,´Q��=�r�Ö . �*�¾B�00+¿AÑ1Ç�é�?,

�A���j!ÿ�ZN¦&é i �´�*KJ&éLö
8 Si, FJE÷3_0��¦
X�¡�Û
‡�:,´�â
¼�Ö , �04ø�
+‰ top-m �Z�0-(�£,´Fë�u , ��Eµ�Ù


>5��P�4�ã1† .

L¿
>, �A���Y+X	»5Y�O.�5�AÑGÿ�* Q
4Lf!å,´�9�x���ŒGÿ . �§�ƒ6<@0, �Ê�y nnzb X[i] >˜/j BSR �l�?�;N¦&é

i (©�±
AGÿ,´MŽM&
‡� , POP[i] >˜/j�> i -(�£,´ DBSR 
‡,´ in-block popcount �k
¼ , Brow[i] >˜/j DBSR �]>| i ,´

#kCó
‡�  . �A���ž!”�Ê�y�£K^�Ö :

Key[i] = w1 · nnzb X[i] + w2 · POP[i] + w3 · Brow[i], (5)

�¦���¦�Œ�jN¦&é,´Gý?±�W�Â�¿�7�7 .


X�P�4Lf!å , N¦&éOÆ�x�9�£K^�ÖL}�¿�Â�G, �¦FJE÷�0�Z5$�Ô
4 PE �ƒ�}COE­,´�H�xLO�GF�>|B3�Ö . �)�¾N¦&é

i, �A���H�xF9��COE­�0E«,´ PE; 9��J�Z�IF9 PE ,´���ŒGÿ�ÕF� , �IF��0!•�Y+XKJ&éLö Si �],´�â
¼�Ö�Œ�j�pG�

�W�T�ž , �6�¦�6G}�`�>�¦Q��â
¼Fë�u-(
<,´ vault, �þ6<L}�~D� -vault FJ�� . 
X�¼�@�6G}
>, !ÿ�Z PE �µG�F�M0�)

N¦&éNª�¿F�>|Gý�Â, ����	w	»5Y
‡,´F�5��W
¼0±
�AïL��x)· , �h+X�é#�	5���*�¾
‡,´ Hilbert �"4ï�FCZ�ó�?,´F�

5�
‡K.D��H	F .

�:F E÷0;,´�h�ó!•PÔ�²1Ç#� 1 �p/j . �þAÑ1Ç�=�r�Ö@��Ö�6�À, N´�4*6�>�P�4E÷0;,´�k�ƒ�0K0F��l4ï�W . �k?±

!•PÔ	5�� : (1) �)00+¿5��´,´F}	¶�>5�AÑ , �=�r�Ö�j O(E) (�¦�] E �jMŽM&Eé�FMŽM&
‡� Gÿ); (2) N¦&é�£K^�ÖAÑ1Ç

�>�Â�¿ , �=�r�Ö�j O(V log V ) (V �jN¦&é�  ); (3) �*�¾�H�xLO�G,´COE­B3�Ö�>�pG�Gý�Â, �=�r�Ö4Ö�j O(V logP )

(P �j�4*6	…�s� Gÿ ). 5,
8
��Ç�k�ƒ�=�r�Ö�j O(E+V log V ). 
X�¨
»
./Ž4ÿ5•5�� �žLö�] , E �> V FJ�h
x4ï�W

�£3+ (�£
w�Ö�
�1�h� 4×�[ ), 
�!”B�N´�4*6#q0;,´�k�ƒ�=�r�ÖF��lL¿
.?ô Q4ï�W�ÎK¯ .

1Í#� 1 Compression-aware pre-processing with affinity-guided mapping.

Input: DBSR-form adjacency matrix A, BSR-form feature matrix X, number of PEs P ;

Procedure: Pre-processing and mapping steps;

Output: (1) Vertex-to-vault/PE mapping table, (2) partitioned adjacency A and features X, (3) reordering tables for block-contiguous

access;

1: Compute compression-aware statistics for each vertex: nnzb X[i], POP[i], Brow[i];

2: Build sparse affinity anchors Si using block co-occurrence;

3: Compute vertex key Key[i] and sort vertices in descending order;

4: for each vertex i in order do

5: Select candidate PEs with minimal projected workload;

6: Choose p⋆ maximizing locality
∑

v∈S(p) Aff(i, v);

7: Assign i to p⋆ and update workload L(p⋆);

8: end for

9: for each PE p do

10: Reorder assigned vertices to maximize block contiguity;

11: end for
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!”�F , B�N´�4*6!•PÔ�õ
XAÝ4ó�F�Ø*6�}�—>|�0!Q , �D5��Ì
�
X
4�rL$�=+X , 
�!”�¦�0K0
�
X�J�r5•5��]
w�z .


X�T�r GCN  Q
»�] , N´�4*6Lf!å�õ	•1��`1��—>|�&L$,´4Ö 2.56%∼3.62%, �D
X�$$!,´ DeGNN �]�6F��0!•�;L}

(B�?ñ1\ 5.2 �?8²�¤�ƒ�W7-Aô�` ). +a!”
�?ñ , �p���*,´1†+•
X�
�1E«Gÿ���',´
<�& , �n:‡��	w�¶COE­�6G}�>�µ�ˆ

AïL��x)· , �þ6<
X#u�r GNN �]�Î)à�W7-��	w , �¦
X$!�r Q
»�]9ç�Ç�$Q�,´�ÐFO�f,ú .

4 G3DMA ,º.¢�,AôA×�D�Ô)æ

4.1 DRAM �x�ì�ºAôA×

�¤�Z DRAM �r,´�ˆ�Ø0ªL$>Û�B�6�j�J�Z vault, ���Î�j�µ�ˆAïL��¦>|�W�¦L}�~� �ž�PEÃ�&F� . �²
. 6(a) �p

/j , !ÿ�Z vault 	5���0�Z+a�T�Z bank 4ô�@,´ bank 4ô�Ã�0�Z vault �×�f�˜�Ã�0�Z�µ�ˆ�+
p�˜ (content addressable

memory, CAM), ��	ú�T�ZAÑ1Ç�E�þ (computation engine, CE). bank +X�¾�ˆ�ØAÑ1Ç�pM0� �ž; vault �×�f�˜COCS

D� -vault ,´� �žAïL�B3�Ö ; CAM +X�¾(©�±00+¿
j�Ÿ�;�sGý	ò� ,´��FO	iG}�>Gý+X , ����	w� �žAïL��x)· ; AÑ1Ç

�E�þ�I�—>|4ô
8�>6Š
8�ý�Œ .

A×1Í�K�� . �²
. 6(b) �p/j , !ÿ�ZAÑ1Ç�E�þ+a�×�f�˜�Ã
��Z5C�â	j (	5�� DBSR 5C�â	j , BSR 5C�â	j , �öLö5C

�â	j
¼EÃ�*5C�â	j ), 9ç
��˜�>�6
��˜ (fetcher and dispatcher), @�.1�˜�>5F.1�˜ (decoder and encoder), ��	ú%ð#k

�-�  Q
‡ (activator) 4ô�@.


X4ô
8Lf!å�] , �×�f�˜OÆ�x�Y+X�JD��=+X�˜�þ BSR 5C�â	jF9FJ	»5Y(©�±� �ž , �¦�6�¦�ÐE­8#@�.1�˜ , ���_

�1
>5�,´@�.1�4*6 (!•PÔ 1). 8²&é(©�± X >Û�ÐE­8#PE ,´�ô�ˆ�˜,´
<�& , @�.1�˜�i�ž BSR �],´ bitmap +O�@�>

(©�±�)�Ä,´�sGý3R�E , �¦�6B�3R�E�PFB8#9ç
��˜�>�6
��˜ Q
‡ (!•PÔ 2). L¿
>, 9ç
��˜�>�6
��˜�i�žEÃ�•,´�sGý

3R�E�þ�ˆ�Ø�]B3
��> X �)�Ä,´�sGý.�Le W , �¦�6�¦F1�• PE; PE FJE÷>|0�,´�é�?�—>|AÑ1Ç, �Ç�`8²&é,´�|�•>˜

/j XW (!•PÔ 3). �04ø, 8²&é�|�•>˜/j XW 4ÿ+aEÃ�*5C�â	j�É
�8#�\
` bank, �FFJE÷TSVs �PEÃ8#�¦�� vault

���_�1D��6	jAÑ1Ç (!•PÔ 4).


X�]L$6Š
8Lf!å , �>4ô
8Lf!å,´�k?±	j�[�ƒ)à
X!•PÔ 1 �> 3. 
X!•PÔ 1 �] , �×�f�˜FJE÷�JD��=+X�˜�þ DBSR

5C�â	j�ÐE­	»5Y
>,´Fë�Õ.�Le A, +X�¾
>5�,´@�.1�>6Š
8�ý�Œ . 
X!•PÔ 3 �] , Fë�Õ.�Le A �>8²&é�|�•>˜/j XW


X PE �]�—>|�F0�F�1Ç .


X!»��3_�ÐLf!å , Fë�Õ.�Le A �>8²&é�|�•>˜/j XW �F0�+O�@,´�]L$.�Le�J�9>|�ö@��j
AGÿ , �¦�6
�8#�)

�Ä,´AÑ1Ç�E�þ�] . L¿
>, F	�Ë
AGÿ�6�>�:�0�r,´8²&é(©�±�0
<F�>|3_�Ð , 8²&é(æ�1�$�àE÷0;�]=½
8!»��F��Õ�j

�f , �þ6<�9�x5C@� DeGNN �],´E÷�£%�L�NÈ . 3_�Ð5��Ì4ÿ+a%ð#k�-�  Q
‡F�>|MŽ4ï�W
��’ , �Ç�`�;�0�r,´8²&é(©

�±
AGÿ (!•PÔ 5). �04ø, F	�Ë(©�±
AGÿ�6>ÛF1�•5F.1�˜ , 	»5Y�j BSR �l�? (!•PÔ 6), �¦FJE÷EÃ�*5C�â	j�É
�8#�\


` bank, �F4ÿ+a TSVs �PEÃ8#�¦�� vault, �_�1�;�0�rD��6	j,´
>5�AÑ1Ç .

@�.7�ž . 
. 6(c) �…/j�¶�A���pAîAÑ,´@�.1�˜5��´ . B�@�.1�˜
�
<�&�_�1 DBSR �> BSR �T/ý00+¿�l�? , �Î

)à�)Fë�Õ.�Le�>8²&é(©�±,´5��0@�.1�4*6 .


X�) DBSR �l�?� �žF�>|@�.1�& , @�.1�˜OÆ�xFJE÷
‡B+
��˜��
� Block Presence Bitmap, ��.ž�Ê-��7�G�]


4�Z�9�x
‡,´�}5ž ; 
<�& , �6 In-Block Position Bitmap �ÐE­8# Bitmap �ô�ˆ�˜ , �j
>5�
‡�µ3R�E,´+O�@���Ë�}5ž

���Ÿ (!•PÔ 1). L¿
>, @�.1�˜�6 In-Block Position Bitmap EÃ�•8# BitIndex AÑ�  Q
‡ , �)�ƒ�}
‡�µ,´MŽM&�}5žF�

>|�}503_�Ð5F.1 , ���>.ž!ÿ�ZMŽM&�s3P
X
‡�µ,´�•0+�}5ž . �»�² , 9�EÃ�•,´ Bitmap �j “1011”, �I BitIndex  Q
‡

�6�¦Eœ�’�j “1123” (!•PÔ 2). �Õ-p , 3+5��6	Ï�û Bitmap �>B�3_�Ð5��Ì�—>|F@�}�>�ý�Œ , �þ6<+O�@�)�Ä8²&é�|�•

>˜/j XW ,´�9�x3R�E . �»�² , “1011” �> “1123” F�>|�>�ý�Œ
>�Ç�` “1023” (!•PÔ 3). �04ø, 9ç
��˜�>�6
��˜�i�ž

@�.1+O�@,´
‡3R�E(!•PÔ 4) 
¼
‡�µ3R�E (!•PÔ 5), ��
�-(�Ä,´8²&é�|�•>˜/j XW , �¦�6�¦�6
�8#�)�Ä,´ PE �]

���¼�@AÑ1Ç.

�)�¾ BSR �l�?,´@�.1E÷0; , �> DBSR 2«�l , �_�0	j�[
X�¾��M0�—>| Block Presence Bitmap ,´B+
��ý�Œ .

�:*<	‹�y . �4*6	…�s,´AîAÑ�²
. 6(d) �p/j , �¦�]Lö�@�¶ 3 �Z�ô�ˆ�˜�Ã 2 �Z@��=+X�˜ (demultiplexers)�Ã1 �Z�ˆ
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4 6 (5‡5�(~�Ÿ
4 ) G3DMA ,º�ì�º�D W
•AôA×/p�E
4 . (a) DRAM �x,º5	�º�q?þ ; (b) A×1Í�K��AôA×; (c) 	Á5_�¦�¤@�.7
�ž ; (d) �:*<	‹�y (PE); (e) Basic �x,º5	�º�q?þ .

Figure 6 (Color online) G3DMA architecture and module design. (a) Overview of DRAM die design; (b) design of the computation
engine; (c) decoder for compressed data; (d) processing element (PE); (e) overview of basic die design.

#��˜
¼ 1 �Z�Ð#��˜ , +X�¾�_�1�]L$5��Ì,´�ˆ�Ø�ÃD�+aB3�Ö�>�ˆ�Ð (multiply-accumulate, MAC) �ý�Œ. �jF2�Ä�A��

���*,´ GNN AÑ1Ç Q
»
X4ô
8Lf!å�Ã�]L$6Š
8Lf!å�>!»��3_�ÐLf!å�],´�2�´AÑ1ÇM0"r , .œ�&5��´�]�E�•�¶@��=

+X�˜ , ���Î)à�ˆ#��>�Ð#��ý�Œ,´@�6V , �þ6<&¥#k�_�1�=
<AÑ1ÇD��´�;,´F�1ÇB3�Ö .

4.2 Basic �x�ì�ºAôA×

�²
. 6(e) �p/j , !ÿ�Z vault ,´FkEÁ�r
w+aD�+a�˜ (router)�Ã�µ�ˆ�×�f�˜�> vault �˜�p5C�â	j4ô�@ , 5��´5��0 ,

��
�)�0û�¼�@�\
`B'"r,´@��À�>B3�Ö , �•�_�1�>�¦�� vault L$,´� �ž�Ô�Â�>	•
<FJ�� , ���_�Á4ô
8Lf!å�Ã�]L$6Š


8Lf!å�>!»��3_�ÐLf!å,´D��6	jAÑ1Ç�+�Ñ .


X4ô
8Lf!å , FkEÁ�rM0�i�ž@�.1�˜+O�@,´3R�EAïL��)�Ä,´�sGý
AGÿ . 9��sGý� �ž�}�¾�\
`5C�â	j , �I�µ�ˆ�×

�f�˜-$�ÕB3
��¦4ÿ+aD�+a�˜F1�•AÑ1Ç�E�þ ; 9��pM0�sGý�=
X�\
` , 3+5��I�J
�C§F�0;B'"r , +a-��7 vault F�
�5�

�Ì���¼�@D��6	j�ÐE­ . 
X!”E÷0;�] , �×�f�˜M05$�Ô�0�PM‰�1,´	ò� �P�4>˜ , +X�¾�7Aö�sGý�>vault ,´�)�Ä�£3+ , ��

.ž�
3R�EAïL�,´!“.ž�W�>Q��x�W . 
X�—>|�]L$6Š
8Lf!å�& , 9�8²&é�|�•>˜/j� �ž�}�¾�\
`5C�â	j , �I�µ�ˆ�×�f�˜

-$�ÕB3
��¦4ÿ+aD�+a�˜F1�•AÑ1Ç�E�þ ; 9��=
X�\
` , 3+5��I�J
�C§F�0;B'"r , +a-��7 vault F�
�5��Ì���¼�@D��6

	j�ÐE­ .

�]L$6Š
8Lf!å,´Aï�ˆFkEÁ�>4ô
8Lf!å2«�l , �v�ý�Œ�)B‘�þ�sGý
AGÿ�7�’�j8²&é�|�•>˜/j XW . 9� XW �"

P«+‰�¾�\
`5C�â	j , �µ�ˆ�×�f�˜	£
��a
`B3�Ö8#AÑ1Ç�E�þ ; 
V�I , M0	•B3�¦�� vault ���Ë-(�Ä� �ž , �Î)à8²&é(©�±


X�J�Z vault L$,´�)U€�>�¤
8 , ���_�Á6Š
8F�1Ç .


X!»��3_�ÐLf!å , !”�&+O�@,´G��6�|�•
AGÿM0D� -vault "w�k . 3+5��0�éM’M0�6�\
`�]L$5��Ì�PF18#�¦��

vault, 
��0�éM’�•?±�Õ�f�•8��¦�� vault ,´�]L$
AGÿ , �¦�6�¦D�+a8# DRAM �r,´-��7AÑ1Ç	…�s�] . �j!” , �×�f�˜

5$�Ô�¶(©�±
AGÿ�> bank ,´M‰�1�P�4�£3+ , 
<�&Aà�…MŽ�\
`(©�±,´�6�3���Ÿ , �þ6<�
LÌ
X6Š
8�>!»��3_�ÐLf!å,´

FJ���9�¿F�>| .
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>ž 2 
:0�
4�¦�¤Lü .

Table 2 Various graph datasets.

Cora (CR) Citeseer (CS) PubMed (PB) NELL (NL) Reddit (RD)

#Vertices 2708 3327 19717 65755 232965

#Edges 10556 9104 88648 266144 114615892

#Features 1433 3703 500 61278 602

#Classes 7 6 3 186 41

#Average degree 3.893 2.736 4.496 4.047 491.988

>ž 3 G3DMA �c DRAM �x
^"��` bank group ,º.¢�,Gƒ5¤ .

Table 3 Hardware configurations of each bank group in G3DMA’s DRAM die.

Component Params Specs Area (mm2) Power (mW)

On-chip Buffer Size 6 kB 0.0143 2.83

Process Element Num 16 0.1268 36.52

Others – – 0.0186 3.64

5 �ÔPÂ�D5	�Ò

5.1 �ÔPÂGƒ5¤

 W
Á�D�¦�¤LüAô5¤ . �jP¼Añ�p���*�v�æ,´FJ+X�W�>�9�x�W , �\�·F9
� 3 /ý�§�9��>˜�W,´
./Ž4ÿ5•5� Q
»F�

>|Aô�` , 	5�� GCN [12], GIN [13] 
¼ GraphSAGE [14], �¦
X 5 �Z�¯#��¯+X,´�*�ö� �žLö�:�0�…�ÎP¼ , �§�ƒ	5�� Cora

(CR) [28], Citeseer (CS) [29], PubMed (PB) [30], Reddit (RD) [31] 
¼ NELL (NL) [39] (�²>˜ 2 �p/j ). �:F � �žLö#å

-��E�·5•5��Ã.�Aö
.Ba�>/n�Ô5•5�1y�=
<2«
» , �§�9�¯#�,´5��´�J�g�W�>?ô Q���2�W , �j�˜M’Aô�`3+5�
X�=
<
.

5��´�;,´�Ø*6�x)·�>F2�Ä7-�Ë���Ë�¶�*.p .

�§�ƒ6<@0, Cora, Citeseer �> PubMed 
w�j�7�ö�E�·5•5� , 8²&é>˜/j�–�_Aê�· , Eé>˜/j�E+X�£3+ , �¤�ƒ
.5��´

E³�j00+¿ , 2«�[� GÿF2�] , �h+X�¾8²&é�62«�+�Ñ,´�*.p�W7-P¼Añ ; NELL �•$À�¾5•N¥�í
��´�*,´.�Aö
.Ba , 8²&é


¼Eé2«
»�`�ü , 5��´�2CX�W�j , F2
8Aô�` Q
»
X�2�´
.)ß�³�;,´>˜Eî7-�Ë ; Reddit �j�W?ô Q/n�Ô5•5� , 8²&é>˜/j

+X�g, Eé��>˜AôAê�Ô�Â, 
.�ö�ÖE³Q� , F2+X�¾63�� Q
»
X�W
.
j�Ÿ�;,´
��™�…�W�>3+5�COE­7-�Ë . F	�Ë� �žLö
X

5��´�Ž�W�Ã?ô Q�r4×�>�Ä+X
j�Ÿ�éM’
4�§(©�± , �j$!�•Aô�`�p���v�æ
X DeGNN �Ø*6�],´�W7->˜)à�>R±���W��

�Ë�¶�u�6�_�Á .

.¢�,Aô5¤ . �>�ƒ�}�k#qG÷+X 3D-stacked memory architecture ,´�ÐFO�˜AîAÑ�
�1�08$ , G3DMA G÷+X+a1 �Z

FkEÁ�r (basic die) �> 8 �Z
²-$�6
�,´�ˆ�Ø�r (DRAM dies) 4ô�@,´ memory cube �æ�´ . �j��	w�¦>|AïL��x)·�>

�µG��V�í�Y+X)· , �¤�Z�ˆ�Ø0û�é�ƒ>Û�B�6�j 16 �Z
²-$�6	j (vault), !ÿ�Z vault 	5
[�•8��=
< DRAM �r,´�ˆ�Ø

Ct$À, �¦FJE÷ TSVs �>�ÅG� basic die �*0ûQ�FOF��ÕFJFƒ, �þ6<�Î)àD��r4×,´� �ž�PEÃ .


X�ˆ�Ø4ô4÷�éM’ , !ÿ�Z DRAM die >ÛF��0!•�B�6�j�J�Z banks, !ÿ�r	5
[�T�Z banks, !ÿ�Z bank ,´�éGÿ�j

16 MB. 
�!” , �¤�Z memory cube �¡	5
[ 8 (DRAM dies) × 2 (banks per die) × 16 (vaults) = 512 �Z banks, �k�ˆ

�Ø�éGÿEî�` 8 GB. F	/ýQ��Ö�¦>|,´�ˆ�Ø5��´
X���Ë�W�V�íAïL�7-�Ë,´
<�& , �•�_�1&¥#k,´� �žB3�Ö�>Q��x,´L¿

�jAïL� , MŽ�hF2
8
./Ž4ÿ5•5��]�W?ô QFë�Õ(©�±�ù
�
¼00+¿3R�EAïL�1yAÑ1Ç
j�Ÿ .


XAÑ1Ç	…�sG�5¢�:, �A��
X!ÿ�Z bank �ñ
wG}5ž�0�ZAÑ1Ç�E�þ, !ÿ�Z�E�þ�µLö�@ 16 �Z PE, �D!ÿ�Z PE �Î

)à�0�Z�_�1 FP32 2î�Ö,´�ˆ�Ð	…�s (MAC). !”�F , !ÿ�ZAÑ1Ç�E�þG}�7,´ DBSR Buffer �> BSR Buffer �éGÿ
w�j

1 kB, 6< Dense Buffer �> Output Buffer ,´�éGÿ
w�j 2 kB, ���¬N®�=
<00+¿�Ö�>� �ž�ö�Ö�;,´Q��x(©�±�ˆ
�M0

"r . 
X basic die �] , Global Buffer ,´�éGÿ�j 128 kB. �ˆ�Ø�r (DRAM die) �>FkEÁ�r (basic die) ,´�§�ƒ.œ�&G}5ž

B�?ñ>˜ 3 
¼ 4.
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>ž 4 G3DMA �c Basic �x,º.¢�,Gƒ5¤ .

Table 4 Hardware configurations in G3DMA’s basic die.

Component Params Specs Area (mm2) Power (mW)

On-chip Buffer Size 128 kB 0.3682 48.86

Others – – 0.0226 3.82

�04õAô5¤. �j�˜M’Aô�` G3DMA ,´�W7-�>7-�x , �\�·F9
��¶FJ+X
./Ž4ÿ5•5��v�æ	ú�J!nQ��W7-�C+X�ÐFO�˜

�Œ�j�)"��)B‘ , ��.ž�
Aô#{5��Ì�§�9��>˜�W�>�J5$�Ö?¶-� . OÆ�x, 
XFJ+X�v�æ�éM’, F9+X�¶�*�¾ PyTorch ,´
./Ž

4ÿ5•5��Ã PyTorch Geometric (PyG) [40], B��v�æ�¯#��Ä+X�¾
./Ž4ÿ5•5�,´AÝ4ó�>�Ø*6�+�Ñ . �ÎP¼
XF�>| Linux 3+

5�,´���Œ1	�:F�>| , �£
 G}5ž	5��	üD� Intel Xeon E5-2680 v4 �4*6�˜�> NVIDIA Tesla V100 GPU, �¦�6�[#{B�

PyG 
X CPU (PyG CPU) �> GPU (PyG GPU) �:,´�Î)à�W7- , �Œ�j�> G3DMA �)"�,´FJ+X�*�ö .

�¦!Q , 
X�C+X.œ�&�éM’, �\�·F9
��¶�ƒ�}�§�9��>˜�W,´
./Ž4ÿ5•5��ÐFO�˜ HyGCN [41], GCIM [26], GCNim [27]

�> SGCN [25] �Œ�j�)"��)B‘ . F	�Ë�ÐFO�˜
X�ƒ3+5��´�Ã� �ž#q�H	F	ú�ˆ�Ø1Ñ*61y�éM’G÷+X�¶�J/ý�xF��°�_ , ?¶-�

�¶�=
<AîAÑ�MD��>�H	F1†+• . FJE÷�>�:F �v�æ	ú�ÐFO�˜,´�W7-�>7-�x�)"� , 
����˜M’P¼Añ G3DMA -(E³�¾)à�9

@��ã�é�x,´�H�ï�>F2+X�W .

)å�¹Aô5¤ . �j�¶�ö.žAô�` G3DMA ,´�W7-�>�Ï6G , �\�·G÷+X Verilog HDL F�>|AîAÑ, �¦�Y+X Synopsys Design

Compiler 
X TSMC 28 nm �7�ö	…�s�Ã�;�¼�@5,
8 , ���ŒNÁ)·Aî�Ê�j 1 GHz. �ˆ�Ø�>�ÂF�G��6�I�*�¾ CACTI-

3DD [42] �* Q , #å-� 3D �6
� DRAM�Ã(w�:�ˆ�Ø	…�s�Ã�ÂF�FJD���	úFkEÁ�r , �þ6<9ç�Ç2î.ž,´M’0��Ã�Ï6G�>�&�&

�`AÑ. !”�F , �\�·F�>|�¶
˜�O2î.ž,´�ƒ3+5��´4×�/-O , 
X5��0,´ DRAM �V�í4Ö�•�; , �) G3DMA �>�J/ý�)"��Ð

FO�˜,´�Þ�ƒ3+5��´>|�jF�>|�¶�6�À , ��9ç�Ç�—>|
˜�O
¼�W7-7-�x,´�˜M’Aô�` .

�j.ž�
�=
<�ÐFO�˜L$�)"�,´�œ�£�W , �\�·�)�£K^.œ�&�>AÑ1ÇCt$ÀF�>|�¶�7�ö	F�4*6 . OÆ�x, �p�9�ÐFO�˜
wG}

5ž-(
<,´ HBM �ˆ�Ø�Ã(w�:5C�â	j�W�?�>5C�ˆ�j�f . �¦!Q , �)"��*4ï,´AÑ1ÇCt$À?ô Q�>�4*6	…�sM’0��> G3DMA

�
�1�08$ , 	5�� 3D �6
��æ�´ (�² GCIM [26] 
¼ GCNim [27]) ��	ú�2�´�ÐFO�˜ (�² HyGCN [41] 
¼ SGCN [25]). �0


> , �p�91Ç�_F�1Ç
w�‚�0	F�j BitOPs, ���
Añ�=
<�ÐFO�˜L$,´�W7-Aô�`�§�9
�"��W . FJE÷�:F �7�ö	FAî5ž , 
���

�ö.ž	ý�P G3DMA 
X$'
82î�ÖGÿ	F�;�p�V�•,´�W7-��	w�>7-�x�H�ï .

5.2 �ª�‰�]73Aú�f

�,F��D�ÖFU"
 . 
. 7(a) �…/j�¶ G3DMA �> PyG 
X CPU �> GPU �£
 �:,´�—>|�&L$�)"� . �ÎP¼5��Ì>˜�> ,


X GNN �+�Ñ�] , G3DMA -(E³�¾ PyG-CPU �> PyG-GPU �6�[�Î)à�¶�£
w 6007.41× �> 106.28× ,´�ÐFO, �k?±�Ç

,ú�¾�¦F��µ�ˆAÑ1Ç�æ�´ , 6<
.� �ž,´00+¿�WL€�f�¶ GPU 
X�Ø*6E÷0;�],´�¦>|�x)· . 
. 7(b) 5	�*�¶ G3DMA �>

�J!n�*�¾ 3D �6
��ˆ�Ø�æ�´,´�C+X�ÐFO�˜,´"�E³5��Ì . -(E³�¾ HyGCN [41], GCIM [26], GCNim [27] �> SGCN [25],

G3DMA �6�[�Î)à�¶ 26.27×, 11.93×, 1.46× �> 2.42× ,´�ÐFO. F	�0�H�ï�k?±�•$À�¾�p���*,´	»5Y�l�?�>�9Lf!å

�—>| Q
»: Fë�Õ.�LeG÷+XDBSR >˜/j , 8²&é(©�±G÷+XBSR >˜/j , �¦5�
8M&�lD#E÷�>00+¿�O.�B3�Ö�j�f , �þ6<��

	w�¶Aï�ˆ�pG��W�>�V�í�Y+X)· , �¦�ÿ�A�Ç�‰AÑ1Ç�>� �ž�\0+ .

736M. 
. 7(c) 
¼ (d) 5	�*�¶�=
<3+5��>�ÐFO�˜
X
4� �žLö�:,´�‚�0	F7-6G�)"� . 
X5��0,´ DRAM �V�í�>

(w�:�ˆ�ØG}5ž�; , �ÎP¼5��Ì�n/j G3DMA ,´7-6G�n:‡�~�¾�)"��é�x , >˜�>�¦
X7-�x�éM’�§�9�>�n�H�ï . F	�0�i

�´�k?±�Ç,ú�¾���;�j�f : (i) Fë�Õ.�LeG÷+XDBSR >˜/j�Ã8²&é(©�±G÷+X BSR >˜/j , ��	w	»5Y)·�>3R�E /@�.1�x)· ,

�þ6<L}�~ DRAM AïL�NÁ!Q�>� �ž�\0+�0K0 ; (ii) �9Lf!å�—>| Q
»F¯�}�]L$5��Ì,´�˜Gÿ(™	F , FJE÷�9>|�7�6,´�]

L$
AGÿ
Xvault L$�9M0�PEÃ, �ÿ�A(w�: /(w�F�É
� ; (iii) 00+¿�O.�B3�Ö�>M&�lD#E÷�j�f
X4ô
8�>6Š
8Lf!åD#E÷��

�xAï�ˆ�>�ˆ�Ð , ��	w�V�í�Y+X)·�¦L}�~�Ø�17-6G ; (iv) �*�¾ bitmap-value �6/ë,´ BSR AîAÑ�ÿ�A00+¿�Ö
�	F
j�Ÿ

�;,´ padding �0K0, �¯MŽM&�l7-�O��F�5�0±
��é�?B+�É , F��0!•L}�~AïL�7-6G .

�,L*�<@� . 
. 7(e) �…/j�¶ G3DMA ,´�—>|�&L$�´�@ , 5��Ì�n/jN´�4*6�&L$�õ	• 2 �r GCN  Q
»�k�—>|�&L$

,´ 2.56%∼3.62%, �¦L¿5•5��r� �Î�ÐF��0!•�;L} , >˜�>N´�4*6�0K0
��-+• . 6Š
8�>4ô
8Lf!å�´�@�k?±F�>|�&L$ ,



L¼�c�_1• �c
30��œ : ���¥0��œ 2026 �ª 1b 56 	­ 1b 6 �U 1343


4 7 (5‡5�(~�Ÿ
4 ) (a) G3DMA �D CPU, GPU ,º�•>‚�,L*�/"
 ; (b) G3DMA �D�¬���ÖFU�ž,º�•>‚�,L*�/"
 ;

(c) G3DMA �D CPU, GPU ,º736M�/"
 ; (d) G3DMA �D�¬���ÖFU�ž,º736M�/"
 ; (e) G3DMA ,º�•>‚�,L*�<@� ;

(f) G3DMA ,º736M�<@�.
Figure 7 (Color online) (a) Execution time comparison of G3DMA with CPU and GPU; (b) execution time comparison of G3DMA
with other accelerators; (c) energy consumption comparison of G3DMA with CPU and GPU; (d) energy consumption comparison of
G3DMA with other accelerators; (e) execution time breakdown of G3DMA; (f) energy breakdown of G3DMA.


4 8 (5‡5�(~�Ÿ
4 ) (a) 
:2±	Á5_�r�E
^�C
B06+Å�Ü�A,º	Á5_�~�Ò�/"
 ; (b) �C
B�ÖFU�ž
^ GIN �D GraphSAGE  W
Á�@,º
�ÖFU�]73�/"
 ; (c)  W
Á�x�¦�/�]73,º�…�U�]�<�Æ .

Figure 8 (Color online) (a) Compression of different formats under varying sparsity; (b) speedup of accelerators on GIN and
GraphSAGE; (c) sensitivity to the number of layers.

�¦�]6Š
8Lf!å
X�W?ô Q
.�:	•"��$Q� , 	Ï
�
X�¾�¦��Fë�u(©�±�ÐE­�>3_�Ð�j�k , 
�L€�¾Aï�ˆ�V�í ; 6<4ô
8Lf!å�—

>|0P�öF�1Ç, � �ž�pG��W�>�=+X)·�$Q� , �&L$	•"�
�!”-(�)E³�~ .

736M�<@�. 
. 7(f) F��0!•5	�*�¶7-6G�´�@ . �6�À>˜�> , �??ô Q
.�]M‰�1�Ï6G
¼ SRAM AïL�	•"�E³Q� ; L¿-p


.?ô Q�Î�W , �ÂF��0K0F@$@�Î�Ð, �,8$�4*6	…�sG��6
X�k7-6G�],´"��»�;L} .

M˜0%. >˜ 3 �> 4 5	�*�¶ DRAM �r�> Basic �r,´M’0��6�3�õ�å . �ÎP¼5��Ì>˜�> , !ÿ�Z DRAM die ,´�4*64ô�&

M’0��õ�j 0.1597 mm2, 	• bank group M’0�,´ 16%, �0K0�±�? . �p�9FkEÁ�r4ô�&,´�kM’0��j 15.1704 mm2, 	•�*.p

�rM’0�,´ 12.04%. +a!”
�?ñ , G3DMA 
X6Š
8FkEÁ�>�*.p�r�™�…�éM’�Î)à�¶�n:‡,´(w�:M’0��H	F , �¦�6NÍ�F�0K0

�9�x�×�f
X 10%∼30% ,´AîAÑN´1Ç93
$�µ, �þ6<�
Añ�¶�¤�ƒ�æ�´,´
��™�…�W .

5.3 �…�U�].J0¬

	Á5_�r�E�/�]73,º�§�� . �]L$(©�±,´00+¿�W�k?±$À�¾%ð#k�-�  ReLU ,´�Œ+X, �¦EÃ�*�6�3FJ�h�,8$(©�±00

+¿�Ö5$�1
X 40%∼70%. �þ
. 8(a) 
���?ò���` , 
XF	�000+¿�Ö	jL$�µ , BSR �l�?�…)à�*�0�£,´	»5Y�x�Ì , �9�x�£

>‘�¶�ˆ�Ø�0K0�>3R�E�0K0 . -("��{�; , 
.,´Fë�Õ.�LeFJ�h
x)à�$Q�,´00+¿�W , 00+¿�Ö�žF}�~�¾ 5%. 
XB�
j�Ÿ�; ,

DBSR �l�?-(E³�¾�P5�,´ CSR �l�?>˜)à�*�$�H,´	»5Y�x)· , �$�ÐF2G}5��´00+¿�W0±�*,´Fë�Õ.�Le�ˆ�ØM0"r .

GNN 
��‰�/�]73,º�§�� . 
. 8(b) �)"��¶ G3DMA 
X�T/ý GCN 
��ƒ GIN �> GraphSAGE �:,´�W7->˜)à , �¼
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65G÷+X�¶�=
<,´6Š
81†+• . GIN 	ëL”�¶Eé�s , 
XL}�~Fë�Õ.�Le�ˆ�Ø�0K0,´
<�& , �Î�Ð�¶�)(©�±AÑ1Ç,´�ÍC† . +a�¾

G3DMA 7-�O�9�x�ÿ�A(©�±.�Le,´Aï�ˆ�0K0 , 
�!”
X GIN �:>˜)à�*�$�n:‡,´�ÐFO�H�ï . -("��{�; , GraphSAGE

FJE÷EéG÷�gL}�~�9�xEé�  , �þ6<�ÿ�AAÑ1Ç�0K0�>� �ž�\0+ . 'f6< , B��é#��,8$AÑ1ÇCt$À�Y+X)·�=Cã, �¤�ƒ�ÐFO�x

�Ì-(�)�9L€ .

�x�¦�/�]73,º�§�� . 
. 8(c) �…/j�¶ HyGCN, GCIM, GCNim �> G3DMA 
X 28∼112 �r GCN �: , �¯+X CR,

CS �> PB � �žLö�&,´���…�£
w�ÐFO"� . �ÎP¼5��Ì>˜�> , G3DMA 
X�p�9$!�Ö�;
w�
�1�0Q�,´�ÐFO�W7- , �DL¿-p

 Q
»$!�Ö,´�Î�Ð , �¦�H�ï�8�Ð�n:‡ . �l�Ç#��?,´�_ , 	£�ï�>�CL�J¸�) DeGNN �H	F,´ SGCN -("� , G3DMA �ý>˜

)à�*�$�H,´�ÐFO�x�Ì .

6 -.�©���’

6.1 
4/”5�5‡5��ÖFU�ž

F��¤�• , L¿-p
./Ž4ÿ5•5�
X/n�Ô5•5��6�À�Ã�Ø9€3+5��Ã+O(™���Ÿ�–1yN¶��,´�¯#��Ä+X , �¦
XAÑ1ÇCt$À�Ã�ˆ�Ø�V

�í 
¼ �— >| �x )· �é M’ ,´ �A �H �� ,ú 0± �* . �j �Ä �) F	 �Ë �A �H , .D 0¦ 65 �� 4ç 4ç �� �* �¶ �J /ý �C +X .œ �& �Ð FO

�˜ [25∼27,41,43∼48], ���Î)à�) GNN �Ø*6E÷0;,´Q��x�ÐFO .

HyGCN [41] �_E³���O���*,´�0/ý�2�´
./Ž4ÿ5•5��ÐFO�˜ , �¦AîAÑ*6�%
X�¾�6 GNN �Ø*6#q0;�],´6Š
8

(aggregation) �>4ô
8 (combination) �T�ZLf!å�6/ë�¦)�0û�H	F . �§�ƒ6<@0, HyGCN 
X.œ�&�rM’�6�[�jF	�T�Z

Lf!å�´�*�C+XAÑ1Ç	…�s , �þ6<��	w!ÿ�ZLf!å,´�—>|�x)· . 'f6< , +a�¾6Š
8Lf!å�>4ô
8Lf!å
XAÑ1Ç�ö�Ö�>Aï�ˆ Q

�?�:�ˆ
X�n:‡���2 , B�1†+•
X�—>|E÷0;�]�é�C�,8$���ŒCOE­�=
w>‘ , F�6<�¡
ý�¤�ƒ3+5�,´
N
@)·�>Ct$À�Y+X)· .

�j@��ã�:F L�NÈ , SGCN [25] ���*�¶�0/ýM’
A$!�Ö GNN ,´�2�´�ÐFO�v�æ , FJE÷
X.œ�&�]=½
8(©�±	»5Y (�²00+¿

5F.1) �>00+¿.�Le�ˆ�ý�Œ , �9�x�ÿ�A�¶���xAÑ1Ç�>�Ç�‰Aï�ˆ . 
XB��æ�´�] , 00+¿�W�=�õ>Û+X�¾	»5Y(©�±�>5��´� 

�ž , F�>Û+X�¾�E�,AÑ1Ç�>� �ž#q,´�H	F , �þ6<�n:‡��	w�—>|�x)·�>7-�x"� , �T�¦F2+X�¾�r� E³$!,´
./Ž4ÿ5•5� .

MEGA [48] �I�E�•�¶�0/ý�*�¾8²&é�Ö� ,´$'
82î�ÖGÿ	F�j�f , FJE÷�Ø�1B3�¤�=
<8²&é,´(©�±2î�Ö , �Î)à�¶�)�~�Ö

8²&éG÷+X�~"�(©�í>˜/j�Ã6<�)Q��Ö8²&é�
�1Q�2î�Ö>˜/j,´1†+• . F	/ý “�Ö�O.� ” ,´Gÿ	F�é#����u�6�Y+X�¶
.5��´

,´5�AÑ(©�W, 	ø�9�xL}�~�¶�ˆ�ØM0"r
¼AÑ1ÇCOE­ , 
X�
�1 Q
»2î�Ö,´
<�&�n:‡��	w�¶�Ø*6FO�Ö�>.œ�&Ct$À�Y+X

�x)· .

!”�F , GCIM [26], GCNim [27] �> Lift [43] 1y�03+�G�ÐFO�˜F��0!•�Ò3R�¶�*�¾ 3D �6
��ˆ�Ø,´ GNN AÑ1Ç�é�x.

B�2«�æ�´FJE÷�6AÑ1Ç	…�sLö�@�¾Q��V�í�6
��ˆ�Ø�{�] , �ƒ.d�¶�P5��ß · B*�Í�, (Neumann) �æ�´�;�ˆ�Ø�>AÑ1Ç�6

/ë�p�,8$,´+&N¸ , 7-�O�Î)àQ��¦
��Ã�~�&F�,´� �žAïL��>�4*6 . �¦�] , GCIM ���*�¶�O.�
.5��´,´�P�4�j�f���H

	FAï�ˆ�pG��W , GCNim J¸�)6Š
8D��´F�>|�š�Í���ÿ�A� �ž0+�Ø�0K0 , 6< Lift �I5�
8�¶COE­
w>‘�>�P�41†+• , FJ

E÷
XFkEÁ�r�>�ˆ�Ø�r�{L$	•
<�H	F , F��0!•Gú�n�¶ 3D-CIM �æ�´,´%Œ�Ë.

6.2 F��¦�¤�:*<�ì�º

F��¤�• , L¿-p
./Ž4ÿ5•5��Ã$!�Ö�–�•
¼�W?ô Q
.�4*6�+�Ñ�)� �žAïL��x)·���*�$Q�?±"r , F�� �ž�4*6 (near-

data processing, NDP) �æ�´
��¦
X�W7-�>7-�x�éM’,´�H�ï , �"�@�jQ��W7-AÑ1Ç3+5�AîAÑ,´Gý?±�é
A. �¦���*6ü

�Ÿ$À�¾K¯�O�ˆ
X,´ “�µ�ˆ�É ” L�NÈ, 	£�4*6�˜AÑ1Ç7-�Ë�ÎK¯FO�ÖF����¾�µ�ˆ�V�í,´��	w , �,8$� �ž�PEÃ�&F�F@$@

�@�j3+5�+&N¸. �j5C@�B�.�-. , � �ž�]�óAÑ1Ç (data-centric computing, DCC) 93�?>Û���* , �¦�h�ó�M�#�_
XM•F�

�ˆ�Ø,´�}5žG�5¢AÑ1ÇFkEÁ, ���ÿ�A� �ž�\0+�0K0 . DCC 93�?�k?±+a�µ�ˆ�]AÑ1Ç (processing-in-memory, PIM) �>

F��µ�ˆ�4*6 (near-memory processing, NMP) �T2«�æ�´�_�Á , �"�¯#��Ä+X�¾
.AÑ1Ç [44, 49,50]�Ã$!�Ö�–�•1yQ��V�í


j�Ÿ .

)à�9 NDP �æ�´�k?±
��9AÑ1ÇFkEÁ,´Lö�@�}5ž�B�6�j�92« . 1\�02«�jFkEÁ�r NDP (logic-die NDP) [26, 27,43],

B�2«�æ�´�Í�ˆ 3D �6
� DRAM (�² HMC �> HBM), �6AÑ1Ç	…�sLö�@�¾�ÅG�FkEÁ�r, �¦FJE÷.uFJ�„ (TSV) �>�:



L¼�c�_1• �c
30��œ : ���¥0��œ 2026 �ª 1b 56 	­ 1b 6 �U 1345

�r�ˆ�Ø	…�s�Î)àQ��V�í�Ã�~�&F�,´� �ž�Ô�Â . B��é�?7-�O
X�
�1Q��¦
�AïL�7-�Ë,´
<�& , �n:‡�ÿ�A�P5��4*6�˜

�>�µ�ˆL$,´� �ž�PEÃCO�õ . �"�9�JN©
./Ž4ÿ5•5��ÐFO�˜G÷+X!”2«5��´ , ����	wFë�Õ�£3+�4*6�>(©�±6Š
8,´�x)· .

1\�¼2«�j DIMM-buffer NDP [51], F2+X�¾�v+XDDR DRAM, AÑ1ÇFkEÁLö�@�¾DIMM  Q4ô,´5C�â8ß(w�] . B�

2«�æ�´7-�O
X� �žF��•�k�j�µ�ˆFJFƒ�} , �¼�@�M!•,´� �ž6Š
8�>N´�4*6 , �þ6<5C@��k4ï�V�í	»�Ë , �¦��	w�¤�ƒ3+

5�,´� �ž�PEÃ�x)· .

1\�92«�j DRAM-bank 4× NDP [52], G÷+X�$4ö2Â�Ö,´Lö�@�é�?, �6�4*6FkEÁG�5¢�¾DRAM ,´ Bank 4×+J8#

�€Le�G�µG� , G��6AîAÑF��0!•�6AÑ1Ç	…�sM•F��F�|�•�O�Ä�n�W�˜ (sense amplifier). B��æ�´�Î)à�¶�$3W6V
8,´�ˆ

1Ç	•
< , �¦�§�78Ÿ�­,´
��™�…�W�>�Õ
��¬�é�W . F��¤�• , �0�Ë%ðF��é�x���*�*�¾ In-DRAM Computation ,´FkEÁ

F�1Ç�j�f , 
�
X DRAM �µG�-$�Õ�—>|�}F�1Ç , F��0!•L}�~�Ç�‰� �ž�\0+�V�•,´�W7-
¼7-�x�•6G .

7 5	Að

�\�·���*�¶ G3DMA, �0/ý�*�¾ 3D-CIM �æ�´,´Q��W7- GNN �ÐFO�˜, ��
XQ��x�_�1$!�Ö
./Ž4ÿ5•5�,´�Ø*6

AÑ1Ç. �\�·,´�K�à�k?±�ƒ)à
X�T�Z�éM’ : �0�_���*�¶���2	F,´00+¿>˜/j�é#� , J¸�)Fë�Õ.�Le�>8²&é(©�±G÷+XQ��x

	»5Y�l�? , �n:‡��	w�¶�ˆ�Ø�>Aï�ˆ�x)· , �9�x5C@��¶ DRAM �V�í	»�Ë�>� �ž�\0+�0K0 ; �¼�_AîAÑ�¶�à
»,´�9Lf

!å�—>| Q
» , 5�
800+¿�O.�B3�Ö�>M&�lD#E÷�j�f , 
XF¯�}�Ç�‰AÑ1Ç
¼�É
�,´
<�& , ��	w�¶Aï�ˆ�pG��W�>�¤�ƒ7-�x .

�ÎP¼5��Ì>˜�> , �>)à�9�xF�3+5�
¼�C+X�ÐFO�˜-("� , G3DMA 
X�W7-�>7-�x�éM’
w
��Ç�¶�n:‡��	w . F	�Ë5��ÌP¼

Añ�¶ G3DMA 
X DeGNN �Ø*6�],´
��™�…�W�>Q��x�W .
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Abstract Three-dimensional compute-in-memory (3D-CIM) architectures, with their high bandwidth and strong

parallelism, provide significant opportunities for accelerating graph neural network (GNN) inference. However, existing

3D-CIM accelerators still face two major challenges when handling deep graph neural networks (DeGNNs): (1) insufficient

support for layer-wise sparsity, where zero values lead to redundant memory accesses and ineffective computations, resulting

in reduced bandwidth utilization and increased latency; and (2) lack of native support for cross-layer residual dependencies,

where frequent data movement incurs additional storage and communication overhead, further exacerbating inference

latency. To address these issues, we propose G3DMA, a high-efficiency 3D-CIM accelerator designed through hardware-

software co-optimization for DeGNN inference. For sparse encoding, G3DMA employs differentiated compression: adjacency

matrices are stored using Dual-Bitmap Sparse Representation (DBSR), while node features adopt a bitmap-value separated

Block Sparse Representation (BSR), significantly reducing DRAM access overhead while improving compression ratio

and indexing efficiency. At the execution level, we design a three-stage model—“combination-intermediate aggregation-

residual accumulation”—augmented with sparsity-aware scheduling and zero-skipping, thereby avoiding full materialization

of intermediate results and reducing ineffective computations. At the hardware level, G3DMA integrates lightweight compute

arrays and dedicated codec units in the near-memory logic layer, efficiently supporting DBSR/BSR processing and block-

wise memory accesses; it further implements a three-stage dataflow with pipelined control, residual-friendly accumulation

paths, and low-overhead cross-vault routing. Experimental results demonstrate that G3DMA achieves speedups of 6007.41×
and 106.28× over advanced CPU and GPU platforms, respectively. Compared with the latest state-of-the-art (SOTA)

accelerators—HyGCN, GCIM, GCNim, and SGCN—G3DMA delivers 26.27×, 11.93×, 1.46×, and 2.42× performance

improvements, respectively, and consistently outperforms SOTA designs in both performance and energy efficiency.

Keywords deep graph neural network, hardware accelerator, inference acceleration, sparse compression, 3D compute-in-

memory architecture


