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-®&Gy&ée.D ANB (©6' : 2024YFB4504200) Y-8 'f0 —*H (©6"' :62472183) Ct UN©-

A ?5* Z »Ax1i (3D compute-in-memory, 3D-CIM) i°#UQ \6Dp ->,] , p4/"5515 (graph
neural network, GNN) p*< OFU N ¥H ?-pF} .'I6B ,)ae ? 3D-CIM OFU 7/ :*<$' U 4/"5 515 (deep graph
neural network, DeGNN) , M"jZiM"GN  : (1) /FFx06+AL5p...Q ~e7 , M, r28*°{«A6ZD ~Ax
1iL6 ?20Fu, FVF\6 _+)%ALfF-OOF ;(2) /D xIA$OCES5p ... O+Ue 7, NC4w | o b01\>NO L Z b
DFP 6K6,F 6bOeb*< F . pl§, b% 0Q73~° 3D-CIM OFU 7 G3DMA, FPEYE¥.C, ... BOQ)a/
DeGNN °Q ~e7 . "06+A5L.7iM™, Gy+*"$8L A5 : Fi U. Lk p+* f 406+A>z/p (DBSR), 8,&i( -Gy
+A bitmap-value </fi,°+06+A>2/p (BSR), » Q A5 )% D3X K ~)¥%°B, tisLf , DRAM AGLS$ 6K6 " e
> WAIM™ | ABAX“40 > — cL*6e> —1A$3e O” ?LIEpl ,5 >06+AU.BOUDM, D)Ey, FufcL*s O
ZHT = G ~Ax1i . M¢,IM™ |, G3DMA AF ZFQEC xLii FExH Ax1ILk M D I+5L.@ .7<y ,Q ~e7
DBSR/BSR *<D?+A67Z ; B,O)ee ?LII& ! aFPD% D#W'jY1 , = NIA$ 3,°3e OD% ° DD —vault ,,
6K6D%+g OPA5 O>7z D G3DMA "PO GNN WAD=1{!oLi@-E! CPU D GPU <aO)a 6007.41x A
106.28x °OFU. -.E16 e, SOTA OFU 7 HyGCN, GCIM, GCNim D SGCN <a O)ae 26.27x, 11.93x, 1.46x
A242x °]73 } |, =773~ @ t:sC»CA)e ?i ~

©KdB $'U4/5515 | .¢,0FUZ , b*< OFU 06+A A5, ?5* Z »Ax1ii°

1 K@6

80 /Z4y5%5  (convolutional neural network, CNN) k?+ 4*6IW GUC Z , »205%-\¢ G 1) v, v5% .
y 23 vX@ B#MZIW GUC ZéM "XpLE . +aEéVwN!&E46 @, . _0/y h?A, MZIW GUC 25 |, §

K+ArE : LY1Y , P-, #E |, 1y. OlyM A$! O ./Z4y55 @*6,Q 7-x95$6 & BFO~ . ]1-0 - : YO - 2026, 56: 1330-1347,
doi: 10.1360/SSI-2025-0381
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9%, >"Ei7-E . j0£.dF 0+&N, , *1./Z4y55 (graph neural network, GNN) GEj CNNM ~ f Y
+X828ELS, FE O £3+ —«|«>7[j . O X828E62« B0 A ON'# T 1@9€3+5 [B~10 1y+N] H2W
7-,GNN " @ | .>7j—e, ki#q é#

GNN Iy OrANICFIh5 6584068 T ZLfla . X6S 8Lfla , 828¢ fLOFE u82&é, (© + AGY , F # (IFé
O.LeFFe O>"F} 1 ; X408Lfl& , FJhFJE+JrO. j  (multilayer perceptron, MLP) F! /Z4y5¢55
YO +F>|$a , iB'j. Le ~ AGY~. F TZLfld..)a*Zf=<Ai"Q? : 6S 8LfIA .5 "00+¢ W >
=20 1Wjy ,AI"Q?6“DLI N# ;6<408Lfl4, . LeANICE3j?61 ,Ai"Q?2-()9¢ .Fly=08%W
“P5 CPU > GPU & L1 -N® T2«MO0"r , T! 6S8Lfla, =26 IAi~ C ,8$AN1C &F :w>7-6G 1D ,
F+@@TC+X GNN BDFO~, .DO! .

Le-p A+XjY 1012 gJg ) GNN,>Ei7-E A& FW>ANICW7- *1$Q2+'r . .D0!65 *1
Jy GNN [ [3~U1 ' F@$@ B$!55 r  w*Q7-E C'fe<, fr E<$1& |, 82&é>7C» ¥, 08$, *)aE+
£% (over-smoothing) 1% )aB‘, "C462A 0 YRalzaQ»T[E . SC@E+£%, "9¢é# k?+6jT

2« 02«FJE+Eel» F O (residual connection) '8l 1y5 “WiF 1] Y#q@ . 02«FJE+AIAN OGY 7
7 40+AY46. '] ,1» F OX$!r5 "Ixint , @j$' O ./24y5e5 118191 "‘Gy?+AIAN MD.

'f6< , DeGNN X @*6E+0; ] )AN1CCt$SA A~ @ éGy > Vi, MO"r $j9 k ,.e &DFOLTON:tTD . 3D 6

U~ (3D-stacked memory) %) FJE+ XDRAM 6 ]LO @FKEAr , Ef+Q, Vi>!> 0 , % C& DeGNN
@*6M0"r Ef4a, jFw . m1N"9J/y 95% " pANIC (3D compute-in-memory, 3D-CIM) 2/ BFO~> GNN C
+X.02 &21:22] v X$! 155 jY; ¥y~ X I EM =Ca : 0éM’, 3 Z7-uBY+X$!r5 " JF@$@1j,” |L$
00+¢, W ,83 WGYM& 1" Dy E , V+C %ANLIC >7-6G#3Gi 0éM’ , G 6 é x<- Y+X f00+¢, W, aiCtNIF,
=20 IAi"DE-3RE>©+ , TDAI"0KO L}~V iY+X)- F L X _1l» FO&°°ICtIL$5 1,

GYE >GyB+ ™MW (w: @MO'r!D— DRAM Vi»E . I” )a9éx5j+0/y7-0<&-N®00+¢ O. A
Ai"0->» Qx_1/50HFva )

J):F  DeGNN X$!r5 " ; x+0,” C %AN1C D0+, Ai " ~x (l» _ 1 =CalyL NE L\ *qOoKy*
%3D-CIM &', Q7-xDFO~ G3DMA. FJE-EY.ce & « <ATANG3DMA u6 UY95$6 ~@ (3D stacked
memory) XV i¥!>| O éM, Hi . XEY &M’ A J,)2CX00+¢, W * 2F>7jjf :F& 0. LeG++X (i
}.00+¢>7/f  (dual-bitmap sparse representation, DBSR), UGY3R E -N® »5Y)->@ .1 x)- ; 82&€é(© % IG++X
bitmap-value 6/&8,” $00+¢>"/j  (block sparse representation, BSR), #,L">UC %o WV iY+X)- . X7
p:, AAANTOLIA—>|Q» (468 - ]L$6S8 —1» 3 D ), |5 800+, O.B3O>M& ID#E+jf , F }
IL$5 1, "Gy(™ F Ay A(w : JWFE | !9xD#E+ xAi">"DyE Ic# 2 ,B—|Q?=06
w 100+¢ANIC x), F7-O X.e &]8'F_11» F O , p6<Tj DeGNN X$!r5 ;" ™ W . X.e&r
M’, G3DMA L6 @E«Gy4xAN1C >5F@ .1,.Qsx_1 DBSR > BSR, !>|4*6 , !X!"{:%.0e &M’ E-
oLfla—>| Q» , NAT)EY &jf,Q x_A>EY.ce&+*<HF . A XJZ GNN Q»¥k#q. zLO:

) G3DMA F>|TA8" , IP¥%5 1>"> | >)a9é#-(" , G3DMA X @*6 &F Y7-6G éM'w C n:tl}~

\-k?+CQ)"2;

o * 2F00+¢>71>Q x™ jf :F& 0. LeG++X 1}.00+¢>7j (DBSR), 828€(© +G++Xitmap-value
6/6,” BSR, X W»5Y)->3RE /@ .1x), <& , miL}~ DRAMAIL > z\0+0KO , p6<9x wVi
Y+X)- .

o AIAN OLfI& —>| Q » G100+¢, O. HFjf : A */ “468 — ]L$6S8 —1» 3. B 7 —>|Q», F }
JL$5 1, "GY(™F , FJE+ 9OMOPEA>>[4x76yAW: /WFE . <&,5 800+¢ O.B3 0O >M& IDHE+|f |
9 x?0F XxAi">"DyE PF,.e&])» F O,8'F_1F Ole wI$!r DeGNN [, ™ W>
7-X .

e * G3DMA @ : 0/y*¥% 3D-CIM,Q7-xDFO~ , X DRAM F xLd @E«Gy4xAN1C >5F@ .1 .,. s
Q x_1 DBSR > BSRO0+¢1? , ! X.e&rM E- “468 - ]L$6S8 —1» 3_ D 7 —>|Q». BAIANX w
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Residual Connection

MLP
Sk i XA
i ReLU
@ H-d-+ = @ F
a5t =sh |
i Activation

Combination

H
8§
§
3
3

aﬂ\f {fﬁ
SO O]
NN

Combination Phase

() (b) (©)

41 (515(~Y4 ) DeGNN b*</pA. (a) 45° ; (b) GCN b*<°Z'LlIi&¢ ; (c) 8,& V5 ,° DeGNN b*</pA .
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+¢ANIC X):, <& ,8'F_1l» F O | p6<1j$lr DeGNN, ™  W>7-x .
e NA!3+5A0°  G3DMA: XJly GNN Q»>*9 7L6: , G3DMA -(" CPU > GPU 1)a6[9¢
C 6007.41x > 106.28x ,” DFO; -(" HyGCN, GCIM, GCNim > SGCN 1y >WBFO~, 6[)a  26.27x,
11.93x, 1.46x > 2.42x " W7- w , ! n:tL}~7-6G
\-, 1 %G 6404+ 2; . 1\ 2 82 N®CW ./Z4y5+5 ,.D0'6UI Y | 6 A)a 9 é#, pLEW -1\ 3 82L@F p
*"hoeé# 1\ 482yF e & o fAIAN>8 fNa ;1\ 582 x)alPuAISz>5 16 A ;1\ 6 82AQA&é-(£.D
0/ & ; 0>,1\ 782)1PY5 AéF >| Tk5

2 7 ¥Abp

21 $U04/5535 +

Z4y5¢5 02« CL+X%4*6.5 7, —«Q» , _P5/Z4y5¢5  (neural network, NN),” f .FJ
E+ — 8286, | «>7/j | Y+X82&6 {L$,” £3+ ,GNN 7-09x...9¢pG >"p Y , F2+X %82&¢& 62« A. 62«
1yJiy.5° 26 A+N .-} ,GNN "X/In05+5 [5:6 A@9€3+5 [8~10] A+O(™ Y 2324 1yNT ...)a*H
2 W7-.

GNN FJE+6S 8>46 8 T ZE+0; —«82&é>7j , ..9¢.'5 (©* . GNN FJhG++XJr5 ~ | lyr5

6S8>408TZ£EKMPO , 2. 1 plj . X6S81PO] , 8&EpIFEufLo@©+ Y , MO?+F}Fe O.Le FFe O
>™ AIL Fé u82&¢, (© + AGY , 82&EFJE+"W kFé u(© ++0O @ &,>/j ; X4681«PO] , FIhG++XJrO. jF!

1Z4y555 'F Qle $ 28286(O + . .8055  (graph convolutional network, GCN) [13] A, < "5e5 (graph
isomorphic network, GIN) 14 ¥, GraphSAGE 'l h?f,” GNN Q», !AN1C 5 0>7jj

Xk’ — U(Axk—lwk—l)’ (1)
"1 ,Aj,0F>Feb.le ,A=D:(A+I)D =, Ij..}.le ,D jO.Le . X* 1D > wk-1) g]
S\ (k—1) r/(©+. Le>sGY.Le o j%3#k- (2 ReLU). 4JE+1\k rANLIC > 8°86(©+5[! k- D#
Féu’5 Y , p6<$"M >El .5~ ,F@riB' —«Q r'Q>7/j
iTi"p YO. ,Foe GNNG++X$$!,'555 . Eel» F O (residual connection) '7:18] 9 x

5C@ $! O /74955 (deep GNN, DeGNN) 1819 1"E+ £% LNE ,!» 5°  GNN ,AN1C>"Ei ?2;

Sk — Sk:—l + Sk_l,

Tres

Sk71 — Akalwkfl’ (2)

Tes

X" =o(Sh).
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Bank =
" / — Vault
; /] 7 GbL GDL
TSVs = 7’ - Sense Amplifier ° S — ° Sense Amplifier
= o £ 3 3
W € e 3 3
© 3
» -—
. a Fa Column Dec FIFO Column Dec
DramDie -2 WTD&IOSA WTD&IOSA
(7] I L
=— - g T I -
[ CIM Units H Buffer H CIM Units
Dram Die | | |
7 7 Bank Group Bus
Basic Die
@ (b)
42 (5$5(~Y4) ®A° 3D < »Zi°D -* vault AdAx (a) ®A 3D < »Zi° ; (b) DRAM 8a(c° -*

vault AG6AXx

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*Z»Axlii°

95$6 "@ [0 oy w@oO>W7- Ka°_ . >P5 Y58 EM " @5 (" ,3D 6 “@FJ
E+2$6 1D "@..s Gy , Das$Q éGy>Vi . Lep. 2L6?20Q15 ™MW | ZPEAFO)->"@Vi"
@] GNN DFO, +&N, 6<*% 3D 6 u &’/ GNN BDFO~ ES$Q "@60> 7PEAFO) , 1D
JVi_1W?5Q!>|ANIC , % CaxF AN1C + NMO'r

2, 2)plj ,3D6 "De FIh5[*AFKEAr>1Z6 DRAM r , FJE+.UFJ,, (through-silicon
vias, TSV) AF '@ ®© f5  ,4064+jJZ2$6] ,'WZ6j5[ DRAM r,9¢G 6 , |FJE+4r, u~°

xfAiL , NaQ FO I>|Ai"
2(b) ...[jiT DRAM die , uG5 ~ , IFIFfu5[JZ  vault (E+aJZ HBM FJFf X2-$éA:)
UE6 '@, '>|AIL ...s ,+X%IiB>"[jC_0Jr DRAM, 2$AiLD > ZFJFf ). W Z vault +a9 ¢

bank group > TSV I/O +eD 46 @ bank group W[JZ bank w ZAiL x)- (! bank-level Vi40 j
1024 GB/s, n:3Q % channel-level V i40 256 GB/s, f)a*2-$|>|AiL Hi ). §Z bank 5[ DRAM ...s
LeGAOANW~™ (>GB.1~ |, G 6 bank G} 7" pANIC ... s, L6 @SRAM 5C"~>4*6 ...s _ 1F "AN

1C DRAM r E FOAi~ , FKEAT (basic die) 1j 5F0; W >AN1C7- E
2.3 )ae?i~Z"°CCé

a9 GCN BPFO"3+5 (2 SGCN [ > GCIM 26l) X DeGNN @*6E+0;], ZF}M' dANIC Y E C %o Au
"02L$#SCi UuD r ZAiL x)-~;1yL NE . !'7 , SGCN * EG++X Aggregation-first ,” AN1CNa ¢, 5j eNa ¢,
7' i, 83X(©x5$0=,64a; #FJE+x408>65S8yAANICY E : <&, !pG++X,” BEICSR »
5Y 1 ?2<- w JAi " x)- , @ in-place AIAN #GUnZ +Xp 02L$ ,LEFT " @DY+X)- w . Ej>W,
3D-CIM & DBFO "™, GCIM 6468>6S58y E 6[P 48#* AFKEA r> DRAM r _1!>|—>| ,'f6é< L€
%F O;L¢, jAi "OKO > E pL$COE-=w , !afW7->7-xyZETOH |, @jF Ol¢ w3+5 X):,” EKM+&N,

Ax1i * 11 eL$NI . SGCN > GCIM wG++XAggregation-first " ANICNa s, £x —>[6S 8y E , YF >|
46 8AN1ICB ATAN<-f9Y 3% Q»5 "1°F |, vX)a $!r  GCN ]"&aMb*n:f,” C %ANICLNE . +a¥%4r
8286(© +5$ OFJ h 108%$ , Aggregation-first #FJE+ “x408%6S 8”7 «»5YL$>" . -(" {: ,9G++X
Combination-first 11+, XEA*5$ O ? %4EA5$ 0, jY; , xFIJE+408y EL}~(©x5%$0 , F 6< X6S 8Lfl4
NFYA"DYE Gy ,L}~ofANIC=rO .'f6<,)a9a '5j«)ANICNa;, &¥#k 1 , T! GCIM 6658
>40 8(™*6 6 3% DRAM r>*Ar | $LT NAANIC#q0; 7’ , ,83%E X,y E HF0L$LT U

» Z0°L*# CoL$NT. mINSGCN *T  Bitmap-index Embedded In-place CSR (BEICSR) [?° 1?2 | FJE+
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Interme diate Feature Sparsity across GNN Layers

~O— Cora—#~ CiteSeer—~ PubMed—#— Reddit—o— Github—#— DBLP

80%

Sparsity(%)
#

43 (5t5(~Y4) (a) ~40>D6s>D~6+>D40>Z0 > WEAQ° '|"E! ; (b) row-wise aggregation D outer
product aggregation "CB!oLiA GNN x!A°F>?)& ;(c) CB!oLi® GNN :xcL*(C-06+AU ;(d) CB
'aliA:A5 rE/»ZA8L$,°§

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 YA U AIL!Q , VIG++X,” in-place compression AIAN?+"r1y>|N"+%o > Z »5Y-(
</ H70%L$ . 8§f°+B$ ,BEICSR<- 9XxYA©+3RE"QOKO , vVvjv.z cacheline JUEY4!>|Es | !
>|u”3pMo 1*EK O , 8BSWGY Z +X02L$ #GUn , Z7--OlL} ~ku"éGy «+X . F/y0aL$#SCi X J
r GCN @*6&8bnf |, @JLEf D Y+X): w,” kK?£+&N,

06+AF8Gf ]CCAI"F ,BEICSR ) =<r4x A=<N!&é =< 7L, 00+¢; O F5j« @ 1F2G} W . SGCN
G++X*E7(WW? (2 C =96) HF5C " pG W, <-f Af u AiL )UE , VILUOO+¢, 6 3h h § 9 n:t#
@, *E7TWG)5z # AAXp9jVY;whao0 £AI"x)- ,<'fU AL )UE , Vi1 AR)UE g J#3

CiWGY " @02LS$, Z7-u6 U»5Y Ve éGY82-1HI

F 0AAd Z DCUE3 C }LSNI GCIM Y+X3D 6 & 6[X  DRAM r¥%*Ar—>|6S8>468yE , 1
)a!>|ANIC > &F LAy . 'f6< ,+a%.5 ">(©+63,/MZ5 "F(OW ,Féu82&é, 7°°63X=< vault
F bank ], ,8$6S 8E+0; ]NA4g@ FO;L¢ jAi~ | -(E3\ AL x+O n:t &F .I"F ,GCIM, QiB6é
?XM') @ 1ANICCOE- F&, =<AN1C..s{L$C*a4*6&L$ 2 , FO QIMO1ly u'FO Qv @AN1C
PD Q1FJ OKO ,LEffaf!>]—|x), w

2.4 AGAxPpDQee

ZLIlE s> WE . 2. 3(a) p/j , k#q GNN DFO "~ ZF}G++X“ x40 8 A>6S 8 7 | TLflA—>|Na ¢, , FJE+ X
Combination Lfl8)82&€(© +F >|4iW ' L}~5$ 0 , p6< X Aggregation Lfla E3?,(© =i 0O —>|Fé u3_
DYyE, YyAofANICGY>u " Vi»E . Blt+eX#urQ»]>)a*8yY - x)- , TIF2+X %(© +5$ OEQ A
Féu GYILE, jY . pANIC Q?+-; ,)a9AIAN k?+ 6] T2« : 02« X Combination > Aggregation Lfl& WG+
+X>| "#  (row-wise multiplication, ?fi. 4(b)) ?>26] 02« X  Combination LFIAG++X>|"# , X Aggregation
LIAG++X FO "#  (outer-product multiplication, ?/i. 4(a)) 7). 'f6<, XM'A 3D 6 F u"AN1C (3D-CIM) e
“$lr GNN @*6] ,F T2«93?2wWM' d £KAAH .

§ f6<@0 4R>| # Q ?<-f F@>|+O @ 040EA* AF })]L$. Le, "p3_b , vI—>|E+0;Q OICtAN
ACNa; > 7D~ | L7 &¥#k ol» =%48FKEA | LEfID r 2Gy+X>B308+a® . <&,B Q?X vault L$5j
*Q x,” 2zGy467-E , CE (w:5C"» E>F0;Ai " a0+ ,F6<fAON @)- .

0éM ,4RF093?§9E3-EA+(© +Gy+XW , VYMO?+ Yo *]L$.Le _1>53 P , ,8$(w :Ct
$A+Xnt1D |, |E«WGY]L$ Z, \0+>5C "AiL , LT % Ca 3D-CIM & ]) ZpG W>ViY+X
JQ2ET L LepQ»$O, w L, » FOjEXWT->21 0] E+X G0+ * ,F Ole D —qP5 TLfl&—>|
Q ? XAN1C@ 6V W ACt$AQ x Y+X>2'5 'F2G}W:, pLE . I” | IMOAIANO/y$§a a¥%W>l» =148

&¥#HKW, —>| Q», _1Q x,” DeGNN @*6.
06+AZPF8Gf 2. 3(c) p/j , L¢-p GNN r [ B$! | DeGNN X Cora 28 CiteSeer 291, PubMed 3],
Reddit Y, Github 321 > DBLP B3 1y " ». ZL6:x)a* ]L$(© £00+¢; WF@ ri1j, C» i , EMZM& s3P



)€ (a)
ey Outer-

Product

Q J J

)4
( " ¢ (b)
K101 tkltal * Blallil; Row-wise
m
Product

44 (5f5(~Y4) Z0.LkZ# VED

L¥2c_1¢ c30 & : ¥0 o
—/
R
x =
L1
—/
x =i =
I
x =
—/
x* wk X w*

© Combination phase

G3DMA c¢ DeGNN b*<°?2L|1é#w0A/p E

(b) >, Z# (row-wise product); (c) ?LIE > WA

Figure 4

2026 2 1b 56 -

1b 6 U 1335

(c) Three Phases of DeGNN Processing on G3DMA

A X w*

@ Intermediate Aggregation phase

. (a)

(a) Outer-product multiplication; (b) row-wise multiplication; (c) three-phase execution model.

5

] = EEEE rov:

] = EEEE rov:

] = EEEE rovs
SA*I

© Residual Accumulation phase

L0% Z# (outer product);

(Color online) Illustration of two matrix multiplication modes and the three-phase DeGNN execution flow on G3DMA.
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(d) Node feature

(e) BEICSR Format

Bitmap Index

(f) BSR Format

45 CBO6+tAZPrE/"IpE4 . (a) O 06+A. Lk ; (b) f406+A>z/p (DBSR) rE ; (c) A5_MZb (CSC) rE ;
(d) 8,&( -.Lk ; (e) ,[3X KOp CSR (BEICSR) rE ; (f) «06+A>z/p (BSR) rE .

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.
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!X DeGNN ]...)a*8Y -, »5Y)- >Ai " x)- 'f6< , B 1?2G++X*E7(WW ?,” in-place ~ @AIAN, m1N 9
Y %AIL JUE>!S|Ee | VXM )=<rL$00+¢, 63=w& , MOE « WGYypadding, FP @02L$#3Ciza o f
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.¢, e 7M6"x .2 &M 8N« ja» —>| Q »>00+¢, " é x E 1 0éM’, ae "M0?+ § 7&¥#k,

5D ">B30jf , F2G}$§a@ AW, —>|Q» , p6<Q x=%%8!» ANIC >D r(© +Gy+X. 0éM' ,F

MOJ, ) & »00+¢, | 2A1ANQ x,5F.1>@ .1jf , ~'7- o0x rL$00+¢ OB 1 F&Y 13W " @ >~ 0KO
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% E!% C& 3D-CIM & " ;,’Q x @*6MO"r

3 AOAxI# F&

3.1 A5 rEF? DAOJAX i#

jOXY+X$!' O GNN @*6E-0;]82&6é(© + >Fé O. Le, =<00+¢,(©@W , \- *T 2F»5Y éx
§ f6<@0 O/ xJ,)Fe O.Le A, G++X 11}.00+¢>7/j (dual-bitmap sparse representation, DBSR) 5 = . 2
5(b) p/j , DBSR O/ x 600+¢,. Le 9block size B 6 , +a T2« bitmap 40 @ block presence bitmap +X ¥ 7Aaly

>|1 E  block [9MZM& |, in-block position bitmap +X %A ...y ZMZMEock UG MZM& s3P p X G, }5z . X
B5 ] , 6) block presence bitmap 7Aaj “1”7,”9x block, "@!) A/’ in-block position bitmap UMZM&
value array. . 5(a) ], 4x800+¢.Lej» , ]I\ 1>>UB6jTZ block, block presence bitmap 7A&1\
0Z block [9MZM& 1. )A,” in-block position bitmap Aa ...Bblock pMZM& s3P,” 157, »29B  block ,"1\
2 Y1\ 3 GJMZM& | bitmap -(A}527 “17. MZM&19'— N2 IQ @ X values ], A@.1& 919

¢'= .I"F , block presence bitmap CE | block-level valid mask, _1J>|!>|@ .1 , we6SS8LfAVIiY+X)- |
1V A C %A1~ 0KO
-"{; ,P5 CSC1? B2 5()pl ,M0"@ column_ ptr, row_ idx Yavalue 9G 6 . X+ O00+¢ jY

;. (00+¢, 00.01%~5%), »2X 4x8FeO.Led65[ 1 ZMZM& s3P &SR M0?+" @5 Z column_ptr (I Z e
+X2 bits, £ logy4), 1 Z colidx (*+X 3 bits, £ log,8), 0G)A,  value. KAN, CSC +X% @ .5 ", OKOj

13 bits (5 x 2+ 3). -("{; ,DBSR OMO"@ 1 Z 2 bits,” row index, 1 Z 2 bits ,” block presence bitmap,
1 Z 4 bits,” in-block position bitmap, 0)A, value, .5 ‘G 6 k OKO j 8 bits (2 + 2+ 4). I” ,DBSR
L5 "O0KOG] CSC,” 61.54%, niiL}~3RE" @ @\ .F>"> DBSRFJE+Ur bitmap5 'F }

) rowidx, n? @ , X+100+¢.LejY;..)a*$Q, "@x)->e&@.10-W . 1C0,_ ,DBSR

570 A+X¥%>|»5Y | -(E3%P5 CSR |? B% <g8§78Y- "@x)->@ .1 W7-

I"F ,J,)8%é(©+ X, \-OHo MEGA ]6 BEICSR |*? bitmap > value 6/&" @, AIANM# |
*q bitmap-value 6/8,00+¢ " @éx . 2. 5() p/j , P5 BEICSR 6 bitmap >MZM&I9*E 7(wW ?
in-place "@ ,<- AAP")UE>!>S|E - , VX00+, OB 1 F& , j% Ca)UE?+"TMO E « WGY padding, ,
8%~ POALSHSCI .

j@ a:FLNE , \éxG++X2. 5(f) p/j, BSR (block sparse representation) 6/~ @5 ~ . 6 bitmap
> value 6/8°n : bitmap Ad ...MZM&(© +,” }523R Evalue array N2 ¢ ~ @MZM& |. F [yATAN V « 1 9 éM’ - 4
O/ xF }1 BEICSR *EB5K5 "Ve/ padding 02L$#3Ci, (© [F2+X %$! O GNN |L$(© +00+;, O @ 1
FiY . 1Q, 6/6"@5 1°F{@ .1FKEA , =M0?+ =r1," )UE> zero-skipping xf , C¥% X.ce &]DaQ x
pipeline @ .1. 1\9 , MZM& | 9burst length N2 (F5 AG @ , wT DRAMAI"ViY+X)->a f @ x)-
5 8FeO.Le A, DBSR »5Y>828é(©+ X, BSR 6/6 " @éx , \AWIANX 3D-CIM & ;Daf)$ O
GNN @*6 16S 8 >406 8Lf1a00+¢ W, Q x _ 1

"F ,>" 1 )" 1)a9 " »00+¢ | ? (CSR/CSC, BEICSR) >\ */ DBSR, BSR ,"F2+X )B* > W7-
©=+, ..[jTp éxX3REX) Au"Y+X)- >00+,F2G} W éM’, n:f H i

3.2 a&A>, WA

<'f 3D 6 F u"AN1C & FJE+64*6 ...s (PE) 3WF&G 5¢ IRAM bank, X\ ZAiL &F Y% Vi
Y+X)-eM )a*nit Hi  , vX$! O ./Z4y55 @*6] , 'W7-%EEyY . z\DU,’00+¢ W >=201W

pLEf . § f6<@0828¢(©+>.5 "°°DC°JZ vault ~@ , (O _ X6S 8LIANA4g@ FO;L¢ jAi~ |, UGy
zafF 724*6a ,\"WHIi , @jf403+5 o f DFO x)-,” £KM&N,
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Table 1 Comparison of sparse storage formats in terms of efficiency and applicability.

Effective . . Padding overhead Adaptability to
Format Compressed target Indexing efficiency
sparsity range elimination sparsity
CSR/CSC Adjacency Ultra-sparse (<5%) X v X
BEICSR [25] Feature Moderate (20%~50%) v X X
BSR (this work) Feature Mid-to-dense (10%~60%) v v v
DBSR (this work) Adjacency Ultra- to moderate-sparse (<50%) 4 v 4
jA) DeGNN @*6E+0;]1468 A6S8>I» P Y1lyyE XANICQ?> 2IiCt(©W:, 2 LA

T0/YM' A 3D-CIM @ , 9LflA—>|Q» , 2. 4(c) p/j . B Q»6@*6#q0;B6j4068  (combination) A]
L$6S 8 (intermediate aggregation) ¥al» 3 B (residual accumulation) 3 ZLfla , FJE+@ 6V F,” ZFJD Al
AN D0+;, 0. B3O jf>D -vault JL$5 1+B31t+e  DA) Z=+X W AAi " pG W > !>|ANIC X):,"3+5 4x
HF.
XB Q»] ,3+5 u663<e(©+>5 00+, (©+ , G++X 2F, »5Y1?>AN1Clt+e wof, 2
4*6 x)- >Ct$A Y+X)- . § f6<@0 828&(© +. Le X G++X $00+¢>|block sparse row, BSR) 1?2 »5Y , n?Aa ...
MZM&(© + 1, >|3RE Y, G}89>|"#  (row-wise product) Q ?, 7- OD#E+M& 1) A,” C %oAi " >AN1C, p$A
d:?20F xyE& ,’ @B3M& H F(zero-skipping) jf ;FeO.Le A IG++X11}.00+¢>7j  (dual-bitmap sparse
representation, DBSR), FJE+ T4x }. 6 [ 7A0#kCO G ¥ G uMZM& s3P, -N®Q »5Y" >Q x3RE@ .17-E , F2
G} %5 "00+¢ DAILD “=261,658jY
X406 8Lfla , 3+5 iz BSR 1?]Aa ... MZM& 3R E, F@>|@ A »5Y >,828¢(©+ +O @) A, sGy3RE
B3 0O8#- 7TANICD ~ . L¢ >G++X9>|# é? , 6)5[MZM& 1, (© +>| C§ sGyAi">"DBF 1C , p6<F@>|
+O @82&¢ | * AGY XW. B LfIAFJE+00+,3R E1)aB3M& HF jf (zero-skipping), 9 xF }a.Le@ » >M&|
"PDYyE , XL} ~C %ANIC>Ai"ViOKO, <& , wWw: 2D ) Y+X)->& f7-x
JL$6S 8Lf1A& &5 140 8LfI&, 00+¢ O. —>|1t+e . 3+5 46 8LAIAF@>+O @, |*AGYy XW jEA« |5
800+¢,FéO.Le A —>|DFéu, (©+6S8yE . i~ DBSR |1? E, G3RE>G p#kCo>| VY ,3+5 X
7 DE->AN1CE+0;]Q x?6F xD ~ ,F 0D jB3M&HFx1 . XBLfl , 3+5 G++X FO (outer-product) &
2°%6S8D " ,) A, WO0G> XW ])AS|AGYy—>|"#F1C ,+0 @ JZG 6 ¥ (partial sum) ]L$ AGY .
jF2G} 3D-CIM ] vault \'5C " éGy 9LE, 40+ 345 = +%oVsan, |L$.LeS 1 ,6<_6!9>76] B3
O, ILSAGY , | X >5 Lf1a&¥#k PEA8#- 7  vault, 5C@ (W:» E| w5C " Y+X)- >B3 O&¥#k W
F el» 3_DLfIA> | 3+5 [7- 7828¢&,63 Y , 6:F L3 AGy4y+aD -vault 7D ~PEA8S#-(A
AN1C ...s!>}0r1, 108%&¢é(© + <l —>|F@ s3P B# y E , %@6585 1>» D "/=%28%a . BLfl&
= 8TF0:658>» F OTZ£EK E=D; , =6 Q § Z=+XX)- , <& w1658>l» ANIC, I>|W | n
$5C@ TAI+&N,)3+5 W7-, 140 . 04g, =% 8 >,828¢(© + AGYFJE+ »5Y5F.1 Q Gy a5F.1j BSR 172!
E \"  bank, Ej;0r@*6AN1C, Q XEA

M0?+B$ >, | OLflAQ » EjOIyFI+X, —>|iB* | !=ICT%(©E, 1» 5~ . X#ur GNN ] , Residual
Accumulation LIAFOFj8)6S 85 IF>|(©+3_D>E : 6< XG++Xoncatenation ) F Jumping Knowl-
edge BT 1yD r(© +=%8f, Q»] ,BLFIAO ™ . j G})5%,/(©+=%8..s (2,0FDbs6S8 ) 1

5 0, z#q>—>|1N4i

3.3 N°:*< ACUE3<Gf1E+>

DeGNN X 9LfI& —>| Q » ;M0?+ < & 4*6 @ 100+¢,(© £ %D rl» F O , JAN1C >Ai ", COE- x)a *Q
O=w>'¥D -vault FJ NA4g,LNE. 2i=D HF | 0, PE J@jW7-+&N,, 6<NA4q, D -vault 2D
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+alJFP @ n:t, Vi#8Ci . " | A X@*6} E «E«Gy4x,'N" 4*6 >COE- 6G}1t+s -7 X=Ee=1/é
4iGyA¢,} ;. ,FJE<5 "0. >»5Y0.,6A |, XN!& " PE, P4]1)aCOE-w>'ApG W w>D r
I» 0-W . XN 4*6Lfld , O/ xM0?+ jN!&€é {L$*005 "av O , yAl» LfI4 D —vault "W6SFJ . h?f
L OGyé?5 *3FéuLo 8, Jaccard -(10 138l
[N (u) NN (v)|
Aff5, =
el ) = N () UV () )
05 8 DBSR »5Y5 " Ds  Jaccard OGY AT B jp933RE , p.s >/NI&E u XT b ],/ 9x}52 ,
19 5 i
Aff )= pep Min(Pu b, pv,b)' A
DBSR(U U) ZbeB max(pu,ln pv,b) ( )
XTuDa] , a%OAN1C8J,)j U+ 'N&é |, F}".TT'E},Q =r0 . *¥B 00+¢;ANIC é 2

A jlyZN'&é i “*KJI&ELO8 S;, FIE+3 0 'XiUt: a%u0d , 048 +%otop-m ZO-(£ Féu , EuU
>5 P4alt .

Le >, A Y+X»5Y O.5ANGY * Q 4Lfla, 9x EGY . § f6<@Q Ey nnzbX[i] >/j BSR |?;NI&é
i (© £ AGY, MZM& f , POP[i] >/j> i-(£° DBSR %, in-block popcount K¥a,Brow[i] >7/j DBSR ]>| i,
#kC6t . A Z"Ey£KrO

Key[i| = wy - nnzb_X[i] + wy - POP[i] + w3 - Brow[i], (5)
L TENI&E,GY?+ WA 77

XPA4Lfa | NI&EOE x9£KMOL} ¢ AG IFIE+ 025304 PE f}COE-” HXLOGF>|B3 0 . ) %N!&é
i, A HXF9 COE-OE«, PE;9 JZIF9 PE, EGYyOF , IF Ole Y+XKJ&ELO S; 1, av% 0 E|pG

WTZ, 6!6G} >!Q avuFé u-(<, vault, p6<L}~D -vault FJ . X% @ 6G}>,yZ PE uG F MO0)
NI&ENaF>|Gy A, w»5Y 1, F5 W %0+ AiL x)- , h+X é# 5 *% 1/ Hilbert "4i FCZ 6 ?,'F
5 $K.D HF .

‘FE+0;,  holePO21C# 1 plj . pANIC=rO@ O6A, N 4*6>P 4E+0;, k f OKOF 4iW . k?+
PO5 : (1) )00+¢5 FII>5AN |, =rOj O(E) (!] E jJMZM&Eé FMZM& t Gji(2) N!&é £K* OANIC
>A¢, =r0Oj OWlogV) (V |NI&& ); (3) *%HXLO G, COE-B30>pGGyA, =r040j O(VlogP)
(P j46..s Gy ).58 Ckf=r0j O(E+VlogV). X" » [Z4y5¢5 716 ] ,E >V FJhx4iwW

£3+ (EwO 1h 4x[ ), 'BN 4*6#q0;, k f =r OF IL¢ .26 Q4i W TK™

1i# 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;
: Compute compression-aware statistics for each vertex: nnzb_X[i], POP[:], Brow[s];
: Build sparse affinity anchors S; using block co-occurrence;
: Compute vertex key Key[i] and sort vertices in descending order;
for each vertex ¢ in order do
Select candidate PEs with minimal projected workload;
Choose p* maximizing locality ZvES(p) Aff(3,v);
Assign ¢ to p* and update workload L(p*);
end for
for each PE p do

Reorder assigned vertices to maximize block contiguity;

© PN DTN

_.
=4

: end for

—_
—
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I"F , BN 4*6!sPO 6 XAY46 F @*6} —>|0!Q , D5 | X4rL$=+X , I"!0KO X Jr55 Jwz
XTr GCN Q»] ,N 4*6Lflade1 "1 —>| &L$, 40 2.56%~3.62%, DX $$!,” DeGNN ]6F Ole;L}
(B?A1\ 5.2 2821 f W7-A0" ). +al” ?f , p * 1t+eX 1E«Gy ' <& , n:if w{COE-6G}>pu"

AiL x)- , p6<X#ur GNN ]Daw7- w , IX$!'rQ»]9¢C$Q, BFOT,u

4 G3DMA °.¢ ,A6Ax D Q)ee

4.1 DRAM Xxi°AbAx

aZ DRAM r, " @02L$>UB6jJZ vault, Tjp AL '>|WIL}~ ZPEA&F .2, 6(a) p
i \'WZ vault 5 0Z+aTZ bank 40 @, bank 40 A0 Z vault xf"AOZu " +p~ (content addressable
memory, CAM), UTZANICEp (computation engine, CE). bank +X %~ @AN1C pMO Z vault x f "COCS
D -vault,” ZAILB3 O ; CAM +X ¥%(© +00+¢ VY ;sGy o ,” FOIG}>Gy+X , w ZAiL x)- : AN1C
Epl—>|468>6S8y E

Ax1iK . 2. 6(b) plj ,'VZANICEp+axf~A Z5CAaj (5 DBSR5CAaj,BSR5CAaj, 6L65C
ajw%EA*5CAj ),9¢ ">6 " (fetcher and dispatcher), @ .1~ >5F.17 (decoder and encoder), U%0d#k
- Qf (activator) 46 @

X406 8LfI&] , xf"OExY+XJID =+X"p BSR5CAjFIFI»5Y(©+ 7 , !6!PE-8#@ .1~ , _
1>5,@.14*6 (PO 1). 82&¢(©+ X >UPE-8#PE, 6"~ <& ,@.17iZ BSR ], bitmap +0O @ >
(©+)A, sGy3RE , |6B3REPFB8#9¢ “>6 ~“Qf (PO 2). L¢, >, 9¢ “>6 ~iZEA e sGy
3BREP"@IB3 > X )A sGy.Le W, !|6!Fle PE;PEFJE+>|0, é? —>AN1IC, C 82&¢&, |*>"

i XW (1sPO 3). 04g, 82&¢&|+>"fj XW 4y+aEA*SCAJE 8#\ bank, FFJE+TSVs PEAS#! vault
_ 1D 6jANIC (1«PO4).

X]L$6S 8Lfla , >406 8Lf14,” k?+ [ f)a X!I«PO 1 >3 XePO1], xf"FJE+JID =+X"p  DBSR
5CAjPE-»5Y>'Fé0.Le A, +X¥%>5,@.1>6S8yE . XIePO3 ] ,FéD.Le A >88&6E|«>"f] XW
X PE |—>| FOF 1C .

Xl» 3 _PLfIA ,FeO.Le A >82¢&|+>7f XW FO+0@, ]L$.LeJ9>| 6@ jAGYy , |6 8#)
A’ANICEp] . L¢> F EAGY6>:0r1,8286(©+0<F>|3_D , 82&é(ee 1$ aE+0;]=%8!» F O]
f, p6<9X5C@ DeGNN ], E+£% L NE . 3_D5 [4y+a%d#k - Q tF>MZ4iW * | C ;0r,828¢(©

+ AGY (1sPO 5). 04@, F E(© + AGY 6>UF1+5F.1~ , »5Yj BSR |1? (PO 6), [FIE-EA*5C ajE 8#\
' bank, F4y+a TSVs PEA8#! vault, _1;0rD 6j,” >5AN1C

@.72. . 6(c) ....iTA pAIAN, @ .175 ~ .B@.1" <&_1 DBSR > BSR THOO+¢ 1?2 | 1
Ya)Fé O. Le >82&é(© +,'5 0@ .1 4*6

X) DBSR I? ZF>@.1& , @ .1"0O& xFJE+ B+ ~ Block Presence Bitmap, .ZE- 7G]
479x%,352 ; <&, 6 In-Block Position Bitmap DE-8# Bitmap 60~~ , j>5 fu3RE,+O @ E}5z

Y (PO 1). L¢, > @ .176 In-Block Position Bitmap EA «8# BitIndex AN Q1 , ) f } 1 n, MZM& }52F
>|}1503_D5F.1, >.21y ZMZM&s3P X1, «0+}5Z2 . »2 [ 9EAs  Bitmap | “1011”, | Bitlndex Q%

6!Ece’j “1123” (1.PO2). O-p,3+5 610 Bitmap >B3_D5 I —>|F@}>y E , p6<+O @ ) A82&éE | »

ST XW ,9x3RE . »2 | 10117 > “1123” F>|>yE>C"  “1023” (PO 3). 04@,9¢ ">6 ~iz

@ .1+0 @, 13RE(1*PO 4) ¥4t u3RE (PO 5), -(A,828¢& | «>7] XW, 1616 8#)A/ PE ]
v, @AN1C

)% BSR 1?,@ .1E+0; , > DBSR 2«|, _0j[X% MO—>| Block Presence Bitmap ,’B+ y E .
*<cy . 4%6...s/AIAN2.  6(d) plj , !IL6@Y 3 Z06""A 2 Z@ =+X" (demultiplexers) Al Z"
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I Controller | ° o ; . - I —
Sense Amplifier Sense Amplifier Activator
PE PE PE PE

T Ly
© I
Fetcher and Dispatcher |

Row Dec
Row Dec

Ly Ly

Encoder

Column Dec Column Dec o S
WTD&IOSA WTD&IOSA ]
3 3 3 I 3 I [ controller | [ DBsRBuffer | [ BsRBuffer | [DenseBuffer | [ OutputBuffer |
T 3 i 1 T

---------------------- | TSVs and Bank |

Computation Engine H TSVs H Computation Engine

(b) Computation Engine

(a) Dram Die Design
lock Presence Bltmap (4]
—_— Block Reader
° Global Buffer Router
(2] (3]
0|25 i f ] t
» _::g gn s[2]o]1 H—> Memory Controller
3
Decoder I I I 1 I
v | TSVs and Others Vault |
(c) Decoder (d) Process Element (e) Basic Die Design

46 (5{5(~Y4) G3DMA °i°DWAGAX/pE4 . (a) DRAM x° °q?p ; (b) Ax1iK ABAx; (c) A5_!o@ .7

Z; (d) *<<«y (PE); (e) Basic x,°5 °q?p
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.

#7Ys 1ZPD#HT X% _1]$5 1, "0 AD+aB3O>"D (multiply-accumulate, MAC) y E. jF2 A A
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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
>73 G3DMA ¢ DRAM x/""° bank group ,°.¢ ,Gf5a .
Table 3 Hardware configurations of each bank group in G3DMA’s DRAM die.
Component Params Specs Area (mm?) 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 OPADS5 O

5.1 OPAGf5o
W AD ! oLiAd5a. PYUARp *vae, FI+XW>9xW | \-F9  3/y8§9 > W, ./Z4y55 Q »F

>A0°, 5 GCNUI2 GINI] 1, GraphSAGEM, X 5 Z7# +X,/*6 2L6:0...1PY% ,8f5 Cora
(CR) 28], Citeseer (CS) 1291, PubMed (PB) % Reddit (RD) Y % NELL (NL) 9 (2>™ 2 pfj ). :F ZLo#a
- E 55 A A .Ba>/n 055 1y = <2« » , 897#,5 JgW>20Q 2W . ]"M'AG 345 X =<,

57 @*6x)->F2A7-E Ef*p
8§ f6<@Q Cora, Citeseer > PubMed W j7 0 E -5¢5 , 828é>7[j— A€ [ EE/JE+XE3+, of .5~

E3j00+¢ , 2« [ GYF2] , h+X %8286 62« + N,” *p W7-PY:Af; NELL $A %5eN¥i “* . Ad.Ba  , 82&é
YaE€2«» 11,5 "2CXWj ,F28A6 Q» X2 )BR3; >"Ei7-E : Reddit jW?6 Q/n O5+5 | 82&é>7/j
+X g, Eé >"AbAe O A, .0 OE3Q ,F2+X%63 Q»XW.jY; ™ ..W>3+5COE-7-E . F E 7L6X
5 ZWAOQrax>A+XjYEM 48©+ , j$!1+A0 p veae X DeGNN @*6],” W7->")a>R+ W
Efu6e_A

¢ ,A05a . > f } k#qG++X 3D-stacked memory architecture ,” DFO "ATAN 1 08% , G3DMA G++X+a Z
FKEA r (basic die) > 8 Z2-$6 , " @r (DRAM dies) 46 @,” memory cube @& . j w|>|AiL x)->

UG ViY+X). , 1z " @00éf>UB6) 16 Z2-$6] (vault),!yZ vault 5[*8 =< DRAM 1, " @
Ct$A FJE+ TSVs >AG basic die *00Q FOF OFJFf p6<1)aD r4x,” 7 PEA

X~ @464+ éM’ | 1y Z DRAM die >UF 0l¢B6jJZ banks, Y r5[TZ banks, Iy Z bank ,” éGY |
16 MB. " | @ Z memory cube 5[ 8 (DRAM dies) x 2 (banks per die) x 16 (vaults) = 512 Z banks, k~
DBEGYET" 8CGB.FIYQ O!>|,"@5 "X EWVIAL7-E <& , o 1&¥#k,” 7B30>Q x,'L¢
JAIL , MZ hF2 8 ./Z4y55 1 W?0 QF& O(© + U ¥400+¢,3R EAIL 1yAN1CjY

XAN1IC ...sG5¢; A XI§yZ bank AWG}520ZANICEp, 'YZEpuUL6 @ 16 Z PE, DIyZ PE 1
a0z 1 FP32210,°D..s (MAC)."F ,1yZANICE pG}7,  DBSR._Buffer > BSR_Buffer éGy W j
1 kB, 6< Dense_Buffer > Output_Buffer ,” €Gyw|j 2kB, -N®=<00+; 0> 260;'Q x(©+"~ MO
"r. X basic die | , Global Buffer ,” €Gyj 128 kB. "@r (DRAM die) >FKEAr (basic die) ,” § f.ce &G}52
B ?fi>" 3 Ya4.



LY c_1+ c30 0 : ¥0 o 20262 1b56- 1b 6 U 1342

>74 G3DMA c Basic x,°.¢,Gf5a .
Table 4 Hardware configurations in G3DMA’s basic die.

Component Params Specs Area (mm?) Power (mW)
On-chip_Buffer Size 128 kB 0.3682 48.86
Others - - 0.0226 3.82
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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.

O~ DENSE(Baseline) —#— CSR/CSC 3~ BEICSR —li— DBSR —0— BSR . o O HyGCN 2 GCIM O SGCN B G3DMA o O GCIM 2 HyGCN O GCNim B G3DMA
N z z 32 %5 32
[CIAT 32 16
25 P T
a 2 g e S0
S BoR-pt cg
T s ac g 4 zS 4
H 23 £
& 3 E 2 SE ?
2 5 Yo
05 oz z’
0 05 0% 7 14 28 56 112
5 20 35 50 65 80 95 \AL
Sparsity(%) GIN GraphSage ayers
(a) (b) ()
48 (515(-Y4) (a) 2+ A5_rEACBO6+AUACA5 ~O/  ;(b) CBOFUZ” GIN D GraphSAGE WA @.°

OFU173/" ; (c) WAX!/]73°...U]< £
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.
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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 x
and 106.28x over advanced CPU and GPU platforms, respectively. Compared with the latest state-of-the-art (SOTA)
accelerators—HyGCN, GCIM, GCNim, and SGCN—G3DMA delivers 26.27x, 11.93x, 1.46x, and 2.42x 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



