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WE =Z#%#%FHNItHE (3D compute-in-memory, 3D-CIM) £ EH K 5®mATH, FEHEZEKNLE (graph
neural network, GNN) ## frig et T EEAL&. AT, HA 3D-CIM fmk 2872 A B IR & 4 22 ] 48 (deep graph
neural network, DeGNN) B {77 & & % 7 @ Hhik: (1) ¥ ZEERBRUHZ @B L FHF, TERFBNAL T FES LT
FAE UM B, & R FAF R TR mER; (2) 4 ERERZERBGRZR AR, MEHERE TR FHE
SR, st —FwBlEEER. Hl, KRR &R 3D-CIM fri# & G3DMA, & i 508 4 1 [F] SE 3L F
DeGNN W@ B X . EMBRmA 5 E, XA EZ7 W ELE: FEEEERRXLEMAEET (DBSR), ¥ AFEX
J bitmap-value 4 & WM&~ (BSR), AR & EHF R 5 R 5| X E 0 & & EK DRAM 7 7T 8. E#
TERFE, ®it “Aa - FHARG - ARERW ZMENF, el mAE ST a0k, UBEFEER
2 EEFEHRDLRIUTH. AF M7 H, G3DMA THFEZBEERBEUHEEI 5L ARMBELET, BRIHF
DBSR/BSR A 5 # k5 f; FloA LI =M B HFEEE SRAESR, ARBEERZRFNENBEESE -vault K
e . LRERKH, GIDMA £ £ ff GNN BE 574 HE K LK CPU 5§ GPU 4 4528 6007.41x 7
106.28x B Amik . MK H 8 SOTA frik % HyGCN, GCIM, GCNim 5 SGCN 4 A 23, 26.27x, 11.93x, 1.46x
fu2.42x WHRRET, AR L FERIF FE.

X REERZNS BAREE BB BRES, ZHFNIHE R

1 51§

LRI LS (convolutional neural network, CNN) = ZEACEERR | B4 3, 61 an— 4k SCAR 741 1 Fn — 4k f
15 1230 ABFEHE) ZARRR) L BLAS 0ds J7 T A7 e R pR A0 T e 2 A ) P — s LI R RR ) L AR i 45 4, B
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HHERIIRIERE )1, NRBOX P, 32 T KA % (graph neural network, GNN) fE4 CNN 4 HIAR AR Fi)
FH BRI AT 6 R 2 SR NGR R, FRAETE T 0o 28 5610 BTl 1) DL R HEFE ZR 40 8~10) S84 55 1A S
fig, GNN CRA BIF 7R 2% 2] 1) F 37 .

GNN HJf— Bt R E AR S MASHA B, ERAH B, 17 RS m R IE ) & X P8 4l
PR PR B AR T R B [y, AR SR B, 8 a2 2 AL (multilayer perceptron, MLP) Bl A 28 P 2% 45 4
MPRFAEEAT 8T, P SO — . XN BRI AR AN F U A REW B RS Wm st S5
ANFRIAE 20, D7 A 240 B ELME LSRG 1T 2H & B B R 6 B v S B N, D A A OB A . XM — Stk
fifkst CPU 5 GPU ZEMME AR SR T 3K, JUH 2 RE W B AN U7 5 SEOHRAEIR F T+ 5 ReFEsgn,
XWHES) 7 HH GNN b 2% st 7t.

bEE R 0112 i 28 X GNN IRIARE ) A SR ERIR I T Mk, MHAERE T
Z A GNN Agfa I3~151 JE i inig D 4 JE B LR THE R 7). AR, 4B HOLiRI, i Rnia T2 il
*F- (over-smoothing) 161 B, MAFUIRL (S B 5 R FHHI BRI A) ). NGRS, Of LT B NH
Js: —Fl ik 5] NFRZ R (residual connection) 17181 ZEZE Pk il LA o5 B 8h; ) —Jol i it E /iR
PRUAAIHRN SR, o, TR ZEEFRAEIRZ A5 R AR B3, BUN TR FE B 22 [ 4 (18,191 (1) 8 245 7 SR

SR, DeGNN FEHEH R FR AN THRL B L A7k 2 5 5010 00 I 75 SR SE s 2, B s e 5 35 5 . 3D 4
BN (3D-stacked memory) (201 j@ 4 £ DRAM WEPERZEZ, F 4t TSR %5 AT, Vi 2 DeGNN
HEFE TR SRS T B OHLE. RECH M =47 NI (3D compute-in-memory, 3D-CIM) 20 Jjiif 88 5 GNN &
FAAE A 21221 HTEIR E 2535 5t FARAAAEZ T AR : —J7 T, BATARRE 78 70 F F IR 2 45 46 v 128 7 486 55 v 1]
Mt FECEFEIINEE, FRITURIH R SReFIR Y 51— J71H, #7377 2 B8R A T Wsi e, 2KAEETSM
AT VT A7 INER 51 GRHAE, 3005 47 TT 85 3 F B ARAT 58 R FH 22, BAh, 78 SCRpR 22 F AT A O 8] 46 SR A 4
BERSER, 9K 7 AR RIEINE DRAM 77 % K 7). B, 3 77 Gbk = — M RERES [ i Siie B g gk 0
VI R 5 5% 22 RO I G — A RE L.

BEXF EIR DeGNN TEIRZ 58 T = A I TUAR VL - Wi Ui ARS8 S i 22 SCREAS R S5 I, AR SR T — Tt
T 3D-CIM ZEH 1) S RERIOINIE 2% G3DMA. il BB A1 Wir [R5 i, G3DMA 7840 K% T =4EHES 7% (3D stacked
memory) 757 5 A FEAT BEJ7 T B EE . R JE I, FRATVET X S U B P B2 H 22 S AR s L AR5 B F AL
f7 EIM i %78 (dual-bitmap sparse representation, DBSR), PAXUE 2 5| HE T 46 5 5 AL 202 15 sUREAE U >R
bitmap-value 7B G K 7~ (block sparse representation, BSR), PAYH FRIE T TUAR FFFE T 56 R FH 2. 7R3
fih b, JATEAT T =Fr BATEA (G - RRIERE - R BN, Hah G BN R S FE PG LR, DUk S
e 25 R B b b R ANE B IR R0k o R AF S TR INERAE . BRI R R, Z AT A
TE T MR ARG, IE RS AERE b B AR SRR 22184, AT IS 5 DeGNN ZEIR RSG5 NI AT 1t 7R =
Ifl, G3DMA £ RFERER I H SRS R, mACCEF DBSR 5 BSR AT, FEAEM 2 b A8 J2 1 A& %,
S BATEAY, SEIL TR I e RO S A B R AR AL, FRATTEE 2 A GNN BT i B H & E
XF G3DMA BT T VEAS, L3045 R, SBA AR, G3DMA 7EHEM WE 1R A REFE 7 TH S T 0 & R

A FE TR T

o P2 2 AR R TR 5 = U UL AR B R U B B 7~ (DBSR), 1 SURFIE K A bitmap-value
I3 BSR, EIRTHEAEFR 5 RG] /SRR FN, B35 K DRAM V5 1) 5 8s W8 T4, A SR Tt 5
FMHZE.

o Wt =W BOHAT A S g BN AR L FRATTIR I ) “d G — hal SR G - BRE R PATERY, & %
) 25 SR e AL, B T AR S AT R b B b AN R [E, 25 R A R B S R E B AL,
A RN RETC BT S e M. A, AR o B 22 1 e 1) B AR SCRRIE— 324 T TR JZ DeGNN (W] 4 @t 5
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pod

=
v

an

o fiEi G3DMA Zfy: —FhET 3D-CIM MR RERUINIE 45, /£ DRAM I st B4 55 5 S i e,
R DBSR 5 BSR MigiA% 2, JRAEREMF R AR “HE - PRES - RERN $ATHRM. Z i eIt
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& — H skl + skl =sh
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1 (MKEFE) DeGNN #IERAE. (a) EZH; (b) GCN HEIEMFENMNEE; (c) A V5 B DeGNN #HRRA).
Figure 1 (Color online) DeGNN inference example. (a) Graph structure; (b) the two phases of GCN inference; (c¢) the DeGNN
example on node V5.

Rt i HE R RIS, RS ek 22 E 42, M8 SRR 2 DeGNN KR4 i 5 RERL.

o S RGVEAS G3DMA: 7fE £ GNN A 5IUEE R4 [, G3DMA Mtk CPU 5 GPU SEILZ 53k
53 6007.41x 5 106.28x [KINI#E; AL HyGCN, GCIM, GCNim 5 SGON ZE QR Mg 2s, 70 M2l 26.27x,
11.93x, 1.46x 5 2.42x WITEREIRFE, JF 0835 PR AE

KRR AT, 5 2 17 B B2 W 2 R 70 SO AT E iR IR BR 145 58 3 1 ik B
PR T 5 4 TR B A AR T S ARSI 5 5 T RIS E S R B 6 THE R ST
FTAE; |a, 55 7 ARSI AR AT T R4

2 HxRMEN

2.1 REEHE M EHES

PR 28 X 2% 0 — S5 1T T A B P 5 M) B0 ) 2 ST AR TR @A G 28 X 2% (neural network, NN) HIAR A,
o 2 315 R AR R FER S R IR C 2R, GNN REREH RGHsk Rl 52 RE R, & T A2k, KBk
G2 PRI B ST TS HT, GNN CIEHAE M ZE 1561 HEFE R B~101, (5 B 25240 SR 45t e I Hi At
e ERE.

GNN il G S5HE AR 2] R, DR B2 R E. GNN E R 2 Z 451, 5204
ReEH5HAEA PR, WK 1 s, RGPS, RN EIEERMEE B, 7522508 P 485 [ B2
LAV 0] 08 J5 759 5 B ARAAE [ B, 15 R I Ve R0 SR R AR AR BT I R FEA SR R R, 8 R 2 R L
b o 25 O 245 68 g 30— 5 S T AT AE . BB R4 (graph convolutional network, GCN) 131 E[HE#M 4% (graph
isomorphic network, GIN) ['4) F1 GraphSAGE ['5) &% W) GNN &8, HitH o5 — KRN

Xk — O_(Axk—lwk—l)’ (1)

Hr, A NHE—ALJEARIEMERE, A = D 2(A+ I)D~2, I NPAIEERE, D NEER. XD 5 wk-1 5]
TR (k—1) ERRERFE SBCEFERE, o ARG R (40 ReLU). &1 5 & FEiHE)S, W AREEE I k- Bk
LSR5 R 15 5, T BE A T M 8 R 254, B R R DA% 2 2 IR
AR A JR S SRR, ISR GNN SR IR 451, 5] NFRZE7EHE (residual connection) 17181 AI 2L
RfRIRIE RPN LS (deep GNN, DeGNN) 18191t {3k SP-3 [] J, Bk 22 450 GNN 1T Ra 00 T
Sk — gk-1 4 gh-1.

Tres

Sk71 — Akalwkfl’ (2)

res

X" =o(Sh).
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2 (MEEZE) BRE 3D HENELMWSER vault %it. () #E 3D HEERNELEM; (b) DRAM SHFHNEER
vault %it.

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 ZHERTELRMN

ZYEHEBAEAE PO R — PR TR E B SRR BT RR. S5 S 4T A A/ AH LG, 3D HES Ak
o B HE S G A R TR, ST A R S . R IR SRR S K, B AL S A A
BN GNN IRIE FRE0, m3E T 3D HEE N AF 220 GNN IS % i S0 08 s Ak B S 5dE e s g m
FRY T B SRR AU AT T 5, W2 Je kit AR S5 7 oK.

WK 2(a) Fi7w, 3D HEBAFEAMIEH B R KEHEZ 5 2 HEE K] DRAM JZ, it fifi@fL (through-silicon
vias, TSV) HIEBAEARL K, HE NZATEH X, B XS DRAM ERFE T, il & 2 0 A A7
P U 1), SCH A AT U A

Kl 2(b) &R T DRAM die HIPH4hM, HIBEN A E 2 vault (B2 A~ HBM @& 7E 8 H 7 W\ X
FHES LRI IAT U MR IG, TR R F 22 DRAM 3 B U5 A A 556 EE). B4 vault HET
bank group 5 TSV 1/O HLEKA AL, bank group W& 24~ bank PAFEFEHE U5 H 0% (H bank-level i %6214
1024 GB/s, .3 & T channel-level 7 %2 256 GB/s, ARHLH T EIFAT U AE3%). FA bank £27% DRAM HT
B2 RNTBOR @8 AR AT B DA%, #5730 bank BC#& A7 A THE BT, SR SRAM 2247 5 Ab P T LS RFIE A7 11
5. DRAM ERELRIE V17, HRJZ (basic die) M3 AT e rh 51t RE

2.3 MBAARFENTE

B GCN J#E#ZE R4 (W SGON 2] 5 GCIM 20)) 7 DeGNN #EFERIFE rf, 2 i 1 I - S ERE BT & . N
A% (AR 3 DL A 8 2 00 U7 1A) BRI N &5 n) @, Hidb, SGON [ 72 KR Aggregation-first F1HENF, = i
DI, S EAERELE AR 115 L T e 0@ i a2 & )5 R G v RS [, FLBTR A 1) BEICSR J&
itk X ESETH T UAFREE, B in-place Bt TCIREBORME ] A 4723 10, BRI 7 AR 25271, 1 AR IER)
3D-CIM ZEH IR &%, GCIM K& 5 R G B0 M 2 5)RE4HE 2 5 DRAM 2 ULSCRAIHFATHAT, SA1M 32 R
TOmARERENL A4 5 5 3 ) S ANy, HBE R R e S B R R R A, O EE— 35 52T R G R K SRR .

HEIRERTRBIE. SGCN 5 GCIM ¥R Aggregation-first [ITHFINT, BISEHAT R A#RME, Filkir
A5 1z B R TR S R i, (AAEIAUR)E GON th 2 B & MIUARHE IS, thT %2
T REIE AR R IR RE— B, Aggregation-first TOVEEIL EHAFHERE” KELHRIFRR. LT, £HXH
Combination-first SEB, ZE4T H 4E BN TH N L5 T, T Seilid 20 G40 F B AIRRAAE 4R 2, BEIm7E SR G B
RF RS TNRAERCE, PR S AR IR, I 2R B Z X oE S (1 R SRR, JUH GCIM #R&
HEAYI AT DRAM 2 532, S DLSEILTH SRR e, 5 S081E i HR 1R B0 2 (R LUK 4.

NEZEERFEE. /L SGON #£H T Bitmap-index Embedded In-place CSR (BEICSR) %! #% 2, i@if
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3 (MEHRFE) (a) HEAERAS5AREBHARMHITIRN THRIEHLLE; (b) row-wise aggregation 5 outer
product aggregation EREIHEEMN GNN BHTHERED; (c) FRIKEEN GNN SEPEFERRE; (d) ~E
HIRE T R EHER T AF B A2,

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 2R 5| FE4AHFIE B LARD A7 D7 in] L, (HIR A ) in-place compression BT 2SR BT W R 5 AR R 46 AH
[T A7 25 8], B SR E, BEICSR B A A RO RFIE R 51 AT, BN T HifR cacheline X FFAIIFATE A, H
1T WAFAT R T DR [ E A, SRS AR 2 IR VR, AR B EIE PR A2 . R (AR e AE 2
JZ GON HERRIN B0 2, o BRI A7 G R Y 2858 T ) 32 S

WEEEC A 2. Ak, BEICSR X ANAZ K« AR S A [ B 4 O R 2 AR AL sk Z Zh A & e . SGCN
KRB V)RS (30 C = 96) RALZAT /e, BESR AT ORAE A A7 U5 1050 5%, (H SERRM BT 73 AT 1 8 BAT 235
&, 8 5E V)R BC B oI ORIELE FT A 5 N 3 SE LR BT AF R0, BAR AU 1) AT BAXS 5%, (BN T ERIUEXS 55 X 2R
PR EAAE 0], RBEA 7RI R R A BT H 0.

R ESAEAEER. GCIM FH 3D HEZZH 73 H/E DRAM EALERZEHAT R G SHGHRE, LIS
PLIAT VS S AEIR R, SR, BT S5 K S5 AR AE 0 A (A S5 A AR, &0 15 AU B AR 20 A AEAN A vault
5 bank H, SECR G P AE AT BENLUIAE, MBS R AR R IR hAh, GCIM RIBLERKI 7y T7
WAETE X B AR, ARG 2 18] 5 LA R A 1) 22 5, PROSEASEH 75 S Ap 8 He e i 5, B
IS BEHGEAE T, IR 7 R IFAT AT IR R4 T

2.4 RIS I

AMEEHITIRR. WKl 3(a) Fizr, Fi GNN JHESS R <edl b FERA” BRI BT T, did 78
Combination BfI\EiX‘JL%‘5%&@51&@%@@5%%%%?@&, MIMTE Aggregation B B DA N REAE T FE BT AT SR &R
InERfE, Ly b AR R S AR B8R ). SRS AE IR B R I R BRI, JUHOE H TR R4 A
EHEARMY . MTHEARZURE, AW F 2 2R —2817E Combination 5 Aggregation Fr Be%k
F47 7% (row-wise multiplication, UL 4(b)) 25261 5 —2KNI7E Combination My BCR 1736, £ Aggregation
B BR F AR (outer-product multiplication, WL 4(a)) 27). R, ZETH ] 3D #ESiL WAF 115 (3D-CIM) 42
R R GNN HERErh 33X 9 20 208 T I S B Pk A

BRI, 247 FeiFh X AR T I AT AR A 244 H 3B G 0t R ()RR R 1 4 =) SR, (E LR A 7k 2 v B A 11
ST S5 8RB A, MEDL RV AR 2Rl G B, IR T s ZER A S B L RN, 8 vault [A]HR
Z AR EARE ), 5K BRI SRRV AR R, T ) et R

7T, SEAMETE R BB P N IE E Y (H R B e B R R P DS R R g R, SR R
P55 F R R, FE51 N K& A () 50 484 5 G2 4707 0], e LA 2 3D-CIM B4 A X $dis = 30 14 5 5 56 1)
(oK. A RNRFE IR T, PR RN LRI YERE SHE TR OV H 2 R, e — 2 e T A S BeiaT
EAETH R R . VR R ORI 5 S SIS R BRI, PRtk 715k — M B B AR S A S 5k Rl
FAETERPAT B PASCRE 201 DeGNN HERE.

HBIREMEELS. W 3(c) FiR, B GNN ZEZINE, DeGNN 7E Cora 28], CiteSeer 2, PubMed 3%
Reddit PY, Github 32 &5 DBLP (31 &5 7Y 5GP 4 b 2300 A )RR AR Al B 108 2 3 s a3 BDIEZ &
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(c) Three Phases of DeGNN Processing on G3DMA
T N
- x = [ = HEEE row!
for ( H H 1 {
for (k'= 0; K )< (a)
arts] = atiati « st Outer-
W Product
x d = = ._._ ROW 2
a s ) H H H H
[ < < -
X —
Jllll \ll\l T 1] x = [ 1 = HEEE rovs6
o for () S (b) X+ wk XEwk A XEwk skt
k1031 (k1ta) (allil; Row-wise
)” Product
© Combination phase @ Intermediate Aggregation phase © Residual Accumulation phase

4 (MERFE) BWERERZEARS G3DMA F DeGNN #IEM=MERIERE. (a) MAKE (outer product);
(b) 173k (row-wise product); (c) ZrEITIERL.

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.

Row (b) DBSR Format (c) CSC Format
01 2 3 45 6 7
o 72 1[o of1]1]o 3|5 maces [1]2]3]5]61]2]5]6]
e~ [e]s 1]1 ofofof1] [o]1]1]0] 2|8
3 - 2 8|1 1[o of1]1]o 63 pomers [0]2]5]7]9]
= 3|5 01 o110 7|2 vaes [3]5]2]8]1]6]3]7]2]
(a) Sparse Matrix olumn 5"";::::"“ In-Block Position BiTmap (Block Size=4) Values
Bitmap Values
wses [0] 20560 0]5] [ owmoor [2]5]6]35] woer [o[1]o1]1]o]o]1] Burstlength
wotez [2]0f0]a]8]o]5]0] [ 10011010 [2]4]s8]5] woiez [1]0foJ1]1]o]1]o] [2]s]6]s[2]4]s]5]
woses [0Jo[3Jo]6 oo6] [ oot01001 [3]6]56] noses [0 0f1[oftfofo]1] elefef4fe]r[2]-
Values
woaes [0 4]0 8] 70 0]2] [Cooor0_[4]8]7]2] wws [0t fof1]1fofofr]
(d) Node feature (e) BEICSR Format Bitmapiindex (f) BSR Format

& 5 ARHEREHERAMERER. (a) REHERER; (b) MMIEHKRZXR (DBSR) &X; (c) E4E5IE (CSC) #KX;
(d) T524FERERE; (e) H”LL?%HM?J'E CSR (BEICSR) 183; (f) %R (BSR) 8.

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.

PEBIFrEe N RE. AN, ANFEEEE SRR R YE A 22 B2, HAZ R BAZSRLRE Lo kgsa (i
CSC B, CSR B3 5 COO 1361y Zh[f g « RTITFHR, s LU ROERLIX —Sh S Msit, S BUERMG L2 1 3L
Ibé%t)ﬂ? A e M L J2 PP U B R FH A A K. &l 3(d) B, 12 1)k S 2 48 0 P A7 U7 1) T4, R DeGNN
IR AL, NP TR A7 i M BE, BEICSR 4% 3K 291 (18] 5(e)) 7EAT A I bitmap & 31, B T ALSR RG] A,
JFfE DeGNN I Y R A I 4 R 5V AF 8GR SR, 248 3R A [ € ) A K/ in-place A BELE, REH
ATV 555 AT BN, BT A FZ B 0 A A K, 755 A KE padding, iSRS RITR S, B9 7 EA
FIAERER A IR 1) R B, DA s i s B A3 N P 5 5 ) R A 5 T T A AR SR PR, o 75 e vk — M S Rr B
&N R 5 e RS B AR AT it 5 58, LA RUGHE DeGNN (1= BUHERE 5 K.

TR, BFR L IO RSAT R SR 7 SRR ISRy, — U7, ZRM e R A RIS I AL
I A 5 PR BERL A, L)iﬁ@ﬂ%ﬁ“*ﬁ%ﬂﬁﬁ’]#ﬁﬂﬁﬂ, M R S I T R SRR E . 5y — U7, &
i BT R A BT e R G 6 5 AR AT, o L R 6 SR TR s i P Bh A AU IR T PR K B2 A i S AR 4H
ilAl. RATAEPAT IR S A2 QAN 2 S B R AL, B4 BETE 70 B DeGNN ARG i1 55 5K ZE ML
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B 1, FHH L 3D-CIM Z8K N e CHEBE 75 5K

3 witFEARR
3.1 EHERNERESRITHEE

A BRI PR EE GNN HERE SRR h o mURFAE 5 AR R0 M B A R AR AR M, A SRR T 2 A R 48 77 36

BRI S, B XA A, RO M%7~ (dual-bitmap sparse representation, DBSR) &5#4. i1l
K 5(b) flT7~, DBSR. B Je #4555 FE 4% block size X143, PR bitmap 41/ block presence bitmap H FFric &
ATHIRLE block & JEZAH, in-block position bitmap H F1EFBENIEE block WHBAEE LR TSN E. 78
ZLERIH AR block presence bitmap FRICA “17 B 2L block, f7fif XM in-block position bitmap K IAEZE
value array. PAPE 5(a) ) 4x8 FRERAEFE B, A28 1 478 R NP A block, block presence bitmap Fric 2
— block FHIEE(E. XM A in-block position bitmap 1t.3¢1% block WIEE LR AN E, HIUI4 1% block HIEE
2 M5 3 H4AEE, W bitmap AHNAZEAR “17. JEFAAZ BB PR TAAAELE values H1, CRUE MRS I 42 A
FFRE. AN, block presence bitmap {E°N block-level valid mask, LR AT HAT RIS, $ETHER S BB %6 A H %,
TR TUR VI ITHH.

M2 R, #2480 ¢SC A% B Wk 5(c) s, Fifii column_ptr, row_idx Fl value = &84, TEAREMbids 5
T (MBREE 0.01%~5%), BIANTE 4x8 B FFAEE 1 MEFICEM, CSR T 247 i 5 4> column_ptr (B>
H 2 bits, Bl log, 4), 1 4™ colidx (5 H 3 bits, B log, 8), LA i) value. Eit, CSC HT 176 B S5/ 85 A
13 bits (5 x 2 + 3). ML T, DBSR AN FFAZfiE 1 4> 2 bits [ row index, 1 ™ 2 bits ] block presence bitmap,
1 /™ 4 bits [ in-block position bitmap, AKX M) value, B &5 S TFES N 8 bits (2 + 2 + 4). [Fl, DBSR
B SR TR CSC 1 61.54%, EEFEAIK T REFE AR, X W], DBSR M XUE bitmap £5#)iE 4 1
X row_idx S TAEA, 7E AR I AR R 47 55 T R 3 LD B v A A RO S A A A 1. (1S — 212, DBSR
SERTRIT R TAT RS, M T4 CSR A% B9, [FIRE B4 R IAE it 3508 5 A 1 At

BEAL, EFXEAT ARRAE X, A% MEGA H0¥ BEICSR #k AR bitmap 5 value 4 BS A7 10 15 11 AR, 42
H 7 bitmap-value 73 & IR GAF %77 5. WA 5(e) Fios, 1448 BEICSR ¥4 bitmap 53R Z A # [ 2 U1 7 K/
in-place f7fiff, B ORIENAEXS 5 5T BN, (HEERBLE S0, Ji X0 752K 7 5] A K& padding, 3
AR A AR B

AR R ) @, AT R anEl 5(F) BTas i BSR (block sparse representation) 7325 A7l 45 4, 4 bitmap
5 value 43 B A7 bitmap CAETREAE AN B R 5|, value array WFAAE A ZAE. XM &1k 7 =7 H 4F4b.
H4e, ##4  BEICSR [ € K S5 K R IK padding 7% [EVR 2%, Hpldi H TR E GNN Ho A REEAR B 52 3 A A2
st Jik, o BRI tai AL 1 A1 4R, AHREEIRIIXN T zero-skipping 1], 5 T fEREA S v &L
pipeline fif#fis. 5=, JEZMEH% burst length FFELAFIFAAE, 2T+ T DRAM Vi f#4 9i 8 FH 28 5 BARAA 0 10%.
S GANEAERE A 1) DBSR JR45 5 SURHIE X B9 BSR 43 B AFiE 7 58, ARWTHE 3D-CIM 2244 F 528 1 XHR
GNN HERE R G 5 40 S0 B g Ve 1) s R

BEAh, 2 1 6T E T LA SRR A% 30 (CSR/CSC, BEICSR) 54 SCH H) DBSR, BSR (1)3& FH % % 5 fg
FHIE, R T IR T RAER 51 8CR . WAFRI 2 50 i e P 77 T . 35 A 3

3.2 FEBITIRE

HAR 3D HEBIT W AFTH LB A B T (PE) BRATAE T DRAM bank, 7EA 8 U5 i 28 IR A1 58
AR T7 10 R LA S 25 e, (ELAE R FEE P o 22 X 2 A T oy, Ak R 70 475 52 21 B0l A B B it 1 5 AN 0 12
FITBR . LRI, T ARG B A SR E A vault 7745, FRAR IR S H BORE M R T FEBELUI 77, ™ 8
HIl 55 1 I K AR 2R I AR B EIL 34, o 1 20 28 S8 B AR I 8 1) S B
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®1 BHRGERAENRSER M IR,

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

NRLXS DeGNN HEES R P& . RE HREAMHE SR/ R S B R 2R, AT H
T i m 3D-CIM B2 I =B Be AT B, W] 4(c) s, B AL HER IR AR K 4) W4 G (combination).
(B 24 (intermediate aggregation) F15%ZE R (residual accumulation) 3 ANFYBE, FfIm i i A0 1 20 H 18 2 %
T R EERLA 5 85 -vault H 845 F o SN, S B0E I L Ui R v S AT TH R N R R
fetk.

TEZRERI T R G740 % BRI HE 15 S M (IR AR AE | 7 FH 22 S 1) 40 35 1 S s DA T 38 44 1) 50
AR PR R . BT S, 9 SRR R X SR AT (block sparse row, BSR) k& 45, & id 5%
PEFRHER AT R EIME R, BLA AT HeVE (row-wise product) 83X, AeM Bkit TEXT B TR VI 5115, I
Sk B REETC A, TR ZEARAL (zero-skipping) AL, SRFEHIFE A R XA FF B3R 7~ (dual-bitmap sparse
representation, DBSR), @ﬁ%éﬁfﬁ@]ﬁ%“ﬁiﬂ?ﬁﬂﬁﬂ%nﬂlj\]#%:fﬁ%, SHE Bt v I tlﬁ%%&ﬁ%‘?lﬁﬁﬁgﬁéﬁ, &
e T2 e i BV e) AR AN R () 3R 5 3 5

HEHEHB, RGWHE BSR #& ALK HET IR 51, BATMENT 46 5 10715 fURFAE, 2B Bont 2 A &R 5
L& HARH R, B R AT L TT 1, PO & JE RN RHEAT KERE VA SR INg &, WiZEAT
AR A XW. Zb BOE g R 51 SR FAALHLH] (zero-skipping), A R5CEE G A0 MR 5 FAH
P, FERRIRICRTHR S U7 5T BRI, 3270 B B AR iR F 22 5 3k e 24

HHE SR A M BB SR T A W BU RS BB EN AT SRS . R LAV A I BURAT A R A [ B XYW ONHIN, 45
HRRELAR M A PUATES S0 IRRFIE R &3 E. IKFE DBSR # IR ML HI R 51 55 NIEERATIE B, KRG ATESL
PN # G THR I R b s RO T Rk AT, P s R A BOR. 1 B, RGERH M (outer-product) 7
AR RS AT, X A 855 XW df RAT [ B HATIREIEH, R N A (partial sum) H ] ) &
NIERC 3D-CIM HY vault AMZEAF A B BRINZIR, REACRE B A AERESE R, =2 A2 47 U153 vl i
JEE R FR a5, AR I S BRI AE 5 B AR vault, R A IR 13 3R THEAE R FH 2 500 B R E 1.

HENFRZE BN BUE, R BART R oA E B, ¥ bR e m 2248 tHES —vault 208 B8 A2 AL i 22 AH B
THRETT, IS 2 H RGN RURHE R PAT IE T R IR, e R & 45 R SR Z AR Rl & 0. 1M B
RiE TR G 5REEEMNA AR, AMURm 7B ERARE, AT 7R E S5RETERIF T, 2
FZLM T VAR RGVEREIIHI L), 2, G S 7Y RURMIE A) B8 I R 4 g A DL B R i 509 BSR 4% 20
G A bank, 1EN T — EHERLTHEL R S G

TN, W BN BTN, FR M TR IR 2454, EHUZ GNN th, Residual
Accumulation By BOEA AU 5 A 45 AT RAE 25 5 [0, 175K Concatenation B 8¢ Jumping Knowl-
edge B7) S5 ERFIE RS AL AR i, B BIR vl e N nT G B MRHIE R & BT (WPHEBUINBUER &), DU R
4t — R S AT E 2.

3.3 FRAIBFN LA E 5 EL RS

DeGNN fE =i Bt ATH AL 7 2RI A Bl S M Rr AE AN 25 R A 2238 1%, At S Ui M B 2 B
JEASIETANES —vault 8BS HE. WERAINCAAL, BARK) PE SO MERERISA, MARZAIES -vault HH 2%
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H U 23 B 25 AT SR Bl BRI, FRATTEHERE A 51 N R HUAC B S 57O L SRS, AR E ARSI N
L HAP HRTIE T, I 2R 5 R AR RN (70 M, FE TR B PE IS SeBL 7 8391 R iR T 51 =
WRFE AT, FETRAC PRI B, 15 2 5 ZEON T (A ST A M SR M, AR TR ZZ B B ES -vault VSRS, W
) 2 7 sUEFE R T AR SR A B 1 Jaccard AHALLEE (381

_ [N(w) N N(v)|

Aff jace(u,v) = |N(u) UN(v)]

(3)
PLE 456 DBSR 445 M AL Jaccard fEfE. W B AFTAE RG], pup RonTim u 7EH b WA AL B AL,
lEs)

Zbel’j’ min(pmba pv,b)

Aff = ' 4
DBSR (U, V) ZbeB max(Pu,b, Du,b) X

FESEBRIGHLT, SEANFE TR R L 2 B T s, DLk G 4 PP R LA s SR 2R 2. Tz b 807 =X,
BATAEAT A @ R SRS S, it BRI ERSERE, SR top-m DNEARKIIAEE, LU B)
IEEUS IR 8

B S, FRATR s 4 i an ge it B B i B A A LR R BATT &, € X nnzb X[i] 7~ BSR #& 20N TH A
i FRE R E I IEE AL, PoPli] Kn 5 @ M1 DBSR L1 in-block popcount & F1, Brow[i] %7~ DBSR H4T i [
TEEREL. JATHE e SORBE

Key[i| = wy - nnzb_X[i] + wy - POP[i] + w3 - Brow[i], (5)

I AFLAE N TR 1 B R P AR

FEMLETIY B, TR SE i R B R B PP e, JF Il — e & PE a0 S8 I0 Se BASIEEAT . X T T
i, AR BB EE N PE; &2 /Mkik PE I TARERGE, Wikt DR M RE S ISR R
PR, R 73 e 215 HmoR AR AR R Y vault, AT FEARES -vault 5. E5EMRPECE, B4 PE WL X
T My E AT B, DASRTH IR 4 DR A IE BN A5 I R, W U5 VE B4R 2 T B Hilbert 2 a0 5CH)1E
B kAL

FIRAE R P BRGNS 1 R, NSRRI LT, BAREE S5 WU i AR A B AT B I et B2
WIRAHE: (1) MRS S50, BREER OE) (K B AJEFUEAERIHR); (2) TR TE
HHEF, BAEN O(Vieg V) (V ATHEED); (3) TSI Gl E 5 Rt fflE, ZRELN O(V log P)
(P AR ICEE). LEA T EASE RN O(E + ViegV). TERBEME WK HIRET, £ 5 V il 241
KER CPEIFEORRRRE), P AL BRI ) e A 5 2% 2 3 ALUBE P A 2 P4 I

H% 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[];
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;

_
= O

: end for
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UEAh, 1Z AL A AE Y SR s B T PAT — Ik, B85 RAT7E & 2R, PRI T4 T 75 2 2 W 4 rh 2
TEWZ GCN A A FAb BR B B o5 v B i AT B [0 2 2.56%~3.62%, HAE IR DeGNN Hof gt —0 N
(PELEE 5.2 /NTTRAARPERRVEAY). BHULTT I, BTde i SR s (e AR R iR E M BRI, B8 T M a8 ic 5 W A7
ViR, WTTERZE GNN H S RS T, JRAE TR A Y i R 15 o A s A 2

4 G3DMA MREHZITSEW

4.1 DRAM EZAigit

A DRAM E AR R 73 N 2 A vault, LAIG 5 N A7 U5 1) HAT PR 5T ARSI AL 4 B anE 6(a) Bt
N, B vault BFE—/NHPEAS bank 41T bank 2H. —/ vault #5585, —ANAAFFHEES (content addressable
memory, CAM), LN TTE T % (computation engine, CE). bank F 47 115 BT 75 208, vault #5643 71 51
¥ —vault IR V7 FH AL CAM F THHEM B 5t FACE S B PUR UL S5 8, DUR TS U5 iR 280%; 1+
TN PATH G 5 R EHRAE.

HESIE. Wl 6(b) Frw, B THE S B hiEdl 28 W2 IX (B4 DBSR 22X, BSR &i[X, %A%
MIX R 22 v X)), $RELES 557 K 2% (fetcher and dispatcher), #5245 5425 (decoder and encoder), LA IIE
PRI (activator) ZH K.

FEH-GH B, il e R 2 08 S A8 N BSR 221 X0 i & 4 R 208, 05 HOmak 2 s 88, DA
FRE SRR AL T (PIR 1), 75 RURHIE X BNEE PE 3 A2 2 [FIS, RIS 2448 BSR H Y bitmap 45
FROERT R R 51, FERZ R 5% 36 BRI 5 70 K EsEL (GPIR 2). BEJG, R 5 70 K AR\ A =
R MAFEF RIS X M FRERRE W, B HIEN PE; PE @A TR 7 AT, B2 IR
N XW (PIR 3). B2, WARIRAR R XW &l 2 X 5 [l B A bank, BUBITE TSVs £ 2 HAh vault
PLSCHRES Sy XU (B BR 4).

ERERAE, SHAMBHEEXHIARIAESE 1S 3. /5205 1+, #ih#hadid 2 32 4 M DBSR
P DXOMBUE A 5 B A, F T RS 5 G40k, 7E0 58 3 o, S IE A 515 JIRARR XW
{£ PE HHATAME S

TERRZE RN B, AR FE A 5T MIRAR IR XW AN A BRI P (R R B 2 42 AT PR il ) &2, IR0 R 28Xt
RERTHE S B S, X B S b 2 0 RURHE— R AT R0, T RCIRAS T I AR b G iR 22 I SR
i, TG ZM 2 f#E DeGNN Hr i it - 1 R BN 4h F 48 eh o sk BB AT ARG AR 4, 133 F — JZ 1799 sy
TRl (BB 5). 2, IXECHRHIE ] B IR AN gmbd a5, H4i v BSR k20 (CPIR 6), Jfdidfa th 22 ob [X 5 [0l B4R
Hb bank, R H TSVs f£H 2 HAth vault, SCFF T — 28570 X 5 82 H 5.

RS, K 6(c) Bor T IRATHT T RIS 28 4540, %MD 2% il [F I SCFF DBSR 5 BSR MR i % 2, 5K
I F B B 5 715 RURFIE IR 48— e b 22

7EXF DBSR A% A E B A7 AR AL i), RS A8 B il i Bz iU a3 $2 U Block Presence Bitmap, PARfE Hbx %1
BNABIRILLE,; R, 4 In-Block Position Bitmap %% Bitmap A7 ay, NJE SN2 5| 9L B gt &
FE P 1). MG, %454 In-Block Position Bitmap I A\ % BitIndex THUBER, X 2Ry IR 247 B ik
ITHITZ R gwts, LR AE R n R AN WL A E. 10, F 5 A Bitmap A4 “10117, W] BitIndex #5HL
B HF Oy “11237 (VIR 2). 355, RGUKIELG Bitmap 5% 2 N45 RIAT BN SEAT, AT AR BT RN
Fon XW BIERZES. B, «1011” 5 “1123” #47 S5EAEEAE] <10237 CPIR 3). &, SRIER 5 0 KA R s
AR R R 51 (P ER 4) MIBRNRS] (PR 5), SRV I IR AR R XW, FRR 7 K B XN ) PE H
PLSE R 5.

XHF BSR A% IRIGLRE, 5 DBSR KA, ME— XL T JE 74T Block Presence Bitmap FTEHUGEAE.

IR IT. BT 6(d) s, SRR T 3 AN AR 2 MEE SR (demultiplexers). 1 43¢
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| ' o ° I I I T =
Sense Amplifier Sense Amplifier Activator
3 g E L pe | [P | [pE | | pE |
o ] 4
« & ot * 1 * Encoder
o nDEe ColrnIDee Fetcher and Dispatcher | ° °
WTD&IOSA WTD&IOSA ]
t t i ¢ t t | Controller | | DBSR Buffer I | BSR Buffer | | Dense Buffer | | Output Buffer |
Computation Engine H TSVs H Computation Engine | .. | H - Tsvs a,fd il H H |
(a) Dram Die Design (b) Computation Engine
resence Bltmap o
—_— Block Reader
° Global Buffer Router
e (3]
025 i f i f
T—E %l s[2fo] 1~ Memory Controller
Block Position Bitmap o g
Decoder T T T T T
v | TSVs and Others Vault |
(c) Decoder (d) Process Element (e) Basic Die Design

6 (MERZE) G3SDMA HEMSEHEITRER. (a) DRAM EMEMERIE; (b) ITESIEEIT; (c) EHERERED
£%; (d) AEEIT (PE); (e) Basic EHIEHERK.

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.

EARA AN InESS, T SRR 5 R0 7 6g S BB 53RN (multiply-accumulate, MAC) #4E. JNI&E R AT
FEH) GNN MR A A B R RSB S5k 2 2 B i s M 57k, s sl N TR
FA&, UASEE I 5E i E AR, T RIE SCREANRITH SRR A2 T 1 S 2.

4.2 Basic BZ#%1t

Wl 6(e) AT, TS vault FIZHEELHE DS (router) WAFERIES S vault & /&M X AR, W5 —,
R T 37 58 A R 3 SR AT 5 TR B, SRR S At vanle (R POEUERZ LS B RDELS, DLSCHEA A B IR
F BB i RN B s o X EAE S

FEH G B, R T RIS a8 A A 2R 51 U5 R0 BB [ . 2 BB A T A G o IX, U A A%
2% ELER R DOF 48 il 888 AT G155 TR BCEAEAM, RGN 2 RGRZREE K, HHAR vault 3R [B145
RUNSERE 7> XN, FEsI R, I H 8 H4ED — K S SR, TR RS vault XK R, LA
BAORZR 51 U7 1) W IEA V5 k. AT TR ) S B B, 89 R NSRS A A2 R X, U P9 A7 s 4
B BOFZ s B8R IENTHEL S 5 B AEAR, RGNS AORIEFEER, HHAR vault 1520145 58 LL5E RS 7
DXL

] R A B Ui A2 R S AL A B B, (HERAEXT RMBCE R B FIRAR R XW. & XW B
SEBA T A GE i X, A A ) 0 R Rt o 2 2 v SRS RN, A R A vanlt SRBUH N EE, ST RURFE
FEZA vault [AHN 5T 58 E, DSUERGIEH.

FEFRZE BB BL, BEBS AR B A RN ) B TR 5 —vault VEAL. FREGE— 7 T 7 K AN b o ) 25 SRA 126 22 Ho At
vault, 73— 75 Tt EFRWICR B HAb vault B9 E A&, JERHH 2 DRAM R HFRtHSRIcHh. Sk, 168
YE4 TRAIER RS bank HIESBUN SR, FIRHCRARAHFIER) 24145 8, AT ORFEAE 3R & 5 5% % RIMpr B
WAEAT AT
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*2 BMERESR.

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

* 3 G3DMA # DRAM E#S bank group KIBEHECE.
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 SKWmS4ER

5.1 SLNECE

BRESHWERE. NIOUEITHEHHESLRIE I 546 R, ASCER 3 T B A AR B Pl o 20 Doy 2% A5 7
ITVPAL, B4 GON 12 GIN 18] #1 GraphSAGE M) JEAE 5 AN V2 A8 FH B MERE 4R PR sils, ARE4E Cora
(CR) 28] Citeseer (CS) 291, PubMed (PB) B Reddit (RD) B Al NELL (NL) B9 (413% 2 fiw). b sS4
#1513 FR IS SHAZ R A RS, BT 2 G 2 RE I SRR et Dy vE Al RGAEAH K
SER T ORI 5 1E Y RE FR At 1 R,

FAKIMF, Cora, Citeseer 15 PubMed BI9FRiES| X4, 1 mERFEARR L, WFRRTIHK R, BIKRKLH
BOM B, Fn B, W T R RS B SRR BRI AIE; NELL RIS W DAl FROR) 2 F R il ) 315 i
ALRR R G5k e PR, 16 & PR R RULE A B A T HOSRIABE JT; Reddit A RABAL A 2%, 5 fikoR
P, ARV A B, B 5 B, & T B SR AE KB ST AT RV S R aiae /). X el 7
SR JmIE . BRSBTS BARHE, IR AP TR HESEAE DeGNN b I BER I 5 B R
G EE S

BEHIRE. 52487 £ KH 3D-stacked memory architecture FIINE#S B 11 PRFF—2, G3DMA XHH 1 1
B (basic die) 5 8 NMEEMESIIFMEE (DRAM dies) 41 memory cube 4244, NHEFHIHAT VT M E S
P R FT %, B RS BRI g 16 M TEFLAX (vault), 854 vault 618K FIASR DRAM J2 77k
BHE, JFilid TSVs 5JEHE basic die 837l EHEIE, T SEILES 2 2 10 B 1.

TEAFAALZUT T, B DRAM die ##E—20XRIAZ A banks, BZEE M A banks, 4> bank B2
16 MB. Kk, A memory cube 1% 8 (DRAM dies) x 2 (banks per die) x 16 (vaults) = 512 /> banks, A7
it B ERIEF] 8 GB. XM B IFAT HAFfik S5 AL FE SR R 98 U 10) BE 0 AR [RIIN, 545 R0 0 5edhs 1 2 5 v 25 i
BUVTTA], AR5 38 B P 2 X 2% rp RIS &I R Ry ko BDURIR i R 51 V5 10 45 1 337 5%

e R ITEE b, RATERA bank H M E —MHESIE, F051%NER 16 4~ PE, HEA PE Z
AN FP32 HE IR IG (MAC). M4, N H5 51 2 E % 1) DBSR Buffer 5 BSR _Buffer K& 14M
1 kB, T Dense Buffer 5 Output_Buffer FIZFE AN 2 kB, LAFEWAS [FI #5555 5086 5% BT 1 = RORFIE /A LU
3K. 1 basic die H', Global Buffer {184 128 kB. {7i#%)Z (DRAM die) 52 Z (basic die) HIE AR} E
PEILEE 3 4.
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#* 4 G3DMA # Basic RHEHEE.
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

B E. MM G3DMA FIPERE S RERL, AN SCIEE 18 F BIM & N4 HEZE I 2 3k s Ve Re % A s 2%
TERNST XS 5, DA AR PP S5 R B REME S 24 o, 1%, (B FANESL 7T, M 15T PyTorch f &4
M4 B PyTorch Geometric (PyG) 40 iZAESL) 12 N FH T B #4511l R S HE AT 5%, SRIGTEIZAT Linux &R
i TAEuh T, P AR E AR Intel Xeon E5-2680 v4 AbHEZE S NVIDIA Tesla V100 GPU, 43 Bl
PyG £ CPU (PyG CPU) 5 GPU (PyG GPU) LHISEHIMERE, /E NS G3DMA i Eb i A L vk,

FOWR, TR FREAE D7 TH, ASCEICT 77 B A R MRS N4 E 4 HyGCN 41 GCIM 261, GONim [27]
5 SGON B3] /Rt bkt G dX e i 88 701 R EG M BRI S A7 BRAE T TR 7 2 Mt Bk, B s
TAFEB BB SRS, @S RS R s 3 (M 8 S5 BE RO L, AT LT EGAE G3SDMA M T
fil R 7 R AR A S .

IMRIZE. N T HEF AL G3DMA FIH e DIHE, AR Verilog HDL #4711, HFIH Synopsys Design
Compiler £ TSMC 28 nm Ar#EFRICE F LS, TAEMREE AN 1 GHz. F4E5 HIEHH 5 N2 T CACTI-
3DD [42] g JK 7 3D HEE DRAM. A _EAEfk e e, HiEEE LGB HE, MRS A TR . ThFE 50 %
i, BeAh, ASCEHHT TR TR R AT E, f£4i— 1 DRAM R ZAHR T, X G3DMA 5Z R
SRAR AR REEMIAT AT T 430, DLIRTS AT J& A R0 14 B8 B8 R0 ) 4 THT PPA

DB CRA [R] T 2 TE T LU R A S, AR SO SQBERE A 5 11 3 BRI AT T ARHEAL AL 3. 15 %%, BT s 28 4
BRI HBM 17 B B X RN S AL, FLR, Xf FE R R T H R B IR 5 A B B e RIS G3DMA
{REF—3, A4S 3D HESZEH) (40 GCIM 260 il GONim 27y PAK SR 8% (40 HyGCON 1 F1 SGCN [29]). %
J&, BT HEARIE HIH— N BitOPs, PAGRIEAS A0 2% (8] i PE R VRS AT AT ek, adid iR brue b &, a7 LA
HER B G3DMA TEVR A S0 T BT s R I M RE SR T 5 Re Akt 3.

5.2 EE{RM4EEITAY

IR SR, B 7(a) JB/R T G3DMA 5 PyG £ CPU 5 GPU “F& ERIBATH 5T EL. SEie st R,
7E GNN f£45 41, G3DMA % T PyG-CPU 5 PyG-GPU 73 H528l 1 T4 6007.41x 5 106.28x HIhNig, 3515
2T HIAE N AE TS, 1 R (AR s MEBR ] T GPU AEHER R b ) AT R I 7(b) AT G3DMA 5
ZHEET 3D HEB AL T AR A8 A LR &5 . M BT HyGON #) GCIM 1261, GCNim 271 & SGCN 291
G3DMA 73 7SEI T 26.27x, 11.93x, 1.46x 5 2.42x [N, X — 00 E BRIET Frie th i 4% 205 =B B
PATHR: SREEAERE K DBSR oK, 9 AR R BSR FRoR, H45 & FMbid S5 ot ii ELH], A
T T Vife R E S SR 2, D TUR TS B s

BEFE. I 7(c) M (d) A T AR RE S INEZE S HARE L —fbBeREXT L. £4— 1 DRAM 7% 5
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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



