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A Survey of Large-Scale Graph Neural Networks
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Abstract Graph Neural Networks (GNNs) have garnered increasing attention for their ability to
model non-Euclidean graph structures and complex features. They have been applied extensively in various
application domains, such as recommender systems, link prediction, and traffic prediction. However,
training GNN models on large-scale data poses several challenges, such as irregular graph structures,
complex node features, and dependent graph training samples. These challenges can put a strain on

computation efficiency, memory management, and the communication cost of distributed computing. To
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overcome these challenges, many researchers have focused on optimizing application methods, algorithm
models, programming frameworks, and hardware design. This survey specifically focuses on algorithm
optimization and framework acceleration for large-scale GNN models. By examining related works in these
areas, this survey aims to help readers understand the existing research as well as lay the foundation
for co-optimizing GNN algorithms and frameworks for large-scale data. This survey is structured as
follows. Firstly, we provide an overview of the challenges faced by GNNs in large-scale applications and the
major optimization methods used to deal with these challenges. In addition, we compare our survey with
existing surveys on GNNs. The major difference is that our survey focuses specifically on GNN models
in large-scale applications. We summarize and analyze related works on GNN algorithms and framework
optimization with a focus on scalability. In the second section, we provide a brief overview of the message
passing mechanism and classify GNN models into four categories: Graph Convolutional Networks, Graph
Attention Networks, Graph Recurrent Neural Networks, and Graph Autoencoder. For each category,
we introduce the major network design, including propagation and aggregation strategies, and analyze
the corresponding challenges of processing large-scale data. Furthermore, we provide a summary of the
challenges faced by GNN models in large-scale applications, in terms of full-batch and mini-batch training
modes. Thirdly, we classify and analyze GNN algorithms for large-scale data. We focus on sampling-
based GNNs at different granularities, which use node-, layer-, and subgraph-based sampling strategies
to optimize the mini-batch training of GNNs. Specifically, node-based sampling strategies usually select
a fixed number of neighbors for each node, layer-based sampling methods operate at each GNN layer,
and subgraph-based sampling approaches attempt to find dense subgraphs as mini batches. We provide a
summary of each type of sampling strategy, including its key ideas, related works, and a discussion of its
advantages and disadvantages. In the fourth section of this survey, we introduce mainstream programming
frameworks for GNN models and related optimization techniques for framework acceleration. We briefly
introduce mainstream programming frameworks one by one, such as DGL, PyG, Graph-Learn, and also
summarize their characteristics. We divide these optimization strategies into five categories: data partition,
task scheduling, parallel execution, memory management, and other methods. Finally, we summarize this
survey. We also provide prospects for future work in optimizing GNN models and accelerating frameworks
for large-scale data, such as reducing redundant computation, algorithm and framework co-optimization,
graph-aware optimizations, support for complex graphs, flexible scheduling based on hardware features,
optimizations on distributed platforms, framework and hardware co-optimization and minimizing node

representation dimensions.
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u,v=1
1 & - (k)
Lyeg = §Z(HWU€)||%+||W 7, (32)
k=1
L= L2nd + aLlst + BLreg‘ (33)

FER BB b A (e Pk, AT
Z I EE R A MR L, FT 8 32 5 a5 i 1
28 M 28RN SR IR A 4 Y R A TR AL 2
o, ORI SR A R B . AR B R Ok R A
Ly (2430 (31)) it sl IAl i) BB I e AT X
KA YNGR, R REL L ZORARAT P
AR R R, Z B WA RS A Zhdh g o
TR R A AR ROR, F B HIIZRERS.
RIS FROEAFA [T sl Fee &
PHERERITTARTIE. RIMER N UREAS R R TE
HKIEAT NG, R A B th 2 3 TT AR
TH IRt —E PP K.
2.3 PRI E R BLE B T A AER kR

2.2 TG T AR ST Pl o 2 ) 45 AR I
PER U I A AFE BB, T TR LA
JEAR SRR P A FEAC R 73 Ay [l o 2 P 2R L [T
YL LA S BRI =3, 73 3l B 4 BT R 41 25
173 AN G 2K A8 R 2R A T = A T3 TR B2 P 306 K.
HARTEARTE R 3P

(1) PARhERIISeBORMHOCIIPEA. 1 W EhHiE
IS ST BN R BT AN A, U AE
Ao RS T 1) 3 U et s 8 v R A [ 2
S R T T A AR . . TR PR e 4 R 5 A T
R RN GRR, R B BB A N
A7, AR AR S H A A R L i
BEXT AN I TR, — S8 T AR R IR BE i 42
Qe R | [0 7 Wl < T c X S 2L
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Bl

A
2

Eild

H R AT A0 2R WL BEAS 3T R R TEAE A
THARSE T R MERR 2R TR ZE AU A S B 40
Jii, B W0 46 2 R 1 2 2 S ORI TR T I 40 1
FER A [

(2) PASHBARAIDE R PR, e TR 2%
ARSIy T, iz SR R R T SR AR, [ 45 4
BRI B — E R BN T BT AN AT
B, FEEET NGRS A AN AR
PESEIN T ) 7 BROMESE, RO, AN ] ]
B RIRAEAE 2 1 B — R B (R BRI S BB
W o= A —E R TR TR, RHRET ARG
M LN SRR v, Y IR ] 2 S 5 22 1l
R4,

(3) BARBHDCRIPEAR. — 5, PR K
MU BT R GR B A A A BR A1 1 1)
AL 55— 7 T, R X B 4 S i A 21
TERCHRA 73 DA K ) AR A 7 I T ST AT 8
fe i TPk

3 PRI 2 M A AE RS B A FER Bk

BERLNZE 5 X

Ji I eI
Ll s * PR L
e © HRIFHEK o SHE R
o WIFFFRTK
R
- BT o SO
EEURGHD o IR e BB
CTAWE e TAWE
o BETER ()
LT
o S
w0 o Bl

o BEiEFT

(* R A PR 2R

3 BEHEMSRERE

X Pt 28 ) 5 A KRS R N v T i ) B
i, — LB TARAE AR A5 T AT 1 X B 8
. K> TARR AR B oA T 1, 3222
A 3 A R B2 1 SRASE R0 5 B 2 1 A RS 0 S B

AU AE P SRR P47 TT BT T4 R 99
HUERFERLIE, EUA 00 RBESIATT DAS A2 T4
MORFESEM:. BT RO BRI DA BE T TN R
BESTIE. SO A- BIASRMT = 2R Bk B
I B ) S,

3.1 JETVINRERAERIL

X Pl Ao 228 [0 2 AL 2R A 1 5 o PSR ) A A
WP 32 B TE VA S HCE R 8 (SRR 1)
FEA op (1) [F]—FRAEAE H AR 55 Hh AR AR A,
WA B SRR — B PR W 2R B T X —
AL, S R T S EON SR AR T A g
71), —LERFSE AR AT X RS Y RO0 HAR S Rt
FroRAE (B, BT SRR R, I R
R EE L A DAE B S8 =, S KB 1)
SAMUINGRZEE THEAE. TR AT 4 DET
A7 SR RFEE YL, GraphSage, PinSage., VR-GCN
1 LGCL.

GraphSage. K7 181 4 W 25 A5 2L 75 2|
GRAE TP BT A Y R, XA B IR A e R R
JEEHA L, BN, YIZRIE AN . A0 1 i) A
Hamilton 47 PO T — N5 Ay 1 9 gh 2 >
HEZY GraphSage, HT7 fURFEIATRRE. ©
AR F A Y 52R N H AR, 1 GraphSage
M AMAC B S HC B AR, dnlEl 3(b) Fraw, £t
AR R, B TR — B &0 Fa 5 f b BEATL R AT [ 22
HOH W R SRR A — R B 3R R A T
SBFEAT RRHER G, TR B B ) (L FRSIE N JE A bR
B S T b 2 S AR AL RE S T
TR FEE.

GraphSage fif BIFEALTY SORFEFIE, R A B
LSRR RN AL (B9 0 T E B B &0 e, HL
B4R S o3 A T EECH BT D), AT SE AN
EHENE S e

PinSage. Z5&FNLIEEFIEGREAE, Ying
SRR T AT R RS OR AR
PinSage P4 - H B FE i 4122 W3 Pinterest.
N T e B R 22 I 2 AR A RSy ]
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a) YIHRE. (b) GraphSage.

I K. IN 1
T A

(c) PinSage.

«“fé ?ﬁ "

O wwmEyis O FwsET A

(d) VR-GCN.

Bl 3 BT R REERA

HEYE, PinSage Y GURFEH VTR IR A B2
ISR, TR (full-batch) YIZRAEEAL A P
PR AR AR [ 2 T SRRz . 4R T
T E BT RORFESNE, 1A 3(c) BR, R BE
WL AE S PPAL T RO A BB, WA i e oxt
HAR B KA R R A, R A
TR AT B NA.
VR-GCN. Chen %5 \ PR BIAT RAE L
BIRAE—ERRE G 1 RIS el e 22 [ 2 R 2R A
SR T AR U, (H 2 203 PRI SRR
RIS, BT IR I TRTOREERR VR-
GCN(Stochastic GCN with Variance Reduction),
FEMBE FUEM T I RAF L], VR-GCN #§
RERS IR B R AR U RE. A 3()Frw, FXfA
Tal, VR-GON SURBEPAS AL, FAH D s
Tl (B, SRR B 5 BT R ) ok
/N 22 TRl SR EE T EA A RARSRE,
VR-GON BB 32 I/ MG VBB B (i LA 5 22 #H
HF I8 T A mU oL, VR-GON U5 & 2

AN ] AR B A ] PR RE, KR8 1A
Eiﬂlléﬁ:ﬂﬁﬂflﬂﬁﬁfhﬁﬁﬂﬁﬁ%ﬁ

LGCL. &REAEAER S W B2 8 R
RLAF, RSN B Y B K, R o) A B 2
L ALK B AR R R B I 454, Gao 45 A PO
T3 A0 PSS BB TR RAE AN B 2 R 45, 5 I R dh
SERAL DA B BRI 2R, ok, M g()
WA FR SRR Er € RV RSB
A € RVXVE SR n AN SN E B A9 4
By € RVIX(r0xd g it fp SRR A5 ). 4K
JE ARG R o) IATRHME~], LR
T

8" = (EUH) A,n), (34)

E® — o(E™). (35)

A, X AR VI 25 o 1) A A B R
FIFAS KA A8, LGCL R £ T TR,
B SR v RS 1 BURY =2/ M O RN N 3

5 GraphSage il PinSage MJFHT AR
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Bl

A
2

Eild

FEAIE, Q& 3(e) B, LGCOL FEREANFRAIE 4 B i
B n AMFREEADK n ASRAET . LGCL il
T SRR RS R 4 5 R e e A 2 R
2], FEFAHEARERMZRML (CNN) kDT
friife. (ERET ERHE R4 A —E R
ERR T RRHE R 2 AR, IR T S R
PRI LA 3(e) B, RAEIIER AT,
PR REE R )G, HAR A —4
FHIEE ST 5.75, il ZRAHEAEZ 5, B4
TR IEAE AR ol T X BARHE Y oK. R
2, P RN TR, Tl [ AR 22 0 2%
Ry 3o FEE -3 1

KTV R RAETLIL AL, BT e 2%
ELAEX YNGR BAFAER R BRI, GraphSage 15 5GH
T BT ROREERE, A LI AT ROR S
TRAFASHIL I Pl 54 530 1 U A DA B2 VA 4 2T 55
i 3(b)F7R, GraphSage BEALRFE—F A kB
Jai, Hob—BiroRFE 3 AR ZHOREE 2 AT AL
AT GraphSage HIFEHLREE, PinSage AN A
TR TTECA BTN TR, $2 1 7 B B M A RS
R, HAEWREEHATEZEEMAL. GraphSage,
PinSage 2N RAERMGIEST T 4L, 111 VR-GCN
VU SE I R RAR SR A S, e Dol S JEE AT
F14 i LA 5 2R e ARSI, DA EORBE SR B
TOAW ST HAE, LGCL W2 AR KL 4T
it e EE AL R B A R TR A

3.2 B TIZRIRFERIL

BT AR RS R A T 16 KU 74 1l e
2 M 25 AT S AN GR DA 1 R, (ERAE SR LY,
JI R SR e P SR 5 T IO 2% J2 ) T 2 4
PG, TR T ABRE T R L BRI ]
A, R EAR I BT R AR, BERT A
LM —)Z, RAEFERH A AL TR
ZiRat 3 NETIRMPRFERE, FastGON, AS-
GCN #i1 LADIES.

FastGCN. & AU <0 P 5K A 1 1 22 ) 2%
PN R il 2o bl A BN N TR R e

B, EFAFIX ik, Chen 45U 4R HRE P 45 B
A S AR AR 20 A1 S 227 e B B IR 5 (A
4(a) Fr7R), I A SAE R EORFERAG T BUME,
HAIFX—J7 ka4 FastGON. 15 s B2 TokR
R, i AN R TCRRK I —A 1 [, HARA T
ARMSLIA 73 A, vo, 01, s vy ~ Py A (36) F
R AR AT AR A5 (37) Frs B IE
=

E® = Ag(E*)yw®), (36)

) = [ Aot WP, 0

Hop, el BAYE u 755 k RFFE, o BrRiEL
PSR , W 25k — 1 B k R ARR AR A R
B A, FORVE v FET O u R R
FastGCN Il IS8R5 08 v it R, 7656 & 23R
BE t ANSEIRIATTREAS v, v,
Bk (37) MM 1ER el (u),

23
k 1 . k— k
el (u) = - S A o(el N )WH (38)
j=1

FastGCN il i J2 R AR S T K 5 B 242
2% R AU B Y A R AU E R, BT AR
(38) AH LV I 7 LT SRAT 4 405 2K R FORI 132 B
PEATRE AN S, I AR 3 S R A e — 25 A
HIVERE.

AS-GCN. AS-GCN(Adaptive  Sampling
GCN) &4~ HIE N M ZGCRFEAEPT, e
2 R T G KU AT RS, GON 8B sy
FUBEFER AL # BN BRI AL E GON
B, BT PSRRI T2 S TR, (F 2
SRAELR T PR W BEL 1 BB R R
TR R PR TS S LR RE, A XY Ty
ZETH I, HATAL B AR B AR RS AT

L= 3 Ll Wia(0))) + AVar, (g 42), (39)

H, Le(yi, U(fig(vi)) T 5 v TR RAL 55 I

PR REL, Vary(fiqg(vi)) Fomxt A THHER J7 2.
BeAh, i 4(b)FrR, AS-GCON I i 7% 52 Bk

K (skip connections) i AR, BTG
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.0, O O O O

//~\VNJ\V/“

HERFAL

(a) FastGCN

O 0 O O

(b) AS-GCN

(c) LADIES

Bl 4 BT IRIRAERNA

GON AR LR a7 i R A Fe b A 3 — 4B f
A AT SR R P 90 £ S A s 4T R AR
AS-GCN I J1] 3% 152 Bk BR SR et R JBC — I &0 i B AR AL
BIFE 1 — 1 #0114+ 1 RZAEmEE N T ARG
REMGAEBCAT B IATA N RAETF R R R, A= by
ISR Y=Y

LADIES. B9 m i RAEFE R )
BT FORAEREE BOH A &R R R, BEE 4
WA 28 )2 R H AR, SRAE SR B AR K, 1
RS TH AN, BT RERRFEELRER
SR AR NI S R, & — 2 RS st
T o] o B T, (B A AEAR AR 2 2 ) TR e
G 7).

BEXFPA BB T A R AE T 2 B R AR
hAETE B Bk R, Zou  ZEPSHR M T T Y R BE
H ¥ LADIES(LAyer-Dependent  ImportancE
Sampling). W& 4(c) iR, Mg 2975, LADIES
Xof HLARJE T AT R TR AL HAAOR I,
BT R AR R A Ty I R R

BN R SRR, AR SRAE 1] 5 B H B9
ARFEAY AL FERERAEA U R 2 S B2 A,
A AL AT

TN RAES LGS FastGON(W K
4(a) fr7R) DNE T AR A, K RS R L
FET RGN, H i BIORFERAL
THARME, G 7 408 T R 1P R, (A AEAH 42
I FERRR BT A B TR S 8. AS-GON (fnf&]
4(b) 7)) L LE DAL H A oA 2 Y T 22 9 Il
e ORUERLTL A S, 30 A8 T 02 Bk R SR s R il 4
B RIEME. LADIES(AnIE 4(c)Fis) KA 4BM 2
T R A I8, R T AT R R
B FET R R SRR A ] 2 2 G R T R4
H, TE— R FE M T T35 M B R
&0 JE T VB K D, (HLZ HB IR T AHAR 2 Z Y
TR ORI, R4 R R R O AT IR E— E W R
B
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Bl

A
2

Eild

3.3 BT TPIFERAESL

e P 28 W 2RI 2y, BEHEIIN 250 7 B
A5 3 T A, SR TUAR TR, AEAEAL B RS AR
PEIAE AR AR R 00 R 24t i) 5 X 0E
T 5B B A RE I8 o i — 50 &, (B[]
PR AR R ER A, AT TEXR
FERY B A 2 W 28R R DA SR 5 A0 A B AR, AL
A P Bt R A 2SS [ 1 1] DA s B A
FIREHL A B N AEAS S ) R BT R A
RN 773, AR R SRR SR AT
TICRA A AT 3 A OB WL T B R PR,
ClusterGCN, RWT. GraphSAINT #1 SHADOW-
GNN.

Cluster-GCN. 5 T# 5 GCN 243t griry
TR, Chiang 454 T /R 7R8 A H OEL
(Embedding Utilization) &2, WRST S u
T8 1 RBIER e FE58 i+ 1 R E
T n R, WA RN FHRECH n. FH48HHE
3R YRR IR EOR B MmN ReR, R
SR R Z AR BT ISP, Chiang 4
PR T FERFES Y Cluster-GCN P2 R A
S RAN K 43 B Metis POLREAT 2140 ¢ H
B = {b1,by, ..., be}, HAFEBHHEIE A AL HET
BAERISHIRHAERE A A, H Ay FRibe b
I by v BB AT ORI P 2

Ay - Ag
A=A+A=|: L, (40)
A Ace
An 0 0 A,
A=| PLA= e
0 Ace Aa 0
(41)

EFXHaRE A, GON FREE (A (42))
A DA (BA A3 i B R [ R SR 2 4 e (A (43) HH

EY = A'g(-+ Ao(AXWO YWD .. yw =D,
(42)

~Ao( Ag(AXWO YWD . yw =D (43)

AL o(--- AL o(AL X WOy O =D

=2/

Aol AL o(ALXWO)WD W
(44)

AR, Cluster-GCN A i FEALZH A 47 B K 52
il A (43) PAEAERAEE (WA= (40) B, A
Hfl B ) A TR ZE R . FEA NS,
— B EEZ DRI {bi,, biy, -, 00 3 TR
s R BN T B R I 2B

RWT. #%E3| Cluster-GCN £ fHAL & [
H P R IRIR T LE R I TR R 25 [T oK, Bai 45
AN T 22 E R N2k RWT(Ripple Walk
Training) 6%, RW'T 31 & RAES 35 52 21 P Hicdis
Gyt ERE— U R P A 4 M 28R R A T I R
RWT (1) RAESREME S5 7% T8 AL R P 4 o 1) 24 42
P, B CBENURAE— 00T R G 1, R AR
B IEY 5K 7 2 S B B B JE 1 S b i TR
FEHEH TR, B2 R A EEAR EE. I
BT GCN #il GAT 3k T RWT AR

GraphSATINT. T RFE & A2 W 2845 A
T oA R R AR A RS AT Y RORAE S 4y
HINZE. SRR, GraphSAINT OY JEHEf -7 & R
FEIR G BT MM W 22 1 e B T IR0 R A
ar AT SR R, BT e f — IR
U AT TR R, HARYE T R SR (full-
batch) GON B HEATIINGR, FeZeiid Rt #E Rk
HERRASA. AN, GraphSAINT i IH—1k
TR R Mg rb i 22, I BAR B BB E
SR RAE TV AREAR 41 T 22

Zeng 5F. TEELT 1 FUORAERY B0 28 M 45 A
AL T, Zeng S54E 111 GraphSAINT i i fif 22
TH IR FI R ZE PR ARAE — B FEE B4 TSRS, FEuk T
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fErp, Zeng SEHRH T —DIFATUIZHME QR TR B
RMEZETE LW RS Bk, Wi TE
SRR S BB AR - 2R K5, TR
TR AN b 28 N 25 FRAEAZHE P T AR = T AT
HATHE. RIS Z B DA SRR NI HA T4,
il 5 Ak B AN A 3 TN BSOS T e B o
Fo. TR B2 W 2 R AR AL R T, ik 5 ) 4
1 T AFA R AN T R . b, Zeng 45
WP T B THHHERS, 0 TR o 22 0 25 PR A
LY I S A B i 20 A R Y 2

SHADOW-GNN. SHADOW-GNN ff$#
H O3S Sy 1 o7 eF BB o el e 22 1) 4% A
U ORI PR A, IR T I 1 28 0 2% )22 00y 38 o i
JS A A TR ) TR A AR e i 2 P 25 A 2
Hh T R 32 DI 2 ) ol 22 ) 24 S 50 38 i
Ham, M SHADOW-GNN (%0 A8 Bk S 1515
)42 32 DX IR el ot 20 ) 2465 R 38 2 R 1) S TR AR A, Lk
A FLAG TR 2 M 48 1) 235 B8 ) SR o 1 52 33 ik
R I I A TR R HAROE B BT TR
FER SR, & Joilad RAETE A R 7, SR AT
] b A T T ) R o 228 D) 8 A R SR AR AR S5 )
IR,

T PR PERIL S, ETIRE (nE
5(a) 7R ), ClusterGCN(ZE 5(c) i) lad 7 5 2
FHEAT T IEURAE, DASR 1 I b )45 SR
RWT (G 5(b) i) A8 Bl BEHLIFEE S s 52 L% J2
PR TERAE. Zeng SE4R Y GraphSAINT (A1
B 5(d) ) 0T 3a e 9l M i 22 DA S AN [ 5
EITE Y 5 2, R 36T 7 BRI B 2 M 2545
B VERE. Zeng SFIRIRER T AR AEZ AT Y
A4 EYE. SHADOW-GNN O3 DLUAEHE [ 11 26 7 265
BT ) TR B8 RN R B B 2 ok e A, A BT
PR PRI SRS, TR 9 1 B2 ] 4 eV iy [m] Iy 2%
T3 P 1 i)

'https://github.com/GraphSAINT /GraphSAINT

3.4 TPEREXTLE

Zeng %5 OUAE 5 ANAFFHIRSE (Gt R ILE
4, Horp, 3 BRI PR EOE S A E PR
ZIERHAE) BT 4 FlRARSRIRTE S KA
55 EAHERGTE (DA micro F1 M5 PHNHER), Hob
Xt UG BT SRR GraphSage?9) |
ET 2 RAESH % FastGON PURIEF T K 1 Rk
3 ClusterGCNPA R GraphSAINT 61 i H
T GraphSAINT J5A5 DA K 5¢ JS AL BE Y A5 o 4R
PEREXT HEA5 R ANE SFR.

ROk, BT T R SRAEEIRTEA W B s
& FHEA B AR, micro F1 F84CHE w Hy
ZERUN. BT BRI FE FastGON TER R B 1Y)
KAEHIEEE Yelp Al Amazon 43 UERRTERAR,
HAZE A2 A2 Z AR EE MG GraphSage
TEHPESE Flickr, Reddit. Yelp #1 Amazon £(fE%E
R U SEMERR RN B T T R SRR R
AT, A2l T HOR R AR AT WA Y s AT, ISRt
R S 2R, IR R TR AR 2
). PEAHRT FLARE 2% Scak o1

3.5 &L

BN el o 2 ) A TR R RS I 45 P AT A
PRI, AT AR T 1 A [RDALEE A RAFE S, 4N
6PN, FEIORMEFR, VSRR
et i, HIATASEH DA B SE B s o B, K
B B AR L T AT RE, (H2 B 22 ) 45
IR AT R T B0 R PORAE R AR AR
SBEKE L, AT AR A7 DT TR I A T — R 1
J1. JAGRFERE R — R R AR 2 H 1
TR, RO 100 RO R D, (ER AT Z
REEFRAFAEA 2 2 [0 FERE MG P A a6 A
)2 PRI IR RS AE — AR B N3 AN [F] = 2 A )
R, FasfTifmR. FRgOR A R A
I BT T BT AN R, e S B 2R
R In f KA AR 1 RE AR, (R R
JR T BT AT AR B AT AN — 2R, AP SRR i )
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(a) HItRIE

(c) Cluster-GCN

e
5%

FERAE

(b) RWT

(d) GraphSAINT

Bl 5 BT TR R EERA

BT R ALI R

A PIREGIHER
e R il W (%) R 45255
PPI 14,755 225,270 0.1035 121 Sk tisrk
Flickr 89,250 899,756 0.0113 7T BRI AL
Reddit 232,965 11,606,919  0.0214 41 L3R4k
Yelp 716,847 6,977,410  0.0014 100  SARETT AN
Amazon 1,598,960 132,169,734  0.0052 107  ZARZT K

%R 5 RN PERERT L (SR RAR R micro F1, S2ldis | g 1)

Fk PPI Flickr Reddit Yelp Amazon
GraphSage 0.637£0.006 0.5014+0.013 0.9534+0.001 0.634+0.006 0.758+0.002
FastGCN 0.513+£0.032 0.50440.001 0.9244+0.001 0.265+0.053 0.17440.021
ClusterGCN  0.875+0.004 0.481+0.005 0.9544+0.001 0.60940.005 0.75940.008
GraphSAINT 0.9814+0.004 0.5114+0.001 0.966+0.001 0.653+0.003 0.815+0.001




P PAE ORI 3 28 0 28 BT 5 2t 17
% 6 ALYV ML
¥ ik E o0 AL 7 i
o AR RN
. o ¥ ONN BB s o D
Y e e s B
ps YR N T o /f—l-'j‘ifl‘"f}fﬂi
PinSagel® o LT EEMRAE o SRR RN
e o B AN HET I o {2
o o /N RAE R R 2
VR-GCN /59 o A8 FE T A E) B
o EETIRIBAHT, W/ T RBEECH: WET R
LGOS o (EUVEE R RREEALBIRECAS ] o 3 AR TP
o HTE4 ONN BT AL o AR AR I
o SEBA IR 1 e
FastGCN 2! o R 22 i) 1 37 R B :ﬁiﬁ%ﬁgmﬁ
o BT T T RAL A A AT
g o i LR E R
AS-GCN 7] o AW 2 o RRESRLH AR AR
o (5 EBE BRI AR — WA (oL
LADIES [*%] o HFEEERAE o REEIATHERAR
B o TFTEB R ETTE
Clust —GCN[QQ] ° Bfi%)\':j\ TNE R
uster R e T e .
o HERFENLIE
RWT [60] o T L
I o SR P AE TR M WHRAE

GraphSAINT 61

o fRBNH— BB MR E
o RAFIIRES 8T 2

o {5 &[R4 1

SHADOW-GNN [63]

o MERSVR LRSI,
o G T IR

o {5 IE A A4




18 ito® i % M
ATl 22 7] A8 7N, HFEREL (update function) 2Ny SRk

PAEEETAY R JEA T B R RAESRSC L T ]
M2 A S N Gx, fE— @R G fR T R
MBI G5 b A7 A 1) A BRI TR, 3 7 2
O CTE 72023 S T PO 5 P o SN =3 N 1
AT A R sk, (B H AT RARSRA 3
BT RS R BT A, 20 1 BLSE Y
BRI A . ShaSik . BT SR L.

4 EHEFEEIRIE

el o 28 o) 5 o T SR R 0 7 PRI S A RS A AN R
Wyifs (TR AW E) MR KRBT
(SRR BY). SR1N, HRGEsh4 M 2 gnAetE 2
SRR R P RRCR, AR DA77 TH
PEREREZE. VRV SR HE 2R IR g S5 AN BRI AL 55
EERBUR, (B ANTE T R AR R DA A
TR FEXTPAE M, AN AMBIFFEE R T T e P
2 M ZX A A S AR HE ST WEAT TR AL BORAGHR
2R, A TH] ) R RUASTRS H 1) Pl o 22 ) 28 A 2R 47 A S
PEALBEE 1 BEAM. A9R5 0 S g AR HE SRR S 0
ARSI HLE LS.

4.1 PIRhp Mg gt HEse

ARATRE X Deep Graph Library. PyTorch
Geometric, Graph-Learn %% 3= i¥) SRR fE 2R AT 2
45, Ik THR.

DGL. 1£ H il 532 W0 i -5 i 22 9 26 4
J&J%: 2 —, Deep Graph Library(DGL) 23 3¢ #: DA
JE2£ 3] % PyTorch, MXNet #1 TensorFlow b5
gy, FFELERAL TR AU SO AN S B
BIVAET A 2SI WA, BT B AL L) 1464
DGL Ff I # 2 M 28l 5 o =SB, IR Bt
TSR T 1 AGET I P se BRI Ak (1) TSR
# (message function) J THIHERE 4 B HAT
Ui s RFAE, GEMEIAMEE, (2) #E—A R, B
)% (reduce function) X Hi{E B HATER A 4K
Wil FR, B LU R 9. RRE. B
fH. LSTM 45, F (3) BT A2 Bk iy b a) &

FrEEHn.

N T HEETTRERCE, DGL R B o HORT S8
BRECP IR AT BB AR B s,
Z AR - P 3 B I E 5 (Generalized Sparse-
Dense Matrix Multiplication, g-SpMM) F1iZ L/
R - % B 5 5 (Generalized Sampled
Dense-Dense Matrix Multiplication, g-SDDMM).
WA, FFXCHAT s BGH IRBE E £, DistDGL
AL T EF Z 2R S B 05]

PyG. PyTorch Geometric(PyG) P4 25 —4
BT Il 22 M 25 9 e I, [RIRE BT T S A% 8
PLl, LA PyTorch JyJ5umslBl. eI I 77 1,
HIPA] DA L SCIH L S8 R BRI PR 3 A R K
CRAN. EIME. BRAA) R RGP S 2 i 2 )
IRBVERA . T DA T O A Y TR R 22 1 2%
B, AE BRI, PyG St 7 H B AL s L
WAk, JA—HE A Sk H R B0 AR A S 8. E%K
PEAFRE AN BT, POt T R E R H N EEREAE A K
AL, T ASORAE . T RERAE SR A A B A T 2k
7% (Data Loaders). [ T K&EHE, PyG W32 FF
Xf K F 2 3D B AL B,

B Flt,  Pytorch-BigGraph %61 s & %] 43
G ESFE NS U NEER B EGNEE €5k
Pytorch-BigGraph {25k, £ K R MEERR,
PEFFHE TR RO R,

Graph-Learn. Graph-Learn(AliGraph) 1 j&
Wy FFL P U T ) — A 5 3 ) U PR b 8 R 2% AR 4
HEIC &N HTIEERS . kR &R H e
T A5 Graph-Learn F S 77fif. RAE
A ERAE = Z RN, TEF#ZIR, Graph-
Learn BT DU &I 7307 3 PASCREA W] 3 5t/
ke METISP | 1D J)43- 7 2D fl43 1981 Fngg =X dol
G169, R AE, T BAE BY B AR N A
TFHY. TERFEZEIR, Graph-Learn FE T =FiRA:
%, AT Python F1 CH+ #00. PRFEH T
AR B e A A ORI s R0, S Fe R A
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T A H G2 A7 AR B — Bk sl 2 BRER 1 a7
SRAE— A HE (S RIS IR 45 2R ) AR B s
A FEHEARAEIZIK, Graph-Learn M FE #4524
B il 2 AN S A A, 3RS TensorFlow Al
Pytorch. A#HAE (aggregation) M THitE4R (&
S P E R A A BV (combination, 2Ll
T DGL Ry SF4RAE) T8 v () 45 R ST
MR,
Graph-Learn f§BjA_ L= A2k Eifk, SE8
X bR AN AR DA S Ak, PAK
XFRFAE A 25 AR AN 20 785 S 14 S
NeuGraph. Sk T SR T 1) P B0 K
MBI AT M Z M E, UK & B R 2 W

SRR T NeuGraph A (701, HSz
# T TensorFlow, H #i i & JT 5. T4y

T E g GAS(Gather-Apply-Scatter) #E
267 NeuGraph $H 17—~ PAT AU L1
IR SAGA-NN(Scatter-ApplyEdge-Gather-
o,
ApplyEdge M ApplyVertex aJ i Jil F7 7€ 3, 231l 1]
THBAAIA SRR, Scatter #1 Gather Hi R4 H
Bk, Scatter fLHETT MFR BN XT3 FAEH
ApplyEdge By A, Gather ZHE1FHEE] H AR A
TR GHEN Apply Vertex HIHIA.

BEAb, AT A v T 2 I 2% ) T R
FIT ek, NeuGraph 75 %5y AR P 47
FHHERA T2t AR, NeuGraph R JmyEB:
RN R 40355, Hetn Kernighan-Lin g3 (71
R A L5 s R AT BE R A0 AE [F]— e, DAGSR
BN Z BB, FOKLIER N TES
IR AL R, DAHOREUIMERER. T b
ApplyEdge "y TUAR A, NeuGraph RHAUHITT &
FH KA SRR B W21 ApplyVertex 1,
SPATREE AL O(IE]) F O(|V]) WyFeAE, Mo
\E| V] o Bl s ATy SR EcR. Sy T igsmal 3T
JEE, NeuGraph % ¢% GPU WF47iI1%:.

FlexGraph. i B EURT [y A2 30 K2 A 1ERR

"https://github.com /alibaba /euler

ApplyVertex with Neural Networks).

T E A E 4G VN ZHESE FlexGraph!™ .
A 7R B Ja RE A3 SRy T 408 e A T 432 4
PR G AR R A (flat aggregation) HIZE
4 (hierarchical aggregation). FFARHE4AEE E
XA T, KA B2 285 AR =
e BB E AR KB A )y X 4577 (Direct
Neighbors with Flat Aggregation, DNFA), % &
[i) 422 4 i 14 7K F B 4 5 1 P4 (Indirect  Neighbors
with Flat Aggregation, INFA) DA% & [a] %40
JE 2 A )7 A 7577 (Indirect Neighbors with
Hierarchical Aggregation, INHA).

FlexGraph #f K #4 W 4 gmfidli 5 NAU
=B, 4BfEi%E#E (neighbor selection), R4
(aggregation), FIEH (update), HEFXFPA =2
BRI T XE W 1 SRR AAL. RIS, F5 3 RER
BUA 1 [ 4 28 0 4 AR g AR AE L (40 3% DGLP
PyG 4 NeuGraph[™ | Euler!) {{ 37 #}/& T DNFA
AR S T 2B ISR, FlexGraph @i
57 FH B ) 1) SR R A i 7 3P R i /K e BE R R
RESVEAEE SR

4.2 RERHIGIUIEEAR

DAL TG 1 VT o 222 ) 405 1) 4 R HE SR 20 S B
BT —@E R R ER, SR, FEiz S A P A A
THERCRAR. WAAHFER ., AR, ALY
A0 257 TP A, 33X 2 ) AL T ) KRS Pl i1 o A
TN BRTPA LI, R ERE R X
JZ AR DA SREME. AR E Pl o 22 R0 2% A REAE 2R O 1
BRI AT 73R 5 ARy, o0l A
Pkl ARFFRE. HATIT. NAFE B ARy
THT, A5 ANEE 8T, FERE— I A KA AL B A7)
Hreb, B R IEHALAL B AR B T3, RIR 2
RN LSRR dE T4
4.2.1 Hdlakil oy

T 73 2 R ARSI Ak B A A — T B b AT
55, IR 7 i B, DASR 20 AL B T 2K
o BB ARG P A FILER AT BE, R
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=T EPZEM K g HE L

#ik

F SHRAIE (LG5

DGL 23]

e HF PyTorch, MXNet £ TensorFlow
e message, reduce & update functions

o SCRFEAY M A1 I 2

o SR G SRS A S BUAF:

https://www.dgl.ai

PyG [24]

o ST PyTorch

e message, reduce & update functions

o SRR AN I

o [ T, SRR ARSI 3D Hdln i A

https://pytorch-geometric.readthedocs.io

Graph-Learn 1%

o WTHERERSGE . A RS0 B 1R 3755

o fEfili. RAE. TIEHME

e aggregate & combine (Ff% TensorFlow F Pytorch)
o SRS

https://github.com/alibaba/graph-learn

NeuGraph [

o il SAGA ffefiiz
o St AR AL BAR -
o ¥ GPU iII%

FlexGraph [72]

o i1} NAU Ffieizy
o SRR A TN

% 8 KM A M SR KA B

EQ2 FETHHESE — - f}tﬂ:)‘ifﬁ/# —
Bkl ARSFHE FATIAT O AAEER HAl
palrs DGL Y v v Y
Gl Gunrock Vv
ROC B FlexFlow v v
GNNAdvisor®J  DGL, PyG, NeuGraph, Gunrock Vv Vv Vv
FeatGraph (5% DGL Vv vV 4
PCGCN 831 TensorFlow Vv
Huang % 84 DGL, PyG Vv Vv Vv i
DistDGL %% DGL v
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PR TSRO VA SR e AL N AFAS 2 174 T A
Bt 43 Sk F A AL B AR 2 5 m N [F At I R4k
i 149 7 A3 A A B U A R I S R SRR .
S VR SRR ], 0T Pl Ao 22 0 25 S 2R F et Jal
SRR AN PS5k (B, 19 dEREAIIA L) TR
4y, BEANE TR SAE R L2 B HEA T 7

BiEi BL K1 55 P38 P i 26 ) 2% B3k
GraphSage, 7377 4 FhERI> 0 WA FEAL
Kl 43S 500 IR B/ NI EIR 43 S m PO Ay
RYIE 5y SR BRI A4 B9 R GRID ST LK
AP 3D Sl sy emg 57 K A LT RERL A
Gr, SRR Gy s RIS T — e B R T IEAL
REETE, (HR Rl oy i RIS T R & B AN AR
B, IF HAa R A Al T — B SR Ui eI
BT TR B A8 fE T AL R PP ORI BEPLG
Akl sy (B 1D &l 43 90580) fyskems, o Pl S A IR
Ak 1) E A TR 4

FRIEINI R 5y G5 B A R AN E1
VA —E R LRI T BB M4 (GON)
#£ GPU LSRR, Tian 5 A B35 B 520 56 1E
T HREFERKEN, IR T PCGON #flik
FR 5 h Rk, At —2 g m GCON [istT
RO W — R0 7 B, AR B R A [
RIS BT &, PCGCN R
1148 (Compressed Sparse Row, CSR) HJHE K
PR TR R AR Y. 1) R i 4 K S VA R E4T GCN
IR, R TR, R A SR AR
W R R 7 A e e v ok 56 B 53

ViSRRI R 5y B B Y R B
AR A A, e, W& P RER AL S
PR BRI i, A2 R 2% e R A 1 A B
AR A 5 Y R R AR 10 DA
PRI AT H AR 1 R 2 BORFE Y T SRR P Ak
Huang % 84 4550 18 ST 43 W1 R BB 1614 28 ) 2%
HifEfESE DGLE . NeuGraph 70 45 £ H A747 5
PEATEE R Gy, A R — PR A S Y B AR R
F AR 594, 52 T B R  AS FEI 1, AN [m] B

L S R B T SR B AR ORI 28 e 1, T
TICEM A RS EXF IR, Huang 45
P H AT AR R 4 (neighbor grouping) 5% 3 5L
PR A . HARRUG, £ B AR AL, K5 SEE
W R RCE AN RS R EH W B, [
NI R LS — TR BRI, SR e 43
BEXF R AR a7 i, HAR T S A2 4, 11
BALSS 2 A BICHAT.  BEIS MG G5 A AN L
T P BTN A I, R R T AR ) S ()R
g

ELOYREAEAE T RI5y . GNNAdvisor B Z5 404
WL BERR T s R 43 AHURLEE PR R AE 28 B 4] 43 DA S
F warp(warp & GPU I SIMT (g4 L 4AE) 4
PGS PATIE A BT, —4> warp % 32 PMEAR)
PR 5 SR, A Ik S 2P B A N 1) T8
Fed 5 FE o, FeatGraph 82 [ it 2 2 1 Bl 4544
AT RURFAE, I [ B A ] 235 4 g 1 AR A 1) B
THER Rk (R o 22 M 44921 7

&Ry BT oA T I FRHER
FlexFlow® | Jia % A2 T—AH M £ GPU F
Bin 2 M HESL ROCEO 3 A 45dfe fa] 43 A1
WAEE A TR T T Uik, FEREE Rl 4 0 T,
ROC JETAEL LM mIHBARSE T 3h S E
Rl 53 g, T B A 28 M 28 I SR HEBR Y Be#E mT AIK
BB E .

DistDGL %) 2y DGL 4241 7 &l 41 2 I 45152 11y
R SCRe. FEBdE R4 J5 T, DistDGL >R
METTS 5535 PO e P-4 A 43 B 47 s A0 R )
BYIE], FH R 2 LR AL R CRIE S 1 25
PARGH B AR B PR Ak, DistDGL i 32
R B 7 A SRR SRIA.

A5 Rl 23 5 R B L s B T R R
H XI5 S, EARAE— AT S T B s ) A4t
AbFR, HETF TR RURCR I RO T AR 1 D)
1B VR ot 28 I 28 A R A A 0 S I 45 4 o 1) o o
K, AT RF X — 75 3K 5 BB ) 3 1 R A 45 A ik
— AT AN BRI R Rt — 2D Ak
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4.2.2 fEFEE

1 55 V8 B2 e A 55 I A TN, SR v
B TR e, ARG il BT
SALANIE A AT 55 AT I BOR W/ NI AR IR RE, i 2R B
AR R BT 55 S8 TR B s e 7] Sy o o
B S a3, AERIME M2, EE5HE
Mgt AN PRI DA B2 AP AR %) 1o 2 B R 2 A 55 TR
JEH R A3 R G P ) T B 7558 TR G SRR

P3 1781467 el o 28 0 245 A5 2 PAUE T 3 R 3 A I
PATHY 4 ADBrBe Al AR T AL I AT A RO
HATH B S (%8 g Eds AT RSB A7 By
B H, mimERE IR AT OB T LA
I g R, F5ZE R R BLAR (8] (9 3 15 W] 25
B 1) A% 4 o AR AR SR A A AR ). 32 |
PipeDream ! {251 %, P34 A [\l it vk $ii 2 18] )
PATS AR T BE, A e T SN A R R D
/NI HE AR 3 R 52 R

N T I FE G ER, Huang 55 A B F| I JE
PRI AT 55 T8 B SRS, R BA AL SR Fa i 15 A
PALTE. HAORYL, BEET Jaccard REITHEM
P RUAN AR, 285 A AL B 5 RO R
xR, mIGETRELRITIEFWE. TR
1, 5 AR ECRE WA — e R 22 51, 23k A 1 3k
AN IR IR 2 —. Huang %5 AR FH 4B JE 434 SR
BEAT AR FE IR . 5 SR R 24 U TR
H, IR SE o AN B AT 55 BB warp F
Tis%.

DA AT 55 I B2 SR B ORAE— e R By T
RPEITRCR, B A B AR BB B T 5T
M, e s VA 32 SR e ) 4 T A et — 20
5T
4.2.3  FATIAT

HATHH 21 m R ARG AL PERE Sy 1Y
U720, o AT B ) B BB AR
FATHATHR I, MLasF S R HATRLEL 3 B 7
1 BRAGHTAR G AT =28 BT RLALRG
B 43 A TR B B 43 B B 7] i 53 s,

B — AT IR B TT R X OO I ) i AT A [ A8
B MBRIEAT IS 2 A B, R 2y Ry AN R Y
oy (Hoan, WREZE S AR Z) H st E R
TC, S EITN AR [ A s A T I I A AR
B IREHATENU L HEEG. EMEM Y%
H AR AR PIA T R DA B PRI B3 2 [ ) s 2 i A5
A HAT R TCE BN H .

FeatGraph 52 23 5l i A4 58 A F1 8 Hi b BL A A% o6
. SCAMEEAFERZ, AT RARAER & SCHE BTN
AT P SOR R B R 4707 2K,
RGN AP FIRHED 5.

Xt R4, PPIECRAIRA TR
T e IS RLIFAT DA o i AERRAIE 1] 123 A0 %
FEE, B ILEFE A T SUREIEATAL B, SO
TEACPRZ JE Rl G R AT I 5. SR 5 TR s
FEATRIY R RN PEAT AL AR ST

TEFEATIRAT T T, P 1) A P DA 3 s 1 2
PRI IR A — DB, AT e R B b A A 1Y
BRCFHERS R W B2 I RIEE T, ST BE R B
HE, REASUE— AR T A TIATIIRICR.

4.2.4 NIFEH

— 7 T, VB RSP AN U A i
AR SRR A ) 52 Z P A — R 4 0 1 1
M2 M AL INAEFE RS S — 7L ML T CPU,
GPU HARREDE i & M 48 5L 8L rh (1) 3 AR T R fit
TR RN SR, BN/, e, Nvidia
1080ti W-ARIINFFAERZ 12G. X HZOREMEA
RIZEARRY, Je @ HT GPU & A K 7401 =X
RGEI, SR SEAT R0 A A7 B RS A I/ MR L Y
VifrITas.

03 v LY R L S, Huang 55 541 3 555 fic
A R4 B e/ VB 6 S5 1, R s/ 4 S a3
LI TEE. MBI A TUR IR, A G
R SRR B R, ARG TR AL, B )im e
TTRE. FHERRATREINFEREN T AR, 2
HIEZRR OE). MOLALHNE— )y TN BT A 35 24T
FHIEFAL, TR RN O(N), F— I &5
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M U7 I SBJE T R, ST R G
VIR AT 8.

P33R 0 0w B A7 B S5 A AT RURRAE, 78
3 IR A N AF-

TEAF DAL T, GNNAdvisor 81 5% A Xk
RS SRR ORI = A5 AR, DA N AT
FHES. RIET warp BYNAFILZHORR M 42 )
WAL LS 4.

ROC B A FRAT 45 1 52l — AU 7T 4
/MR, FAE Bk A Sh A R B ok i
YRR EHFA GPU WAE. It SEasuk B AH b
F DGL, PyG Fi1 NeuGraph, ROC EHA #HF1n 4
JETE.

FeatGraph 52/ 2 AL 5 {845 5 5050l w0 i
(high-degree) FIMEEE (low-degree) 7 s PANHR 4
B GPU gy AR/, OR = BT R
SN AERBE R R &3 Y (B SRS
PERERVIRH G, MBIER /N, A SN AER Y
R Z, SRR, WIS s &I

PA_E NS BRI AH 28 TTAE B AR IR 1
FERCR WA 7 AT T Ak, S [F] SE RS AEAS [ [
M P AR A BT 22 7, Bl FeatGraph [
DAL RIS AR R A 1 B AL RCR R .
ATEE X B ) AR ARRAE, Bl AR 4R 2 1 DAL SR
PAS TR N A BRI A R et — 2D (A 52
4.2.5  HAdI7TH

Liu 882 T —AMxE GPU FREE ) &0 28 K
ZEREZR GPITOL. LA HE 50 R R R ST A 3
IR, BT PAETEAERI AT SR R R %)
DALV, GP BT Gunrock PU ML T —F 51 DL
NG RERAE, TE ISR B AR 55 WU A 3
AT T . GP LT C/CH+ BT
Vel ot 28 ) 2% SR A 7, DA B PRI A 8 ) 24 SRl B A A 2
TR 7. FHH T Pytorch #l1 TensorFlow, HX
5T s B E SR .

BN T

'https://developer.nvidia.com/cublas

PADGL il PyG SLRIHESL, Huang % A B4 £
B S<m 3 M 90 T H R 22 0 25 HE 2R P AR I T
ASFE (1) B R BRI 55 1 i 2 A7 i
HHRAR, XA AN AR A i Ak Ty 5 DA K 18 45
AR B AN AT 5K, (2) 797 500 RE 22 St ) 171380
AN IR, (3) A R AR 5 | R B TUA N AF 3L
IR A1, (4) 54 28 D0 2 F A B 81 Rl 4548 77
TER NI FICAR TR A, PAK (5) FHEKE
AE R PARRCE, DGL #1 PyG fE{E ZBSRHIE K
FERF VT SRAT 55 40T 39 [ 2 4 5 AR . AR SEBR Y.
F v, BRI B2 Rl A T S5 M FIARRAIE 2 AR A,
Wt B A Z LA S s fEVERE.

GNNAdvisor B E—/NHF GPU [ B2 M
ZEINARE, e AR A 1 e 22 10 25 R TR 1 4K
iR AR A 53800 TG AN Y A/ B O T AT B S AL
I 4h, GNNAdvisor #4# T 43 Hrisi 8 ke i i A_E AL
AR T ZEL

4.3 b

QGTC. EfLEMZLM L (Quantized Graph
Neural Network, QGNN) /92931 42 H pr £ e )
. WAEITH, 238 T —Er K. Wang 55
N b sk &% (Tensor Core) ¥ RAE T 1H
m GPU &/ QGNN HEZ QGTC(Quantized
Gnn via GPU Tensor Core). TE &5,
QGTC HHEABIEHAT T BRI RN (low-bit
representation), K J5 K &1 #1292 v 1) 45 A R AT
FLor R VATE . Nvidia GPU FEHR LAY BT 3Kk &%
W E Sz 7 GPU B0y, M1’
Aot FIuRBkid (zero-tile jumping) 5EHg
AT EA XA efE, @t 3D HeZa9(ESS (3D-
stacked bit compression), FEEITLEE A (non-zero
tile reuse) MK LINAF I, FEAERTT
M, QGTC Kp& T (iny ik &8 %R A SRs H 5 A
Pytorch HEZE, k523 5 i 75 {8 1) e R U 1) AN 4 5
.
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4.4 DY B2 AR PR, 3 FB S TR RA K

AT Je 4T T ) PR 28 I 25 11 3 I G AR A
ZRFEXRS HAFAESEAT T 0 A A g, GFs I 5™
Z DGL #l PyG. T L5t Graph-
Learn L f NeuGraph il FlexGraph. X5, ¥IAE
BT B b 22 I 2R HEZR I AL B R A3 BRI 43+ AT
SREE . HATIAT . WAFE BEDA R AT T T2, I
BRIATI 5. DA LT [ A 28 0 28 1) S AR AE
Z08 R ILAAVFE A g 1 ot 2 ) £ A28 g 22 3 S BT B
VA B AMERE AL T SCRe. X1 1) KA KR A
14 Pl 22 P 2 AR TR 1) A A YN SRR T — R )
SCHE

B2, H HlT 1) P 2 19 45 1) G HE 28 % HE
HEARBPETE M AETERI R B, IR HESE N AT Y
JIz e XA 2 P A 2 I 25 AR R 1 S 5 R A B ko
02 G IR DA B S b - 5 1 SR ) A Tt — A0 4
SR ZETH ) R AR YR, A ] A g A A el )
A BERRATORAC R XTI ot 22 ) 5 B TR DA B et
RFAPET AR =PRI, DA g Pl 22 o) 28 A 23
TEIBAT RGNS BT T PERE, 2 — 1 iR il
R ) A

5 BESRE

BRI A2 Pl o 22 o 2% AR T 17 ] v T
M EE PR L —, KERIPTIE TAEMA I A Bk
F1 T IEREOUALMIIE.  FHX A SR e X —J7 Y
ZEH, AICIHTEGS T A 1R 2 P 4R R A Y
FLAPR I, T TR AN R HE 2R 40 T 7 4
TV 22 P 2 R RS B PP AR SR T
SO SR THT 1) R RS ) Pl o 222 190 248 28 PR A )
PEARIEAT S, B S5 A SCIE SR A 2 A G A 2N
JTHRIF R TAR. SRIGR AR K TARSEA TR .
5.1 RICEALS

(1) 5 UL e o 2 ) A A 2R 2 LB e . AR S
HENE T BT Z M 4 | TR 2 M 4 | ]
DGERAH 22 0 245 F1 BT I 20 A 14 1T 42 0 245 DU Ao
DL Pl Ao 22 P AR e 2 A 1 A R R R 3l

FAOPRA. RS AR A G R AE S A D T A
ROFFTHEAT T BT (2) RIEEI. xR
PR P 22 ) 5 A 2R R iy SR A Pk A, K
TR LA TARGE FPAERAESR T T . AR RAERLIE,
ASCR B TAR S R EETAY A JE AT B R AR
BRSO IORRERNR, NG 32 2
RFFHEAT AT SR a T T A B A5 M. (3)
GRFEAEZN. ASCHLEE T DGL. PyG SEEHH)
GAEHESL. SRS I B AL SR sk 7. AT
GV HATIET. WAFE BRI AL T e,
XA, RN T AL R AR A28 T A
(ENIDLVR LA L e e T DRC RS |

5.2 AR

ARSCMASZRLAIE AR RIHE SR 45 1 2 1 T
1) O RABE S A 1) P 22 0 2 AT AL I R St g, T 3¢
RIS T7 T R B AR AT, fnlal 6577

BRI . (1) A Tt St EISE R
ANFILIN PR A B el 2 ) 45 4 15 AR S B BIL 7 S B34t
R RE A AE R B TR TR, X — P KR
BB o . A BRI S M AR L e T
B/NTRIE, ARFE—20E.  (2) Fx-AERD
RIpRAC. AT ] P b 22 0 2% 0 A HE 2R 50T Ak
TGN B, BT DA AR 7 2 AR, HEE 2
TR AL, AT E A A HE SR A B A
BN BB B AL UEA T AR AL, BERSIE—
ARTIRIBL 2 5 Y IBATRCE. (3) B Bdo
A TER LRI 2 M 2 ZRad R v, 2
R 3 RS RLI 5 b il B — SR 24, AR B A
Vel 22 W AL TR (R 1 B AT S R0, B SE
PRV RE DA SR LR (4) 2AF A 4H. B
AEVERZ BT kI, 81035237 557 o i B Kt
A NI SRR T s B R Y St 2 3h 7S
BAE L BRI AT RS R SRR 1
FEJE SR 1531 G

HEZOMGE Jjih. (1) & /& st AE el S5 R L.
BEXT A 28 0 280 D A AN T LB IR AR TR oK, 45
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Bl KA

CLCaERER

Btk
ASHLE
S fifk
)

i%i%ﬁ’%ﬁ D)
FHAER TR

451

T 1 KRS £
[ e 22 A 2%
AR LIERE

A PR

AU

AR

B TUAR T,

FLE
TR
N

e Ak

R AL 75 T

Elavitnnta

Kl 6 Rk TARRE

EBREHRRAE, BEATHAARRRE LA RE S 15 B 552 1))
FRRER. (2) AT omXFAM-FE0ki. 4
12T 6 AR KRB AT B AL T 3 B s %
VR BRI, I TAERZ ETBAEG, h n%
SE UL IR A0 22 W 28 78 43 T X R A F 5 B ik
(3) IEER-B R, FTRELgE R
PR REAS M AR T35 1L P Aol 428 ) 245 6 S D 15 77 A
EHRIITR, Fre AEZRI AL BENS T E i 2%
XA ) S B FN  FH DA B A R0 AR R 25 1 )
e H A BERS S BIA HARE A RCR. (4) 4
P SRR AT, BRI RRE AR R ) R
REAS 2 25 W N SN N AT B, O EL I Bl 28 10 2848
AL BRI A — e AR E ks ) 2R
T HAE BEER R . TR A T 5 e i e~ —
HAE— B .
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Background

Graph Neural Network has been employed by large
numbers of applications (e.g., recommender systems,
link prediction, and traffic prediction), to generated
embeddings containing both graph structure information
and node features. When applying to large-scale data,
it faces several challenges: irregular graph structures,
complex node features, and dependent training samples.
It puts pressure on computation efficiency, memory
management, as well as the communication cost of
distributed computing. To address these limitations, lots
of researchers make optimizations in terms of application
models, algorithm models, programming frameworks, and
hardware design.

In this paper, we research and summarize the related
works of GNN basics, the algorithm optimization and

framework acceleration for large-scale GNN models. First,

supercomputing, parallel and distributed systems,

artificial intelligence and big data computing.

we briefly overview the message passing mechanism,
classify GNN models, and analyze their challenges in
processing large-scale data.

Second, we classify and analyze GNN algorithms for
large-scale data, mainly including sampling methods at
different granularities. Third, on the side of framework
acceleration, we introduce mainstream programming
frameworks for GNN models as well as classify and analyze
optimization techniques. Fourth, we give the prospect of
future work for large-scale GNN.
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