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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 overcome these challenges, many researchers have focused on optimi-
zing 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
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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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RO U o BE T I SRR A T A AN [ 1 B o
£ FHEAE LI RI omicro_F1 48500 & H oy 2
BN BT R MR AR FastGON FEBH B 1Y K L
B PESE Yelp Ml Amazon b 4328 Erf MK, B &
5 R A 4 )2 2Z 18] 1 7% 2 7 5. GraphSage £ 5%
Y4 Flickr,Reddit, Yelp fil Amazon £(J5 £ F 97
ROPRUER PE R T F B R BE L4 L (B
& TR AR I R B A AT U g A
5 e TR U hoid R 5 T AR T Z B[R] T
) 6 L B E1E 2 78 SCER61 .
3.5 I 2

B XTI 5 A TR A I ASE BR 8 DI 25 v A AE

8 B A AS T RS A3 B 1A AR A9 SRR B L
F 6 TR AE = ARBETLIE W G SRAE T
Jode th AR S B L S B B O B O R
Kol oy 2R A7 AR AL T 0] B L (HUR BT i 22 19 45 o
KA (9 0 AE 5 BT R ZOR AR B IE A AR A 1 A
He TR0 S AE T 55 R0 A A7 5 TR I T — R 9 I .
J2 G AR A B 3 0l I AR B — 2 SR A [ E A H Y
A JHEGR TR0 i Y R K 1 TR (R IR AT I 2 SR
RS IEAFAE AN [ 2 22 1) 34 4 i 1) [ Al 5 3 AR
JZ RS L RS A — R R N A [R) )2 22 [ 19 3%
Btk AHsATr R, TRZORFER A R T
P I 3 - 11 R A7 B I 25 7 52 023 L 25 )

K6 REHKEDSA

% i 3 % ik 5 b Ay T
N o AR AR K ]
e < ¥ GNN B e 39 9030 AT 55 4 5 e
GraphSagel2] o TR 4 | g S A o ZWET
VB 0 Ak 2 52 B 5 3t i
PinSagel!] o L T R AE o AR 1 AR 1] R
A > o A I AT O A - R 22
VR-GON') R AT T AR
LGCLIST o 5 A T 0 B A 3 K G 25 ] - R i T
e o fEFEA CNN kT Ak o AR R AR K 1) B
o B4R A N
FastGONT) « T 2 R B el
o BT SRR AL JUATR
R% - R R T R
AS-GCNLs7] B N Tr 22 o SR AT IERAR
15 5 1 R R A L
LADIES'58] o BT EBEMORAE o SRAE SR IAT PR RAR
R R o TR KL T
Cluster-GCNE22] WEETEEREHER o B R 2
, « SR BEHLYE . .
[60] o« HAE e JuRE
- RWT o BT R i AR AR

GraphSAINTL6

o A B — AL B AR /MG TR 22

c WE R E

SHADOW-GNNL63]

o iR RO A R4 S 2 I
© GRS T T I 1)

* WE R E
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I KRR E b 11 A E TR ER SRR A ALY
T 1 AR AR B 93 A AN — B0 A7 18 R A T S A 7T
i 22 A .

DL T 5 2 7 B R SRR FE 2 B T 1A
MM BB o MO R — E R SRR TR
PUASE R VI G5 o A7 A 1) PN A7 BR A ) 280, 396 1 6 7
4 AT R I e B B R SRR L T 2 T UL B AL A
A8y AR m B B S H H R R AR B
B T A 09 R 1 BE AT AL L Z20me T B S Hh E
Kods 00 S AV Ll A RO A S S AR AL

4 EE W EIESR Nk

P At £ 1 24 mp e e PRI A ) A

Wi FF (B R F R A B BO R 22 FRAE 1) R 51 F 55
R TR BO . SR % 50 1 2 I 2% G FEAEE 42 H
SR R ) 5 B AR TS L U5 A D7 T
PEREH 22 T 53 HE A &1 3k [y 55 A JL I 5 A7 A 55
RIS AR T AN T R S AR R AR B U5 A
A DO N DS P N T e - s T S R
o0 2% A5 A 11 2 T AE 28 5F E AT T AR G AR A BOR 1Y 45
F o T ) KR 1) B i 28 ) 28 AR B AT DL K
PEACBEE 1 Bl A 5Kt 53 531 %k 2 752 AE 22 AR O 1t
AR AT 73 B F1LEL 4G
4.1 EHEMERIEELR

A5 ¥4 X} Deep Graph Library, PyTorch Geo-
metric,Graph-Learn 2§ 3= Wi #) 9 £ HE 28 3F 17 4,
N 7 PR,

x7 BEHEMERREER

R AL

ki

« 3£F PyTorch,MXNet i1 TensorFlow
+ message,reduce & update functions

peLH LS hutpss/fwonw. del.
o PRAE T B SORY S SR 1)
« J£F PyTorch
PyGLz4] * message. reduce 8- update functions https://pytorch-geometric. readthedocs. io

© SHELAT 04047 R 2

o BR T PRI S0 5 AR A 2T R 3D BN 1 4 B

* BEJH T HERE R G0 A PR & 45 B LI L R 4 5

« Trfif RAE R R

Graph-Learn[16]

c AR

« aggregate & combine (3% TensorFlow il Pytorch)

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

« $21H SAGA iR
o H B O AR AR
- X% GPU I

NeuGraph70)

< JEH NAU g 1

sraphl72)
FlexGraph SRR RE AT

DGL. 1E2h H i 552 0 1) I 95 & #2281 465 41
J# )% 2 —,Deep Graph Library (DGL)™ 37 3 D) 15
FE 24 2 2 PyTorch,MXNet #1 TensorFlow & J5 % »
JF AR 7 R 09 U SR P TR A S B AR
o LAAE 1 P 2 2 0 . 3% T B AR s ALt
DGL K [ 28 1 28 B R 52 0y = A> B B I 34X
JO7 ) 3 4 1 DA T T P S LA Ak. (1) T8 R e
¥ (message function) ] T 4§ & — 45 1 2 H % vy
Ui s B AE IR AR A B () X R — AN 8L A
2 b (reduce function) X i {5 B #E 1T 5 A A4
Hla) 7 i LI 260 346 SR AL 946 L dse KB /)
fH . LSTM %5, (3) KT 10 2y ph £l A= B9 o 1R 7
B3 PR 2 Cupdate function) B 2 %) 35 5 £~ 347
BB

T HREIFERCE DGL KT B ek BUR T R

Borb i B A T IR 4R A B Al O B R B AR T2
b 1 F BB %5 Y K BE 32 95 (generalized Sparse-
dense Matrix Multiplication, g-SpMM) 1z 1k 1) %
AR P 3% - 1 55 A 4 P18 35 (generalized Sampled Dense-
Dense Matrix Multiplication, g-SDDMM). It 4, 4t
XFACHAT R B Y R HUASE & B4 » DistDGL 2 it 1
BeF 238 5 A o A IR

PyG. PyTorch Geometric(PyG)P & 5 — A~
FH B FE U5 L Ao 22 T 28 47 Ji8 2 T A 5 3 B A% s AL
il LA PyTorch Jhy J5 v 5 8L 7648 B F 5 180 . FH
A DL o i SOV R L SR BRI BORT B 4 R G eR B OR
PR | i AL O 2175 PR 3 S R & ot 22 ) 4% 05
(AR A A AT LB I A R 2 T AR
TE B ARBRAE DT 0, PyG 4245 138 B % 3 HL T it Ak
VA — Al LA K K e B5ORH DG #8 E A S AR 7R BUIE A i
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A2 Ty T BRI T OK R I RHE A DL Ko it b
BE YRR AL T SRR S5 R O 1 Kl in 4% (Data
Loaders). B 1 B 25 ¥ 84 . PyG 3 S HEXF K R 2% 2
A1 3D F i ) ik B

T, Pytorch-BigGraph™® 5@ i+ [& %1 43 1 %2
F 3 A SN ZRBG KT AT Ak 2 B R s AL, Pytorch-
BigGraph SZFF 2 54K . 2 56 R MK KR IF e fik T
1o PR SRR SR 1%

Graph-Learn. Graph-Learn(J§i AliGraph)™* J&
By L O A Y — A 5 i I T R I M & R 2% R 4
HATC &N THER R R R E R
BT 5. Graph-Learn 2 540 & 124 R kE AT
AR = E R LA, 7247 i#% 2 1K, Graph-Learn
SERT A R gy T DL SRR A Y 3 W oK
METIS™ (1D % 417 2D RiJ 4315 Fin i =8 & 430
K o3 A AEAk L I HAR B B2 A7 R /N B A5 IF 8. 18
KAEJZ W, Graph-Learn # 5 7 = Fp R A% 8, IF S it
1 Python H1 CA+$2 1. i Py RAE T A 7~ ]
rh AR B BN 2 ) T A R AR R AR T T AR
AT PRI — BBl 2 Bk AR T A TUORFE— R
A% by (s 325 85 IR 55 4 AR O A R REAR . AE TR
PEJIZIK . Graph-Learn M\ F 1t 22 [0 45 45 50 o i) R i
PR EEAVE, 3 4 TensorFlow #1 Pytorch. B &
PEAF (aggregation) FI T #2 45 Js 15 8 LA A= i 1] 3%
TR AT A B (combination, 258 F DGL () 5
PRAED FH T e v ] & 2R R Y AR

Graph-Learn {8 L E =21k, L8
Xof b J2 SR AL AR U5 A A5 T R Ak L &
X ROBRASE | 5 48 25 P A A ) 285 PR ) S

NeuGraph. A 1 32 4 1 [ B £ 8 1 R BB I 17
P 28 THEE TR A G R R 28 I 28 A 4R o T
NeuGraph fEZ2L ) H 52 3 3£ F TensorFlow, H i
i AR TT IR 6 T 20 A SR 33 89 GAS (Gather-
Apply-Scatter) fEZE  NeuGraph 2 H T — 4 LI
JEh Rl B G R B SAGA-NN (Scatter-Apply-
Edge-Gather-ApplyVertex with Neural Networks). H
H1, ApplyEdge #l ApplyVertex u] gy H] J7 5 . 43 5
FH T 8T 0 LYY 45 3R, Scatter Al Gather B R 40
Fl 3 filh & Scatter 1% #5719 5 378 B HxF b i i B AR
9 ApplyEdge (% A, Gather f& 85 1R+ AE 3 H AR 57
HIFHEATREAE A ApplyVertex B4 A

WAL S T k20 B T 2 R 0 T AR
FIA] 1 € P NeuGraph 7 18 % 73, 9 B2 F % ¢ Of:
75 R A T — 2 AL H R, NeuGraph & ] oy &

PR 13 43 5032, B Kernighan-Lin 823507,
A2 6T O R a] RE R 23 AR ) — B rp, DLt
v/ P2z 8] (AR TR . WKL T E S
TR AL A DL O /A% i AR Dy T s b
ApplyEdge H ) TC AT 5 . NeuGraph ¥ A F1 75 45
AH G 1 35301 B 94 B2 B R — 2 1 ApplyVertex i,
SRR E RN OCL DB OC| V) iy fE s v
| EVFN V] 43 51 2 7m i A 5 A R, O T RS AT
J& 1 . NeuGraph 35 % GPU By IFF47 I 4.

FlexGraph. Fi] B EL LD b iR A2 38 K24 A VR4
T A 2 A 4 W 45 U SR AE SR FlexGraph™ . o 3
A J7 R AR I A X3 S B A R R 4 AR
RBEF R NKERE (lat aggregation) FlJZ
4 (hierarchical aggregation). Ff 48 4% 41 J& & X il 88
AR HERAEMEME TR N T =2 %
FECH 4548 S 1 KPR A K0T (Direct Neigh-
bors with Flat Aggregation, DNFA) % J&[a] 32248 J&
1K S 8 4 7 P (Indirect Neighbors with Flat
Aggregation, INFA) Dl & 2% & 8] £2 48 Ji 19 2 9 R
495 K7 (Indirect Neighbors with Hierarchical
Aggregation, INHA).

FlexGraph $ [0 22 [ 45 g FEf 5 ) NAU =
B Bt 2 41 JE 13 (neighbor selection) . 34 (aggre-
gation) FIHE #r Cupdate) , Ff & % DA | = 28 5 7Y 7 44k
X R B SRR RN AR, RIS A O ER 4 BLA Y 1 B
25 [0 2% A 2 AR 48 (AL 5 DGLP \ PyGH" [ Neu-
Graph"™ \Euler™) {3 5J8 T DNFA 43 28 iy 5 A1,
N T k2 I 2k, FlexGraph i@ 523 i H 5% 3 1Y
W R A SR BT RN A K R B AR SR S A
A5 o 72
4.2 ERMBEXMUER

DA T ] T 22 IO 2% 11 A AE 2 O A TR S B 4
b7 TR AR SR 7R is B R T AR AR AE
THRLARSCRAG L N AE T FE R L 38 {5 B E 5 1 A8 1
S5 [ 81 33X 486 [ 00 T i) R R ASE T 5040 1 5 2ok A o
Je o 2. R LL R 2B A AR T Y
DA SR W A 57 0 (&1 i 28 0 4% o P AE 22 A OC 19 1 1k
B F BILALAL 7 18 432 5 A48 43 ) 2 B4 Rl
o3 AT S5 B IEAT AT L YA A A D T 4
Wk 8 fir 7. e Ak —J5 T AH K AL BR 23 B v, 1
S LR HAL AL B bR Kok M7 25 SR 5 8 — N 41 B 4K
AL SR I i AT 4

@ https://github. com/alibaba/euler
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®8 EWMEMEEREXMAEAR

1 s — ‘ LS A
Kl k) 4y 114598 B HAT AT A B HoAth
p3l7sl DGL v vV Vv vV
G379l Gunrock Vv
ROCEs0] FlexFlow Vv Vv
GNNAdvisor 8! DGL,PyG, NeuGraph,Gunrock Vv Vv V
FeatGraph[$?) DGL v Vv v
PCGCNLs3] TensorFlow Vv
Huang 2§ A [84] DGL.PyG Vv Vv Vv Vv
DistDGLE65] DGL Vv
42,1 BAER Iy AT P A OG5 R B2 B0 R A Ao A x DA 2

B R 3 o R R AR Ak 3 P ) — R il AT
55 o kB E s R o 2 B, DR T 23 it AL Y T X
B BC B o0 A 2 FR B8 P A [ B & O A7 Ak PR R
P VTR LA RSl R A BIL A N A AN 2 Y TR AL
s R oy 5k E RO H bR 32 m A TRl LI 25k
I 1) 70 A3 14 A6 R B A B PN T s ) R AR
A PRI SR [R] S B Xof TR il 228 190 208 A5 1 ) 250 90 40 o
SR T SO0 TR 5 M CRIVYY f 4 18 R0 i 4 3 ik A7 X
g3 s W AN 7 EEAE R AR 4 BT AT R

BEAL X 4. P°U 3k F &1 i 48 W 46 595 Graph-
Sage. ST T 4 Bl IR 43 5w < v A BE AL 43 SR
P47 0 B /DN 143 1) 0 S0 43 SR 0 T S0 B R 43 R
BEAL T B30 R GRIDN™ LK il 2 4 1 3D &)
GRS R UM L T REALR 43 B 2% 1K) 3 SR R
SRS 1 —E R I B ACREE T AH R 40 e
BT R TR AR T8 OF R B R 0 1 1E R
AT — B 208 S8 B4 U A A T TS 15 A v B &8 J 4 A
R PR B ML A 4] 43 CRP 1D &) 4305050 1 3
M X 1 235 4 AFVARFAE [1] 6 R 4740

L RBAMBIX 5. 1B 450 K dh 10 g P AN KL
HAPETE— & B B R AR T & B AR 22 ) 2% (GCND
1E GPU L33 A0 Tian 58 AW 8 By 92 5 90 UE
T HREAFA R R Y, IR T PCGCON R4k fk
P 43 v i SRy R DT 3 — 2B 4 & GCN 18 47
RO R R — R0 43 B T AR L B R B [ Y
BN MR 5 k. A X BT B, PCGON SR AT Ik
45 (Compressed Sparse Row,CSR)IE R K FE R T
L 5 5Re FH X8 I 194 i it A B ofe v R 4T GCN Hi ) 7
AL X A R TR T 9 B A 4 S I B R
O 18 R o R 7 O 58 il is B

TR EBMBIKI 4. PS5 s i R R R
FAAERE ARG, LI B BT & R 2 38 5 7 2
T IR TR s Ak SE  % Hh ORER A 110 A8 B A 2D

By Sy B bR 0 B Rl 4 HOR B TS R B Bk
Huang % A" 58 228 52 56 43 01 & 3030 AT 140 b 48 1) 4%
i BEAE 42 DGL  \NeuGraph'™ 45 3 F H 45 17 25
T8RRI 43 R — PR & 0 HAR 1 i g H
ARG S5 48 o AFZ R T RO 0 8 R S AN [ e i
thf B AR JE T B B AR ROR M 22 b il T
FEE Y A7 A5 AS 38 47 ) . F X L 1) 858, Huang 45 A
P2 38 3 41 JE 43 41 (neighbor grouping) 5 W 3¢ 52 31
) ) R ELACR B B T AR AR R AR T
RO EAN TS A EN LR WA
DAL A5 0 T 3 — AN T AR BT e L R R 4y
Xof FBE AR A8 T i AR JE T Sy S 2L
1155 B Z2 A B ICIA T BE % 0055 TR 45 F AN 0 ) 44 o
A A7 5t AN 359 4 0] A ) B R v T RO B s )R
i e

GESHE 4 BB R 4. GNNAdvisor™" 25 4 Hl
78540 F Y a5 R0 43 L AR BE R E 4 B R A3 DA R B
F warp(warp J& GPU I+ SIMT (Hi48 4 £ 24 ) 4t
PSR PAT B AR BT, — A warp 15 32 NELFD
PR 2 A8 XoF 5 SR G >R A B 7 281 4 R i N U [) T4
PR 43 3 A 1, FeatGraph'*™ o [ i 25 18 1 ] 45 4
AN SRR S 38 2 [7) B G Ak 1 285 g s [y R R AE ) it
THER R I 3 1] ik 22 I 24 52 1T

RNAXIS. 3T A SR EE 2 2 YN R HE L Flex-
Flow™ ,Jia 8 N T — A1 111 2 GPU 5% i &
P 25 HEZL ROC™, 32 B 7 B85 i) o 0 A7
BEWGAS 7 T AT T AR, 7E BB X 4 O i, ROC
FEF LM TR R T — A B A T R o R e
TE V11 22 I 28 )11 5 R4 B B B T LA 6 31 971 280 i
GORENEOR

DistDGL"" 2y DGL $2 41 1 & 4t 28 I 2% 155 5 11y
a3 A 2N 25 3 HRE. A8 508 R 43 J5 1. DistDGL R
METIS 53557 S~ 5 A 43 He 1) 347 50 850 i A /)
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PIUIHE] S IR 2 24 SOHL ) A ARk 23 1 I 5 4
DA B 30 3 A S TR 1 S i 4. i Sb, DistDGL 34 32
R oA s VAT LA SR FE R

IR0 o 38 >R Bl AL s 5 T B RO
A R 73 SR+ AR A — S R B S BT RO Y e it
AR SR TE TR RCR I AR B T AT R 4 ) AL {H
e PRI il 28 I 4 A 0 A T 90 S IR 5 4 v ) s B S 3
QAT R X — 75 SR 5 TR 1 20 A1 R AE AR 45 5 ik — 20
T AN ZR B BOR IR A 5 it — k.

4.2.2 ALSEE

AT: 55 ] J5E 3k e AR AT 55 A SRAT WL o R B2 iy 2
PRI AT 8. Hen e 70 A X AR 48l i T &
368 A5 AT 55 SRAT B B oA D /0 il {5 I 30 oK 2 A
FRAL S 77 75 5K 9 4T 55 408 3T R A7 A i o Ak i) Joy 8 11
T 412 5 G2 A7 58 T [ M 2 I 245 o PRI 45 4 1 s
P AR DR R A 1 e 4 J3E AT R AT 55 81 R L
S o3 A 3R GE A R BE G B R Y O B R AL

PP P 25 ) 24 A58 780 SR T ok A K G O IR
PATHY 4 A B« T 1) A% 4% o oA O AT A A0
Fr B B Bt A2 4% v 4 B I AT AL B IR AT B Be.
FH s T 16 A 3 T RO AT I T R R A A 1 4
Rt BEAE R AN [ ML A 18] B0 3 A5 ] 20 i) 4 4 5
AL A7 AE S B ¥ 3 {5 4 3R 7] . 32 F] PipeDream™"
(0 S P2 A [ 4L U B0 =2 18] 4 A AT 2 7 k47 3
J3E o 3 3o R R A e R A /N T A A R T
AR

T AR R AT P R Huang 88 5 R
PRI 1A A 55 R 2 R et o LA A B 408 s 1) T AT
WAL FR. B L 1 ek T Jaccard R BT M
A 1] A A B AR A A I R AR B Y ST R
Ko fJa B T RIGCR AT 55 L. BR T 48 S 2>
Ao 47 R A0 B A A — S Y 22 S 1 R 1A
R B 1 5 N 2 — . Huang % AR AR JE 43 415K
W 3247 B 2R J3E ) R JEE . ORE 08 1Y 3 2 03 IS [
(2 s K A~ 48 J 43 4% L9 AT 55 43 il 8] warp
HATIZH.

VA _FAT: 55 908 5 S BOOR A — e R S Ry T
PR32 A7 R0R  (H A 1R B X LR i 455 78 308 £ F 5
L A B v R EE S W 1) T R D I A i — R
WL,

4.2.3 FFATIAT

AT R RS R G R AR AL BELRE T 0

T T7 3 AR RS R 1o T ) i B AR A0 T

AT AT B2 U DL 5 2T K ST AT 1Y 3 S U8 5147
BRI IA7 TR A 9 17 = 2. Bl I 17 B 205 S8 &)
S B N TR 7 e B N = e e R S e
THE A TT AR X X N7 4 R0 e AT A [R] Al 55 . g
BT I 47 W) 55 22 0 S B B 80 K] 43 S S [] 1 38 43 (1L
R 2R S PR TR 2D IR e 4 B R oG, —
AT T A ) 9 Bt BT G0 7 AR L 4y e
RAIATRL L0456 B g W 2 ik A
AT AT TR LA B PR B8 =2 T g M e il 45 © A 1 AT
J7 R TG H e Hoh.

FeatGraph"™ 435I/t 1k B & F1 5 37 B B 1) % o
5 O A HEZRAS R A nT L A 3 SO T ok K
AT 3 B P SOAS RO 0 9147 07 20 19 4
G 3 B FIRRAE GO

xR g, PP OR AR A IR 4T 09 O =X
TSGR AR R IR AT LA S 5 4B R AE v = 3 R A%
FEEH S B DS AL A M s REAE JEA T AR 3 AR 4
AL B 2 I 1 o ) 25 SR i A7 e 2 AR IS TR B HE
FEAT X5 5 s AT A% 40 R EE BT

FEIEAT AT 77 T8 o VR B50H0 79 AS 0 ) P o 1 4
P ARG AS SRS — A~ PR ] 7 B O T 40 D 25 44 1
A BURFE B R T 422 57 B A B T AT RE a0 B8 K
I BB AS HE — D ER TH T AT AT B RR.
4.2.4 WNEEHM

—J7 T o BB 0 R FUASEPE AN 0 00 0 i
DA BT SR R 1) 5 2 PR AE — R RS I T
Pt 25 ) 45 AR () N A7 TT 8. o5 — T, A T CPU,
GPU B AR AENE Jy pft 2 ) 255 50 700 o (i 285 4 1 430 2 0L
TR R ) 3 FE H A R A S /N, BB A, Nvidia
1080t R ANAR R 12G. X “HEREHZ
W £ B 0, J5 R JE T GPU & UL R S 0 4 1 =
FRGUI SR A S50 PN A SR O U /N AR AL 1Y
Vit IF 4.

HcHa T D R 3 T HE w . Huang 55 A5 5 i
TS A ) 488 = 1] g /D 500 3 52 30 T ke sl )N 42 Jmy 2540
3 TR R U7 B RO AR R © A I ik
R SR IUAR G Y SRS AT RR AR e AL de S T
TTRA . R T Z AR R 0T RRIR, L E
JE ot OCO). AR AL S Mg — J7 THX BT A 5 R 4T 4R 1R
Al AT R R N OCN) 55— J7 T 38 1 R 51 #6 i
Vi ) &R J& 47 5 B Ja AT A X R s/ T U5 1] F
TR IFH.

PPUSR B 0 SR W 8 A7 R 45 4 AN Y SRR AE L TS
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3 IR 43 9 A

TE N A7 P 4K J5 1T GNNAdvisor*" 5% i 4t [X &
B S R R R 4 5 s ) Ry L LA U A
TFES. R AT warp B9 N AL S HOR R B 42 )
W AF 135 T 4.

ROCH 6 Y A7 45 FRAT 55 i 52 S — 4> U A7 T 4
/M), I Bl 2% AR X AY 3 25 g 7 5 2k 1 E
P 2 B A7 A GPU N 7. I 4 52 55 1E WY A e
F DGL, PyG f1 NeuGraph, ROC E. & ¥ iF i vl
JEPE.

FeatGraph'*™ £ i A 4% [ {5 45 35 55 O o B
(high-degree) FI{Ik )& (low-degree) 17 5 B 4~ 47
FZ g3 GPU iy M= N AF /N AU R T A
SN A7 Ok B R 3 ROk R 0 Y I U O
0 P B8 5 DD AH DG & 2 B (55 /N A SR S A7
SRR 2 ORI AR v T I i 0 S T
JHE.

DL b A7 B R O AR 328 DA A A R il AN 5
FERCR WA T AT 1 04K A 5] 5 W 72 AN [7) 1) 1
MY 5 AL SOR WA Br 22 7, [N FeatGraph Y
DA TR 72 R o Al 19 B AL AL RCR BB 2. 4
fal Bt X ER A Y ELACRRAE 2l 28 2R RS Y 1Y 00 Ak R g
DL T8 AR Y A7 48 B A ROHE A R — 2D SR
4.2.5  HAth o m

Liu 28 N T — 15X GPU M85 (1) & #h 28
WO 265 FE 28 G* L. A AE 4 5 R AR R I AR AR Ok Ak
PP B 3 T A TE R RN U AR TS A0 Ta) L B X
PA b, G* 56 F Gunrock™ $E 4L T — F 51 DL & H
s I B4 L 78 TR B0 A5 B AT 55 RS R 6 4834 5
AT T G L T C/C+ 4+ TR M4
DO 28 22 A Sl LA R 6]t 4 ) % s il 5 A R 2 T A
WU . #H kL T Pytorch #1 TensorFlow, B8 T &
Srl S D [1 BT Y n

PL DGL Hl PyG 3 mbfiE 42 . Huang 45 A fif
Bl S5 53 4 A BE 5 H T PR 22 0 28 AE 22 vh A AE 1Y T
AN (1) [R5y 381 45 55 3 L 2% A i
Hh BRI SR AR AR AN LA o rhon i AR T 2 B [ 4
FAAS B ARG 0P A O 5 (2) 15 A5 22 7 1 Y 1
BN T n) s (3) A3 B o B0 51 R TR N
AE ORI 1] 5 (4) Al 28 I 2 B8 A i 1T 39 1]
SERAFAE N AF TT B AV TC A TH 53 ) 5 (5) R AiE K&
AR AL | R - DGL #1 PyG 3 43 22 W R AiE
R FAT: 55 20 BC 2 [ € £ H AR b AR S B

I T e o A5 AL B 2 B A D 45 7 R AIE B AR B
A5 Bt A B S DS B e

GNNAdvisor™® & — 43 F GPU [ & #h 25 ™
28 T g . e AR B S A %) ] s I 2% 5 TR R [T R
IR AE 7 57 28R 20 TC A A A BT T AT 3l S AL A
Ak . GNNAdvisor #4) 1 43 A 450 50 >k o o L A
EHEAR P22
4.3 H ft

QGTC. =1k # 2 M 4% (Quantized Graph Neural
Network, QGNN) ) 67 £ H i 45 1 M AR5
FHES .28 T — & 1 &, Wang 88 A8 & L1k ik
1% (Tensor Core) | K H T 1 m GPU ‘&1
QGNN #EZ2 QGTC(Quantized GNN via GPU Tensor
Core). fERIE T . QGTC B AL X Bds 17 T 1k
HIAK A7 72 78 (low-bit representation) s 4R Ji ¥ & #
22 W0 2% R R 4R A EAT 6L 23 i LASE BV Nvidia GPU J§
PR F ok A Y [ 8 S AE GPU % 6R 5K
J5 T 8 3 R A3 Rt L T R Bk i (zero-tile
jumping) %W HFE AT ARG UL A i@ 3D HE S
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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 ac-
celeration for large-scale GNN models. First, we briefly o-
verview the message passing mechanism, classify GNN mod-

els, and analyze their challenges in processing large-scale data.
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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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