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Abstract: Graph neural network (GNN) has become an important method for handling graph data. Due to the complexity
of calculation and large capacity of graph data, ffaining GNNs on large-scale graphs relies on CPU-GPU cooperation and
graph sampling, which stores graph sfructure and feature data in CPU memory and transfers sampled subgraphs and their
features to GPU for training. However, this approach faces a serious bottleneck in graph feature data loading, leading to a
significant decrease in end-to-end training performance and severely limiting graph scale that can be trained as graph
features take up too much memory. To address these challenges, this study proposes a data loading approach based on
input feature sparsification, which significantly reduces CPU memory usage and data transfer across the PCle bus,
significantly shortens data loading time, accelerates GNN training, and enables full utilization of GPU resources. In view
of the graph features and GNN computational characteristics, the study proposes a sparsification method suitable for the

graph feature data, which achieves a balance between compression ratio and model accuracy. The study also conducts
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experimental evaluations on three common GNN models and three datasets of different sizes, including MAG240M, one

of the largest publicly available datasets. The results show that this method reduces the feature size by more than one

order of magnitude and achieves 1.6-6.7 times end-to-end training acceleration, while the model accuracy is reduced by
less than 1%. In addition, with only four GPUs, the GraphSAGE model can be trained on the MAG240M in just 40

minutes with expected accuracy.

Key words: graph neural network (GNN); data loading; sparsification; compression; feature analysis

1 5%

SEAESR, BEARIE 2 ST AR R SR, EA 2% T
PR b B O () T, FERE R RS
FIZG B 5 A 2 7 V). AT, L3
2, AR I 251, TR i 1 A R
PATE KR R GPU 34791145, B3 GraphSAGE"
3 0T TSR 0 P 28 0 45 RT3, % E
AL B 21 R 04 2 O AT KR R (915 1 7
K. DL, SRR IR R bt 32 1 T B 26 o)
112

VSRR Y 25732 O U 53 AR 5 R« B0 %
BRI E5 3 34y, HRIH CPU-GPU HhIFITHE, 1%k
R, BT CPU M GPU Z [ ¥E f& s K A%,
I BT AT I 2RI 1Y 80%—90%, GPU B
TR FE 13 20311 253 2 52 8 CPU A1 PCle % 7
FIR, 5B R T 4 8 R BB IS

B S 3 SR GPU P #2817 0 7 5K Ik
ot g, (6 i T2 1R /I R EL B0 7 ) B AL
B, R 7 EEE AL B KRR P 2R A e, 5 — 4 T

B HAL GNN A ke i g AR &1, (E48 |

R B MR S |

o e ) L3R R, AR SR T B T
057 GNN ML M I B e, SR 4 N GERR
L3RR/ CPU Al GPU 2 [8] () B 4 i, JF 3R
UL A LA, TR L, 5 G VR R A AT L,
GNN X7 N (1935 22 B A T 03 2, RO, %
34 N E R P T BAE T 7 B MRS T e e e
TR B A

AL E BRI 2 (1) 4R T — & A T 1
HORRIR A 7, 46 1% 77 B I GNIN I R i o,
LA GNN Y 25 36 2 5 77 AL B ) B A, 3% 7 3 T
LLE AT A 5 4 25 BB ) GNN B F (. (2) %
34~ GNN L 3 ANSCHR S 47 AR A5 03, %07 ik

246 W7t JF K Research and Development

A DUK 75 0 00 Ak 2 BRI A B UL L,
BRI 1.8-4.2 £ [ 25 55 1 5 ol TR RS B 9 2k 0 T
1%. AT FMS B 4 4~ GPU £ 40 min I 7E H i 5
S g /4 T KL #E MAG240M!"") | 5% 1 GraphSAGE
F11 5.

A 2 A E S AR TAE. 5 3 WA AR
SCHE H R T A AL I R A B IR AR 56 4 Y
MAHREE . SLIOIAEE . LIRS oM. 3B 5 AR
SRR,

2 s RTAE
2.1 ERHFHIINZGREE

GNN G i 2R oAt 15 50 AR A1E SR 4 I R (1 45
B SRR AR o A AR OR, AR E T S, A
KA. B0, 1k 1 Frs, MAG240M $ ¥4
HIRETE 2.4 12 AR 17 (L4 A, JErp AN 1
15 768 YT, H M AVNTTIAE T GB, KA T H
i ik 5 60 7 GPUCNVIDIA H100) [ GPU 477
i (%% 30GB). [H1ik, AT AE4 B4 R ER A GPU
SAFTEAT A B N T RV IR GPU AZH K
[Pk, GraphSAGE. FastGCN!fl Cluster-GCN!'™
SFVAT I GNN B AU I 4= I 2R, T2 R 2R TR
FET /MR I 5.

F1 HHEEGIHER

Hodh e R Bk RAEAE 4L

Reddit™ 232 965 114 848 857 602
OGBN-Papers100M™ 111059956 3231371 744 128
MAG240M""! 244160499 1728 364 232 768

HOL R R AR R AR A I 1 PR, B SRR
(©)~ Hdn#k (LT 4073 9 ik W5k @ A Kb 4% i
@Fi) MBI (@) 3 MU B ARYE R — /MR
T 5, JefE CPU L WU 1B rh KA 45 21 L AT 484
17 B (©), I CPU PY A7 H YL 18 48755 )0 12 (1

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F 5533 %5 551 1 http://www.c-s-a.org.cn FEN R SN H

REEHE (@), T4 B PCle Ja SN R iE R B £ i %
2] GPU (), |Ja1E GPU LA HE 1~ BT Bl R 22 1%

XL SRR R AR &8s R A, RN
F I GNN YIZHEZE 41 DGL" I PyGH 15 5 i 7 A= 3

AT A THE AR AR IR (@). STk

1% £ cru) 1 (Gru )
|
| ® Beit 5

@ FHEEE I GNN &7

o %( 0 L ® ¥ EIREfL 4

| | /—
. T Eee——
© R TR : TR \
o ' PR—
L TE 458 ® T K4ttt T RS

13T CPU-GPU B MR IR

2.2 HEMEHRD

FETRAEM) GNN I 2k B AR RE WS AE S FABEIE H )l
U, ELTE A R DB 0, 500 26 SRR
35 00% {0383 S S ZRIE 1. 3k A2 D6 9 2 1| ok e,
K B B, L5 RS 30 1 7 B 45 W A5 B RN R
(RIRFAE, 75 ZEim 5 9 7 FRIY) PCle 551 i Hh . CPU
WAL ] GPUL X S8 T % 52 1 GPU IR AIIR 2.

T B 0 AR AT IR 4 A, AT A
DGL I HEZE 7F Reddit. OGBN-Papers100M Al
MAG240M % 5 i)l 25 GraphSAGE. X S £ 4 £ 11
GuitHdE T LATESR 1 R3] A FZR I F.

Ok, 5SS E, R IR EOE 7 EE 0 i R~
ol R AL AN 2 BR, X T RO B MAG240M,
HRFE 5 698 GB i, i H s ST 1 98.2%. 7E I 25
AR, SRAEAS 3T P LU 5 B SE AR B, DR R fiE 2504
i EEREK, £ PCle M HIEHEZ) 99.3% 1 RS RFAE
SRk PRIIL, TR 2 W AF i BTG 2 PCIe i 58 5 A L,
SR 0 A A .
O RHER T B 45K

Reddit | | 950 MB
OGBN-
Papers100M I I 65GB
MAG240M || 71168
0 20 40 60 80 100
H L (%)

2 % P SR AR i o L
LR, B N 28 e IR A N 00 P8 1 T R, AL AR
Kt Wil 3 fos, £8 3 MG S5, Bodl n 4 (B4

R AU VAT R0 A A% ) IS T80 40 ) o ) 5 B ) AR 1)
93%-. 90% F1 96%. F AR, GNN 1) H 4 in 4 A 45
1 A VAT S AN B A . R AE WA BV AR 4R SR RE 1S B A T
BRI U 5, BERIE I R E ) & 3 — ANk
[ ER IR X, T H00HE A% i 0 95 7 P 45 R LRI A P A7 31
GPU A7t 4, 57 BI85 0 R 8 3 AU RFAE 1Y)
1% Zc 7. DR, GNN Edf i 85 i 6 442 SRR AE 250808
PRIV AL, S5 R AR RS BB AR O, B 80/ 25 (1Y)
MRAS R RIPE T4 AE RSFE K.

W CRHE B RHEE O Hoifed O R

600
2 500
g
= 400
\é 300
A 200 |
X
® 100 @ @

0 L L
Reddit OGBN- MAG240M
Papers100M

K3 BRI R iR A D IR B AT I 1)

BEAh, 55— MR B 2 X 4% AH B, GNIN AR 7R 3
ZHUH XD, R 55 B g8 AH L, A58 1 i 1 R e
T4 A 476 P T S ) S /0N 3t 75 R A1 50405 10 o 28k
AR, HARMERE THE B, 380 GPU I FH & A4K.

PAb R IR W R S50 n AR &K, R 7E K
FUAS L I GNN VIR S 2 B R HE N 2K ) 8.
2.3 HXIE

TEARATFRATIA G — S 56 T A, 46 F FH 247 A
16 SORBS 7R 485 ) SR B AR 11 23 2 v ) 80 o8 75 K.

Research and Development fJf 72 7T & 247

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2024 4F 55334 5 11

PaGraph''F| Fll 25 I [t GPU A7 K28 17 e iy
(1 —3B 71 R ERFAEEHE, AT 980 75 AL CPU A& %
(K d B, B bR A in 4. GNNLab 't — 5 % H i K
FERI TR M A7 a2, AR, B T IRy
SFRFE 725, AE VNG Je TH 5 A SR 3
MR, SR A7 W2 ot te PR — 002015 RURFALE.

XL VERARFE RS AN H T GB IR R
U, AFURE DA S B8 R RIS . L2 A7 o v 232 R T2
T2 B A ETRUAR R 14 i B A, 3X @& RN A PRI GPU
AT T SRAF R AE LU A5 i P 398 KT 4 A Wi B A,
BER BN T s PE RSN TR I BEALYE, S8
ANGEAE R A P RN L ZE W MAG240M XA )R
AT AF AR ELAFIACN 0.5%, T i o R AUE 21 10%,

% R BN ZAFHOR M — LA IR, LT To ok i

e B R R, 7 b B KT e, B (10 2
SR A AT IR, , ¥

BEAb, 4 e ABFERRE R KA N ARG
AR B, LA 70 10 2 B 47 o (10 5 1547 R
BE. AT DA RO B R, (E SR T I
Fy i L, S B A 0 S SRIEAT B R, S BB A
AR, 44 A TR

31t T {3 SO TR MR o T 7 0 B
hn#k &, 1 GNNAutoScale 7 | A 11 5 i g FH 7 58 ik
XTI S A A 1145 — U A T 40 N
P kAR T B R T4 5 1 L A0 4
AERG SN, KR T 5 B 15 5, AT 66 T 4
AR, WD T GPU A7 FE RS B 1. R

M, X 75 ZAE BN A A PRI R — R I P SR A, XL

AR A T IR REAE I, AR T RS PN A1 DA
Sy AL A AS T T A 1T VQ-GNNT i —
A A BRI UL I8 A ) U5 TR GNN

B G/ T GPU A7 & R 5 AR, (96
EIRTHUE A AR, Ly RSB B 31 A Tk
o R R T4,

TG — R 3 WL RO SR 47 15, 16 TR
e ST, A5 — e AT A A PR B B T 4
BRI R A, SR, 75 U, P
AUV B 5 TR e ORI, T TR B ) K
I 2 B X 6 TR (0 B HRIT S8 5 AR ), a3
HAIT A KEIE, IR0 T (IR 1.

R B, W K BRI, B T 4 i
GPU L4 MR A [ CPU A1 PCle #5 Vi 5.2
IR TE AR, 8= VR AR 1 T EUAAE SRR S0 T 2 1k
Il i i FI GPU ¥ U50F) FF . i FLBA %5 5 48 GPU
A IS R R RT ST ERALRY, GPU 56
FIE KT CPU 1 AEAT CPU-GPU #3271 o8 (30 K3k
1, A ) FIRLHE N 0 RS IE 287 . Tl
TARFE TV 7E K UL 357 52 R BATAA,
Ik R KRS s GNIN 112567 £
SEAERAL R GPU YR 2R A0 1 37 .

3 WA REE S b 2k,
31 BHABEMESE

7 ST — Pl 0 S N 8 v, S R A
ONHHE, 500 SOR NSRRI GNN VI 264275
AT AR AL "

FE] 4 28t 7 s PEURRBR P SR I 7 0 10 8 .
BN T AR 2 i, 5160 P SR 4 11 5 4 32 47 0 4
(). TR ZIEAR T, % RREEET I (D), RFK
SRV T I UL SO L (R B AL R AT (@), ©), 15
GPU _L i A1, 45 U0 A (4 2 (@) s it
FHTFAUR L (©).

5
%
4544

r

A © H{FC CPU : GPU © B
s, © I
o . @ Bl
o ! GNN # 7
Reg © GPU TRt -
d,0 FIEAAE LT || ORFERIRA
—E—E
© Kot | ——
. : TR
o /
g0 QL' - O\o’&
—- ® GPU %l%l,}uf:@%i\nu Ep—

K4 ST R SO N80T 125 i) BRI 2R IR

248 7L H K Research and Development

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F 55334 5 13

http://www.c-s-a.org.cn

i H AR SN A

18 FE AR A B I 38 0 VE AR T JRUAS )1 i R
BN e (©) FIE LS (@) BN PR, IR T
FHEUER (@) MEHE A () ¥ KRB & Hrh i
B A — U R, T AR R A 7E R R AR AR R AT

fRIEAEHIL BN T 5 GNN I ZRHESE () To 42 46
ST 0 5 10, B A A5 B 8 0 A P B TR B as AR
AR WG 75 X B L 4 K EAT AT AT B 2, g Pl S 25 46
KZHH DB 2 I 8 AR R I, AN [R5 e A 45
R AR AL 7 1%, i i A i 28k 07 125 T LUR 25 5 i i
FATEILA 1) GNN YR 2, A7 7RI G- Ua A 4L
5 AT 43 T3 4 I AT A B Ry

PATH T7 1538 e 4 R B, SR 2050 gk

TR, 1= ZRig B AN GPU B IEA 2. [l 152y T

CPU P77 eI, 45 AT 1 25 FEL AL K.
3.2 EFHEREL

R AT R R A R I R 3
Dy, ELJE K FOTEAR PR A4 )5 VA3 LT B (E e,
33 A B A HE PR LG (SO R 5 P 45 R~ 1 L
fi) R 5 ELEA, R 4 e B 9 2 4%, E LLZE GPU
RIS AR S G, I 2 I 4 T
A 0152 2 0 20 PR R, DR E R AT i P A R B R A
ik

R A B R AT A B0, (% B BB AE
i i e A A A L 4 E AT K A0 A
T LA R B AL 735 4 48023 R 4 P A
Bl Rt

FRBAL I T B JB AR R — M3 1 B L

EREONE EIYERE, LB A EEMYELE, . |

W NEE R ). PL GraphSAGE #5 8L A 5, A 28 [0 2%
AR — AN R 2 A4 S R E SRS EUIE), B
JE i A AR AT B A A5 R, RO G B %
2 P4 2 I 4% (O e AE X RE R A o, B Rk e
{EL PR AIE 22 0oF 285 SR i Bl B K PR S 7 2 30 28 ()RR AR
fsZ a0, T HL S G BOE R &1 i (R BA M, ]
DK A IEA G 5 N % 22 30 o KT, TR b P e 2 o 5%
HET — P A 220 DX 2 o i N ARRAE PR 2 22 PR 25 AR E B o,
AT DA FH B 03 1 R 40 S

Atk AT Top-k MIFEBAL T VLRI TE S
PRI AR I 503 1RO A A0 TR 400 7 2, K RRAE T 256 4E— 2,
10 37 e A B B R AN BN kMBI AL B, AN id SR
S A A B, T A 5 A RS AR AL T R AN IR A 7R

IR RN SO C WS = 2o 3 N NER P C S
TEHE 1 43 A KB A), ARIE A AT LT 2 K & 2
IF1) DA$R o5 FE 45 L.

Bk, BATHE H R s ik 5k 1
S 1. ERFER B AL
1) ST AR 1 I, eAF 256 AE Ry LLHEAT 40 8L, Bt A7 R 4.
2) KRN A R — 2L, BB RN & M, PR 2k AR
FIChE.
3) 45— LHAER A5 S VKRR RN kB SIS, 135)
2k A 32 LI LM, BN A !

Fh e, 45 A HO AL IRM K/ M 256 4 32 432
T RUEORAD B 2k A5, BRI 45 LA 512/k. Sb A4t
T8k A F N MRS AR, HIX 595 S8 K, AR T4
A FR RSE T 7T L2, of 45 L R RZ IR AR/

AHRLI, 75 GPU B4 AR e 46 20 SR an 503 2.
3k 2. i MR (P 5
1) Dl JE AR TR B 32 L s 85k SR e, WG AR,
2) HHAEAN Y A1 e 6 — LR E, AR 2/ Ak, 4558 A% oA R I
{0 S BT AR AL

Y% 2 H RS AR TR I 25T BRI O R A7 B GPU
BAFH, 1955 F GPU I & B F AT ALK B A7 Vi 1],
R 4 20 BRI FFAS LA

A P A s 45 LR AR I, TR 48 B I AN 2 B 5 1R
MUBLI ™ KT AE 4L, Rk, 5 2647 0 TR AN R, TEAT R
L 1A P A T L o 5 1 It R
3.3 IR B

R AT T 5L 54 TR VI B L R e 1) 45 S
sl th . AR IR R T R RS R E
500 T FA N FFAERT GNN 43— 2 [ . DUR G RRE
TR 25 SRAR B, 2 R B A 1) e th A AT 2
Softmax %5 75 s AT I — 1, AN [F1 4 B 1) S {8 1 B 431 5%
REBONEZ, B ATE 5 S A0 AR 2 AR AE A
FEEFR. AL MAG240M 4540 3 |2 Graph-
SAGE R HEAT 5258, 48 FH AS [R5 Ak e B I, Il 25T
YRR 10 2% T4 LRSS HE I A LA UBE 3 2 R, 5
TRIAARFE, B3 0 T A 1 A AT DA R 3 2, 4t
— 2T, RELYE AR LR # G B . B AR SF IR BT
A S X i N R RS2 M AR /N, A SZARBLRE KT 0.9,
Bt 5 R 40 LU (K36 O, FEALRE th A B I B, {HL R R 47 L
K H 64, B3 TRAEDE, B&Y B EN S BA RS
SR, TR eI 2RI )40 2 RN B R 8 . FRATTIE W

Research and Development fiJf 72 7T & 249

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2024 4F #5334 5511

3, BEAE NIZRRIREAT, AL H AR R T M Y AR AL
W2 P e, B WSS 30 AR R ZRY ) Tl 4 SR A0 ik
HEJLF—2L

P B A T 240 AN [R) T B 4 7 32, i AR SR IR R T i
AR, R S el o B, X AR T HE 2 E R
PATHK i A 0 L ) B 4 D732 32 U 43 A (PCA)
beds, g5 R 5 BoR, v LAE B B AL 75 i mT DAYE
e PR 240 LU T B G R R AR TR M 2. VR X B, B
JE4i LI FE T, PCA 7k HERA FE T Pk,

K2 OAFEM A BCE T S5 RS B R AR LA U

i Fs i 48 L
N
IEARRA g 16 2 64
i NAFAE 0.963 0.868 0.746 0.623
F1EHH 0.981 0918 0.818 0.704
F2 2 0.989 0.944 0.859 0.752
FEIEHH 0.991 0.949 0.867 = 0.762
B
70 r -o- itk -O- FBift -0 PCA
68 ¢ PN,
$ 66 N
D( L AN
g Yo,
@ 62 \
\
60 N
58 L L g L )
1 4 16 64 256
JE45 b

K5 Fhiiih 5308 0 BIE MAG240M _E)ll 25
GraphSAGE [1J#ER & L

3.4 WRIACTTEHE
A5 P i A B0 I 77 V5 7 AR S B ) 0 2 i

RREREAT AR AL BRAE. WAL O A6 CPU HEAT, I

6] b, B Ak (0 1 S0 BRI ] 5, R4 e K MAG-
240M HHE S FEI AR 5 min, ngzwlléﬂ%aﬁﬁﬁi
kK EZ . % A] L, FRATT B AT o AT S R
TR, oF T B0 AS G T 5 00 A4 40 6 MLk BB A — /8 4
AT, TR ELE B B Ak 3 R R LT B A A
2 (A)FF 4, WEAE A7 R AOR& R T T 4 5 R s A R
LBt Ab, BERRAE R B Ak — UM I, W Ak R R AE
A AFEAS [R5 R 2 0 B K 2 I 2 B A .

4 SEE 550
41 XWWE

FAIAEHRET 4 4 NVIDIA Geforce 1080Ti GPU
(11 GB). — 16 #% Intel Xeon CPU (2.10 GHz) 1 512 GB

250 W7t JF K Research and Development

P AF IR AR 55 2% B HEAT 5256 . 31 43 F) Ubuntu 20.04.
PyTorch 1.12.1 A1 DGL 0.9.1. FA1E s E B RKERF
MR 48 5, RSG5 2 R TR 45 R

FoA T2 B A A AT S, R IR R KR
B Bk LR 452528, 341175 Reddit. OGBN-
Papers100M Fil MAG240M X 3 RIS FilgR T
3 ANE WLE) GNN AR, 4358 GraphSAGE. GAT™"
1 Cluster-GCN.

R R T 3 MEREN S KR Reddit B
RPN, (A C 2032 T B PRII0AE. MAG240M
R BB AT GRS, S R — M a k.
SRR 3 R (A P, FA 146 3L A T 1 )
F LT L LR T SCHR S OB, AT AR 41
FECRRAE 3808 0 9 1 2 RO WA 2 B AE, 3K 75
TEHE R K 512 698 GB. i1 T30t T B FIKL
RN AR, AT SERIEAIR, 75 i B o i
— AN R 3 B T I, A IR R
53% [ A, 45 AR 12 368 GB. % T8 H &%
PR SRR B T AN 2 B8 1 2 08 kA
WER I, T EL% R B R 50 MAT EL R, JEx
.k 1 B8 0 T 220

BATE UG ) DGL YIZrin 2 N HE 2k, H“Full”
Foor, WREH A B R SRR E, R L5
3 N VI 25 A2 P <SP . BEAR, RATE IR %
PaGraph 2217 FIFHIAL 77 A G 6 0 2R i 56
B 1 11, 0 4 B 5 24 A ) 00 2 B
e, He (0 FTI AR PE T B AN 1% 10T FEAR H.
42" BEREIRIE

Fe 3 BALETORE AR L DL 5 2 L R L
oA T4t DL e PR A 0 B 1 2 B T AR 39
HE, BIME 5& R B i 2 i) OGBN-Papers100M 5 4E, F4i
AL E T LA JE 45 He3k B 16 (5 00 F A0 R 1
$RR AT 1%, 75 53 B8R S e 1 AT 3 1 R 45 L
DR 50. BEAh, AR IF G FE 4R LE (R b i ) S
N TE) (OB TRY - 3504 BL AT 50 S, e A 85 ST DA A
o4

T TR T 5 B 1 14 AE 0 4 GNIN BEA (198
WL A, FRAE F 2 R AL, A RIS s B
9 5 A F ) GraphSAGE BRI, T 55 Graph-
SAGE [fM— [X 5 76T (E 50 % AR B4 23R AR A
R0 2, AT ) FE 405 L 0 7 (43 22 J2 I LI

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F 55334 55 13

http://www.c-s-a.org.cn

i H AR SN A

BETRT 6%—11%, XHH T AEEREHIERN—K
T2 [ 288 R TR AN B A FH A B AL REAIE, 1T 55 GNN 25

AL W] T GNN AT DU B A iR 22 1) 3 2R
PRt LR A D BRI 1 K IR 22

3B B IR S R ) GNN ISR R BEAT NI ARHE URFEI

. . Reddit OGBN-Papers100M MAG240M
” B4R MERREE (%) FERT (s)  JR4EEL MERRUE (%) KERT (s)  EZEEL HERREE (%) RER (s)
Full = 93 16.8 = 66.1 188.6 — 63.4 564.2
GraphSAGE
SP 502 95.9 25 16 65.6 492 64 682 1209
AT Full = 952 185 = 66.0 252 — 679 5828
SP 502 94.9 46 16 65.1 1267 64 672 1642
Full — 95.9 13 — 622 152.8
g L PR
Cluster-GCN ¢p 502 95.7 0.7 16 61.5 98.1 ?M;@ET WAL

4.3 IZRInE
AT T IR 50 FAT S5 WP A £
WISRFEIT, 45 B2 3 Fios. 6T 3 AMER, Bk

R B I 77 1225230 7 1.56-6.72 5 B IMEAUR.

o Cluster-GCN R 3L H (1) 113 LG RIS, 1X 2 BN & 1
iﬁl?&ﬁﬂ%‘aﬂﬁif’ﬁ%&ﬁ%%TT;‘%?.!%B‘Q\j(, (ERERIEEN
AT, o, ¢

TE R KM 5 MAG240M |- [ 45 5 B 1, 35 5
TP 40 RERINE, X B RO R SRR 4R
%, P TS o bR T PERFAE 4E 20 /D 1) OGBN-
Papers100M _E (R INIE AR AL/, ~F1904 2.4 £,

N AR IR B, AT 58 T M bk
(AR I BT SR [ 2. ] 6 JéoR [ 7E Reddit |
5 GraphSAGE B, Wi 74 fff 5 RIS ARk U2 [A) 1 96
Z. AT LLE S, A R i Ak R d I £ VR JS, GNN
A5 Y AT UAC S0 P 5 A 3 DX 00, FE AR (R IR AR EE IR S
Wi Ak J5 1) Loss WA, T 5% Y ki P 4R 2 AT 256

Fb R UGS AT IR TR I, FATTAT IS 2458, il |

PR AL 0 e die In 8 RT AR K I GNIN (14935 21 o 31|

e

G Y
g !
100 - . — FEG-HERE FAL-MERE © 10
V-~ JEZRLoss MigiAt-Loss
B e e e
- 96 J— os
< 9t e
g 88t N
& Sttsseieal 104
84 | =7=
80 L 0
0 1 2 3 4 5 6 7 8 9 10

JEARER UK
6 N AMBALHT E WS LR

VI 2R FE R T 2k B TRRAE A0 R i K

A, FRATTLLAE MAG240M L)l 25 GraphSAGE M,

11 k3t o4 AR TR RS L T LA 7 I R 1
B ke, i R T, # AL I BT
AT Wi BT P i P A AR, T 0 90%, ERARERA ST T
SRR A5 AR, (EL 37 52 U I A0 L.

600 W HAt B msg O Sk

11 -

2 WL
Bl 7 AR 52D BRFERT 23 i

TE I G5 Hp 1 R AR, %ﬂn%ﬁ&f@éﬁ@ﬁ#é@
3.8 MB, 1M J5hfi 32 AL s B RS 3% 1.28 GB,
7220 A R ey RS PRI 2 1 20 MB. HFE 8
ﬁ%ﬁ%‘ﬁﬁ?@%ﬁ?%ﬁziwmﬁ AL HHE 5 2
WA — BB P X . BT3Bk 5 A oxt
IVARERZR- € )N R AN K D NE €/ S8 =d 2 YN TR
TR EURSETTAY. N CPU B GPU ¥ 1 4y 25 1%
f10 33 35 U] 2 PR F- PCle 5 58, K KIS IR R Sf s
XL BRI R AR O L 1.

FRATT A X AN (R R 0 B TS PO AE 2 v g 3 R o
PEREIEAT T AL, % 4 R 715 MAG240M ¥4
2R GraphSAGE B8 ¥y 25 5L, mr WLAE e 47 L A8
i 64 W, FRBAKT AL R FE 1S IaAR N, ZERETE 0.3%
CLIN, 4 Lk 2] 128 I HERGEE A4 H B8 R %, 5 &
AR T, AR 4 B /IS, AR TR RO Ak 1 B X I
SRFERT 1 S IH BEK, (R B R 40 LU 3G K, AN IR B B Ak
VB AR R B (e AR N, LE N 2R AR R, R BT
AV B A RS o 2R R R 4 2D R RIS, T X

S
(=3
(=}

FEMF (ms)
E

Research and Development W 7 & 251

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

2024 4F #5334 5511

F E BT R R RO AR G, A8 S 46 L A2 5 K, £
PEINEA T2 R, H O RAE RS 208/, #
a0 AR s 4 2 R e 5 e TS SR U R OB A
A2, DA R T IR A EE I RCR AN R R TR,
SRR BRALI , 7ECRUERE RS R P B AT 52 N, B )k
28 b AT DL R SE B M I RCR, (2 A/ — AR
Jis 248 bE i wT DAy SR 2 T B DU L A R, DR
X WAL 1 B S BN 5.

R4 I M A B AR A R M AR AR UCRE IR ) B

MemiAb 40
I
BRI 1 8 16 32 64 128
WERRIE (%) 684 685 683 682 682 672
FERT (s) se4 204 150 130 120 114

i, FATE MAG240M #(4E4E E5%F GraphSAGE

BT 2 RN, HAER 8 BRIl Fr k. Wi
RIEATFi B AL, 380 GPU %*E@‘f&ﬁé#&ﬂﬁﬁﬁ, ¥
FH T B HE S8 1 CPU, % 8B i T $0 A 4 10 PCle
BB VORI, JoEE A S BAR 2 N L, 4 1
WAy 2.26. TS AR EAL S, H TR I # A
S AT PR, LR TRISAR N TS, 4 RN AT BUIA
F) 3.74, B ISR, WITAETF 4 B F g4k
HOHE 0 g S R P A BB L 8.7 5. A,
I FE B A R B I AR 77 1%, FATT RN TE 40 min P
F 4 4~ GPU 7£ H #i e KH MAG240M %48 4 I 56 1%,
GraphSAGE VIl 25 31 2 B AR 1 52, A R E g, A
F TRV 25 5 ) B 26 75 L) 4Rt 5.5 h.

40 000
m 3% O FEiL
< 30000
i
E 20 000
i)
= 10000
&
0 .mm | Em | BN |
10 2 3 4

GPU %=
K8 MHMELETEZ GPU Kt EXT

4.4 TNZRERERFA

Xof 1A 22 0 2% I R R 15, R A1) G e 1) DR RS [
M E R AW A, — 2 AR B R, BIEdEEA AT
it B TE A RATAE W AE R, BRI ek I 2Rt KB, —
S AR ] R, TSR I R N ER, 5 Bt GPU B
I RAEAEA D] 20%, 76 2R I 75 EFE B
K EAS T (1) [A) R 4 AR, IX A A5 KRB - GNN

252 i FH K Research and Development

IR A A A 2

ST AR 2 U6, GNIN I 2R A5 o e 4 17 o FiT g
ORF MO R (B0 L85 i PR A R 22 ).
V1 2 IR, A 5 40 RS KB 43, T B AL
HEAE R T W ARG L, FEENT IS R R
il LU 3.4 45Tk, MRk AL IR oh LT B 48N Y
7 TF4, DR R G A T LA KK ARG 3 0 14 17
i oK. £ MAG240M Hffa 55 EdEAT I ZRI, HE 2k e
WAFHFELY 460 GB, 1 A5 FH A 5 4 IR RFUE I, 1) A7 78
FEMIEAH IR B K2 80 GB (L7460 GB Jy el 45 14).
ERATHEATIARE I 512 GB W 7 IUMLA b, i
S T4 0 L T B A 3 0 P L i
104275 A DA, ELZ AT LA A2 2 KU SRR .

YRR P 3, B8 4.3 1Tk, B AL EOR
TR DA R RS B, $% GPU ¥R
FR R, KK BN RER, 45 20 I A, [, o T 5
55 T ) GPU S5 46 PO 47 45 O GPU 4
(bL 7% %2 500 GB DA _E 1 N A738 7 77 EE A0 A 8 Rk
fsl), Tii GNN I ZRFT 7 1 GPU %I X 5220, BifL
S PR 5 U 75 3K 1 AL 4 A48 76 AL 25 IR 5 D GPU
S LA S AN B

S22, A5 PR 7 A 1 M I 35 T LA SR IRAT
PR R 35, L SELA 4 LA 3 S A S KL I
GNN Il %5, A2 # GNN IR AT 1.
5 bR

Y PRIV o 24 0 e e, SR R A,
T R PR N (0 50 BT Yok A
KR, HEAR TG T ERE RO R 7 . S
SRR, PP B INEFIE R, 7T LLZE B
PRI O S 1O T2 T KB A6 P 4 o5 PR RS 803
SAREITT, (IR SR 7 7 5 e T 9 2k P A

BIRTRAT I L AE H T S e WL R TF, (E2
BTV AE 5 A5 R L A AT ¥ 7. 5 A
Y5 b A 2 L3 5 B RAE — 0 43 PR B, MO B A2
R AT B 28 o R 4% 10 50 42 — MIBE (RO, ol
T PRV 4 S 338 434 2 5 R TR AT B O 577 1.

S E 3k
1 Wu YJ, Lian DF, Xu YH, et al. Graph convolutional

networks with Markov random field reasoning for social

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F H533 % 5 11

http://www.c-s-a.org.cn

i H AR SN A

w

w

oo}

10

11

of the 37th AAAI
Conference on Artificial Intelligence. Washington: AAAI
Press, 2020: 1054-1061. [doi: 10.1609/aaai.v34i01.5455]

Fout A, Byrd J, Shariat B, ef al. Protein interface prediction

spammer detection. Proceedings

using graph convolutional networks. Proceedings of the 31st
International Conference on neural Information Processing
Systems. 2017.
6533-6542.

Wu SW, Sun F, Zhang WT, et al. Graph neural networks in
recommender systems: A survey. ACM Computing Surveys,
2022, 55(5): 97. [doi: 10.1145/3535101]

Kipf TN, Welling M. Semi-supervised classification with

Long Beach: Curran Associates Inc.,

graph convolutional networks. Proceedings of the S5th
International Conference on Learning Representations.
Toulon: OpenReview.net, 2017.

Hamilton WL, Ying R, Leskovec J. Inductive representation
of wthe 31st

International Conference on Neural Information Processing

learning on large graphs. Proceedings
Systems. Long" Beach: C‘urrz\m Associates Inc., 2017.
1025-1035. '

Lin ZQ, Li C, Miao YS, et al. PaGraph: Scaling GNN
training on large graphs via computation-aware caching.
Proceedings of the 11th ACM Symposium on Cloud
Computing. ACM, 2020. 401-415. [doi: 10.1145/3419111.
3421281]

Yang JB, Tang DH, Song XN, et al. GNNLab: A factored
sample-based GNN GPUs.
Proceedings of the 17th European Conference on Computer
Systems. Rennes: ACM, 2022. 417-434. [doi: 10.1145/
3492321.3519557]

Dong JL, Zheng D, Yang LF, et al. Global neighbor

system for training over

sampling for mixed CPU-GPU training on giant graphs: |

Proceedings of the 27th ACM SIGKDD Conference on
Knowledge Discovery & Data Mining. /ACM, 2021.
289-299. [doi: 10.1145/3447?4&34674‘137]

Fey M, Lenssen JE,«Weichert F, et al. GNNAutoScale:
Scalable and expressive graph neural networks via historical
embeddings. Proceedings of the 38th
Conference on Machine Learning. PMLR, 2021. 3294-3304.
Ding MC, Kong KZ, Li JL, et al. VQ-GNN: A universal

framework to scale up graph neural networks using vector

International

quantization. Proceedings of the 35th Conference on Neural
Information Processing Systems. OpenReview.net, 2021.
6733-6746.

Hu WH, Fey M, Ren HY, et al. OGB-LSC: A large-scale

13

15

18

20

21

challenge for machine learning on graphs. Proceedings of the
35th Conference on Neural Information Processing Systems
Datasets and Benchmarks Track. OpenReview.net, 2021.
Chen J, Ma TF, Xiao C. FastGCN: Fast learning with graph
convolutional networks via  importance  sampling.
Proceedings of the 6th International Conference on Learning
Representations. Vancouver: OpenReview.net, 2018.

Chiang WL, Liu XQ, Si S, et al. Cluster-GCN: An efficient
algorithm for training deep and large graph convolutional
networks. Proceedings of the %Sth ACM SIGKDD
International Conference on Knowledge Discovery & Data
Mining. Anchorvage: ACM, 2019. 257-266. [doi: 10.1145/
3292500.3330925]

Hu WH,‘.Fey M, Zitnik M, et al. Open graph benchmark:
Datasets for machine learning on graphs. Proceedings of the
34th International Conference on Neural Information
Processing Systems. Vancouver: Curran Associates Inc.,
2020, 33. 1855.

Wang MIJ, Zheng D, Ye ZH, et al. Deep graph library: A
graph-centric, highly-performant package for graph neural
networks. arXiv:1909.01315, 2019.

Fey M, Lenssen JE. Fast graph representation learning with
PyTorch geometric. arXiv:1903.02428, 2019.

Shi SH, Chu XW, Cheung KC, ef al. Understanding Top-k
sparsification in distributed deep learning. Proceedings of the
2019 International Conference on Learnjng Representations.
Addis Ababa: ICLR, 2019. \

Batson J, Spiclman DA, Srivastava N, et al. Spectral
sparsification v’(v)f graphs: and
Communications of the'ACM, 2013, 56(8): 87-94. [doi: 10.
1145/2492007.2492029]

Jouppi NP, Young C, Patil N,
performance
Proceedings of the 44th ACM/IEEE Annual International
Symposium on Computer Architecture. Toronto: IEEE, 2017.
1-12. [doi: 10.1145/3079856.3080246]

Abadal S, Jain A, Guirado R, et al. Computing graph neural

Theory algorithms.

et al. In-datacenter

analysis of a tensor processing unit.

networks: A survey from algorithms to accelerators. ACM
Computing Surveys, 2022, 54(9): 191. [doi: 10.1145/
3477141]

Velickovi¢ P, Cucurull G, Casanova A, et al. Graph attention
networks. Proceedings of the 6th International Conference on

Learning Representations. Vancouver: ICLR, 2017.

(B e FhEHE)

Research and Development fJf 78 & 253

© TEREBIK R

http://www.c-s-a.org.cn


https://doi.org/10.1609/aaai.v34i01.5455
https://doi.org/10.1145/3535101
https://doi.org/10.1145/3419111.3421281
https://doi.org/10.1145/3419111.3421281
https://doi.org/10.1145/3492321.3519557
https://doi.org/10.1145/3492321.3519557
https://doi.org/10.1145/3447548.3467437
https://doi.org/10.1145/3292500.3330925
https://doi.org/10.1145/3292500.3330925
https://doi.org/10.1145/2492007.2492029
https://doi.org/10.1145/2492007.2492029
https://doi.org/10.1145/3079856.3080246
https://doi.org/10.1145/3477141
https://doi.org/10.1145/3477141
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 引言
	2 背景及相关工作
	2.1 图采样训练流程
	2.2 数据加载瓶颈
	2.3 相关工作

	3 稀疏化的特征数据加载
	3.1 稀疏化数据加载方法
	3.2 图特征稀疏化
	3.3 稀疏化对模型的影响
	3.4 稀疏化开销

	4 实验与分析
	4.1 实验设置
	4.2 准确性验证
	4.3 训练加速
	4.4 可训练的图规模提升

	5 结论与展望
	参考文献

