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Abstract In recent years, some progress has been made in the key technologies of the architecture and systems
software for graph processing. Large-scale graph processing has also been widely used in many fields, including
scientific computing, machine learning, social networks, intelligent transportation, bioinformatics, etc. However, most
real-world graph computations have characteristics such as dynamic changes and complex and diverse application
requirements. This poses new demands and challenges for graph processing in terms of basic theory, architecture, and
key technologies of systems software. To address these challenges, researchers have proposed a series of graph
processing systems and accelerators, which optimize the graph processing process through technologies such as high-
performance computing and parallel computing. Furthermore, in order to meet the demands of practical application
scenarios, various graph processing frameworks and algorithms are constantly being innovated and optimized, thus
enhancing the practical value of graph processing in terms of processing large-scale graph data and improving
computational efficiency. We review the research and development status of key technologies in graph processing
architecture and systems software, and summarize, compare, analyze the latest progress of research at home and
abroad, and select fields closely related to national economy and people’s livelihood in combination with national

development strategies and major application requirements. The industry progress of graph processing-related
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technologies is analyzed and summarized from typical applications. Finally, the future technical challenges and
research directions are prospected.
Key words  graph processing; architecture; systems software; graph traversal; graph mining; graph neural network;

single machine system; distributed system; accelerator; industry applications
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T3 B A 1) 35 A o A 3R 4 R P B, 2 S B R A
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L] Aok LT AT 45 D TR 1) 8l 285 P A B A %

1.2.1 T[] 5 A 55 4k BRI SE 2%
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S 1l FH B4 J00 T2 R 2 — o i R i R Oy

GPU A5 Ak Z 19 1155 B oo #5194 9 %2
AL L CPU B3 Y IR AT 1A R T, % & 0l =2
P R HASE &1 o Dy 5 8T, B R AR
3T GPU M BB 25,

M GPU - K TH5 67 2808 B 45 (1% ] (8, Back
40Computing(B40C) """ 52 B T 3 F GPU AY =5 P ik
5 8 . B40C % ] Scan+Warp+CTA 1T 55 %1l 43 5 W%,
FE B 2 - M ik e LA TH A Ry v 1 2 B AR HR T GPU ]
Ak P4 A 28 2 A4 1) AL AT, BAOC AR 4 T0 A5 R
BOATIR G R B2 SR, i DAl — A~ Warp HoR [R) 26 72
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(] 7 71 28 AN 349 46 ) L. 1 A, BAOC 3 2ak 5k T o7 4 A
1) G2 A7 RS 10 R Il D BT kB v ) 2 R U A7
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GPU T 55 J5 18 55 5 9 4 PR A5 10 149 0 4k R W AH 25 &
REMETE GPU I PR 7 55 0 5 Pk fE (8111550 )50 38 . Gunrock
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SEWE, BB RS S BLA AR B2 8] () TH AT 55 2 X A [
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A = R A UIAF RRCR, WD EL Y U5 AR R 0 58Sk
FEES. &t XS [F] 09 B0 R AE, Gunrock i £ 1 1 ¢
JE AL AL 2 11, 451 4n SSSP B33 1 ft S5 M B . BFS 44
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HHETE CPU b KBS I 454 b R B, Graphie™
P T 0 B T as AT i, 38 AR A IR D R
A% i 31 GPU R [ el B 408 1% i T 55, S5 s 2 A
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Groute™ 2 i} T —Ff £ GPU 3 4 AL L1 iz
TIPSR, 38 i S 2 AT S AR R R i £ GPU &
N FH A R AR A, T 4R = 2 GPU 5 AR Y
FFH 6. Tige™ 48 7 — Ff PRI0HE e 400 HE 4, 2 4
T o 3 B A A v R TR SR o A IR R T A B
AT AR 0] A 0 5 e A v iy L i, O O T 45 e T
73 BT B Y R A

s AE GPU L b PR R A [ B4 ) CPU 5
GPU [11] 1 5 45 500 4% i T4, Subway™ #2 H T —Fh
Pk &I 2R BSR40 2R AR AT 8 & GPU s R 1F
Ab B P i D 2R R L BT R GPU
PEAT AL FR, DT AT B 2> CPU 5 GPU [n] (4 8408 1% i
FEHS. Ak, Subway 38 i SE IR GPU & A7 H (4 + K1 48
5 CPU N A7 v i) A 2 Ta] 1 ] 25 ok s 20 K 9 4%
SR, A0 B IR AL PR BE.

AW RY, NAEUTRER i & AT A 2
A 5] 5 BUAL B8 CPU S8 A b 3 1] 1 FH B A 412 18 I
& BT BE S R UE B FE. FPGA /E b —Fp A Tl
& (4 CPU, GPU) 5 7€ il 4L 85 i (ASIC) Z [ )
TV, — 5T, PR AR TS R LR UE K = ) I
ATRE, 53— 5 i, e BERAF (% Rl E R P DL PRIE R AR Y
REVEPLFE. A KB B9 TAR S 56 T FPGA B9 &35
A,

GraphStep" #2 tH 7 — Fl 1 [7] [ &b BE (4 FPGA Jf:
K FR G, i SRR 38 i N 4K D Ak 2
W RUEL G, IR B TV A A T AR X L A /N B A 2
PAE T, DT 43k 7 —Ff ] 4 i vk o i 5 &1 355
N, LU R FPGA i A =X N A7 19 5 7 5 -5 KA s
T 1] gk 3

CyGraph™ #2 1} T —Fh 3L F FPGA A9 €3k [y 52 81
T, Z AL T CSR A7t X, XF BFS B i 17
T HEM 5L, GRS A B D S S N AR ]

HitGraph®™ J& — 4~ A F il L i1 2y ool 9 P
1 FPGA HE 4L, 1% HE 22 38 i %] 43 ] 43 X f 5 B T
FOBE (0B R AE, IF 5 T AT M, IRl HitGraph X
B A Jmy kAT R Ak, LA JE T 4 S0 £E i 15 7]
5845815, LA, HitGraph i A 45—~ %11 A shfk
T H, GRUg AR 4 HI P 09 B 8 S804 s BE LAk Y
FPGA Jin # #8 #J RTL (register transfer level) %1} .

15458 CPU L2447 b 21 1N B T8 I 7 4 22 38 4
i JFAT BE R AR ) 8, A LA TR R G e AE
— R EE LRI A [, B PR R S R R T AR

SR I 4 232 BT 3 BT & FE ek Fr . 49 4
Graphicionado®™ Fl Ozdal %5 A 7 43 5l £ %F [ 31 4 5
T1 T % FH 0 30 7K 206 2R 460 N m 5 B A A7 Do ook 2 1 2R 45
. ELACR 15, 33 S B fig 8 X B A N I 7 [ A5 =
VA X BRSSO LA T00 A Ay v g 36 AL g 6 A7
T DA 43 Ff B % 48 Cache B84 WEAT B0k, 515 48
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R VB 5 38 BE 8 S He s b AT R L

P42 4 07 FH 4 8 1 B8 0 T Y R AR e =X, )
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(e AR, 25429 IR v R E B A A BB A TR 5
P38 FH i B B RR AR Sh, A B C R A B
i e PIE 205 2 55 4 i, DL I T 8 3 TR 422 4 ) e A
T T 45 0 R 24 B O O T R A DG R i)
S R b B TrieJax™ 21 DL AE A& o o il A
LI 1R EEE AR BT AL A B 8 () NDMiner'™, #f 2
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X GCoD #EAT TIN5 s AR )i, 18 ik [ s i Ak AR Ak 32
AR Yk Sz 8 B AR 4 5 1 B J5, GCoD & 87 A /N T
688 B A AEZ JT R, DLV 4 0 v A HERR 7. GCoD
TEB SR S50 Ja, A — A H R I ko 7 ke Pk 52 ) 1t
K RE. 0 T akE A e 2 I 25T Y, GCoD 7E I 2k 1)
BB B ) A L R H R AR X SR & B
T I SR Z R TR ZR B B4 AR v] L 43R 2 345
— R g3 5 T SRy AR s D) — A3 S I Sy R A A
X 2 AN [ 8 AR B 2 e A 4 T ) Ak B KON [RD
M 5L 4 S Ak PSR 0] L A% e 2 ) A i AR R AR (
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T 25 38 A oK R A DA ST T Y 2 A B B 4 i — &R
A1) His i s B I e vk A, DR G AT DA o i — A
Bt — 1 i 15k 4 I e 2 S 4 R n PR X A R AR SR T
WA W) TAESH Z 2R B # s 52 e, BT
TR A S )L PR B GON AR B A%
GROW"™ i # t , H 3 F Gustavson Fv4 3 Fl F#4 &
FeF 17 3R BRI B 25 4 GEMM N £5 . &% 2 4~ A
[Fi) 2 2 %) s i % AR 3, 43 BT T & e 1 IR R 4
XA MG, FE— D425 T GON (554l Jmy &8 44 A
I

1.2.2 i 1] 25 BT 55 Ak B g 4%

T 30 A5 T A TR 45 A 0 B e A A8 Ak, HOAE 4B ]
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P A 3 AT SRR L 55 1 A [ A1 3l A T A B B
JetStream"" B 42 1.
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1.3 ERs4HEETERANRSERG
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ALK R G R KR G LA b 3K
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18 B0 N AR AT T g FRAE SR 0 A= 7 A3, JRSE Bl T
RAFH Z 0§ k.
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1 A 1 BRTEAEAE L 08 K A e b, D445 05 77
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Y S N
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RTINS0 7 A S TR . T I P A A
Kk, HTHTHER AR R, X B m 2 k)
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#%. DFOGraph Jij J 1) 4 A 5 5072 Ak 170 F5d {5 &%
B, R b N 0 R A D 25 R, B N
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Hi A7 (CSR) BRI 4 i 51 47 (DCSR) AR A B4 43 X 11
W% R, AR T 23 18] I AR A VO WA . T B 8 AL
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Marius++""" 32 B fig g 1) 2 R MR GNN 31l 25
A H, L T GNN R R P I 25 A R R
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GPU 1) GNN R G AR 2, HA T E 1T 275 Sk
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NG ES

F ML GPU () GNN 2 G5 #8438 K405 1
FEAE GPU WAE T AT GNN I 25 R B, 4K 10 78 52 B
7 FH 3 55 v, GNN 25 R B ) 1T 2 042 . Bt
A2 2 I8 0 AL T S5 FUASE (1 18], 3 i BT AN AF
FRACKR ] G 4 A7 T X 2 [, R B A 40 A 20 GNN
F G AR B AR R N H KB GNN LR,

A 5341 30 GNN R 48 22 2 A4S 05 T A 748
b2 1) 3 F1% 58 () GNN Il 25 A0 BEOR 5 v, 25
B JRy M LA 22 A TSR a5 22 8] B R ALE 1) 4k 58
15, X B 43 T 7E LA Euler™™ 18 325 2) 47T % 1% 45 1
GNN JH B 73, B h a8 iR A A7 V8 B e m, A
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1.3.2 T [ sh 25 BT 45 Ak 2R 1) 2 G2 5k A

R T R AT AL BB A L, A KT B
AT 55 b BRI 22 G0 S0 AR o ot

Kineograph!" J& 3 T 3 i () gh A5 I kb B R 46,
FZ R H epoch 11 587 T 2Ok A i 30 2 B Y R
BRI HBE T — > 18 5 H 53 5] 45 ok Ab 34 5o 141 e R
Ff R A A () T 235 R B LA DRI S5 2 5 S 1) JE A
SR M, Kineograph J2 i 1o [F] 5 1% fC L 78 BSP >t A7 44
wIHE, F ARG RS

T e (R B Ak 2 B 2 P TR /32 38 i s 3 )
(155 B, KickStarter " SR F T —Fh 35 4% 1 7 ok bric
ST A 32 5 W P PR TR SRR 320, 3 5 R AR A2 5 e T
SR ARAIE B 25 P Ak B85 L (% IE A M. Tripoline!'® 45
A B 3 (BT 55 3R Ge A A i) J AT AR 5 SR
35 MR, 2 7 — A B A IEAS A D — A B AR
) &5 S 22 T] 2 57 7™ A 1 29 5, DT B 6% 2 1 F 45
SRR PP AT, 3308 AN RO T AT T S 3 R SR
DAL ik 0 5 R R gt T B 2 R ) A AR A
(BSP), w1 T [7] 20 J5# I 1) A7 75 3 B0 TR AR A5 A% 12 92
18, B4R 20 AT RY, A7 7E B0 38 17 I 4 A
AT T, YA e 20 2 3 A ) & b B KA
2R AR R RE TR K

2 SESIERE v

21 EFE#SHEEENR

SIS EIAL B UifF B AR Rk 25 | Lt
SREME L O A At M R RS AR o SRR L B AR R
BRE T 3N A AL R R A R AL, T T R X T T A
R A A TR S ERAE 3k B KR R X R i AT U
A HRAE. T AE B 0 0 o B b, B 9 KN RLAE A
BT RE R AR Ak, 5 BONA R RS T A O 2
Ty 3 LA 5 280 b A fith 20 2 LB A, 3 % 3 25 BT A fih A
e G i SN 7 5 S AR AE IS ) P 3 I
ALy —28 T 4F, %54 RisGraph!"'", LiveGraph''”,
GraSU"™".

W Ay 2 2 3 2 P BT A7 it A = dge i H 1) — o
FERR A5, B SRR R 0 R TR, B 0 Ay 2 1Y 2
U A AR AEAE KR TR B . o T /b ik S T Y,
RisGraph!""™ $ 1 — 3 48 52 % (1 1R & B8 77t
#% 2, FK M2 51 4B 3% 3 (indexed adjacency lists) . £ &
IR, BT Al — N i 2 3 B8
HAFGE. 5 1A TR i 30 B A B0/ i — 5 8 B,
RisGraph 2 A T0 5 30 ## 57 R 51, LA s 1 2 $R 1 84

2. RisGraph filf /4 iy 22 4E W BRINR 51, O s A &
B 25 4 1) SIS ) 2 4 B E- 35 0 o(1).

RisGraph ¢ 7 N ] 15 11 540 17 i A% =X DL 3R &1 3
ENGEIBIESE IR YR & S S % | P A &N
. LiveGraph' ™ J& —Fi 3 15 55 55 11 22 W AS [ 776k
R, BT A ERBIGEEH, I A i (a8 %
FH S A 1Y), B AT B ML AE . 3K Bl S 45 4R 2
WK B A R R RN B HE A5k R S5 i B R
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I 3 i AL AR 25 A ok S B AY . TEL AN AN 32 45 0
SRIEFFRE, 1 L R B S R P A A

GraSU™ 2 11 7 —F FPGA I 5T PMA 19 35)
A EEAE A A% 3, BRI A3 R AR AU AT PRk 17
A EIHEE. O T 7 E A 280, GraSU i il PMA (1)
BB HAERA DT i, T FPGA
ANBE B R R B A N AE ST BC, GraSU J# i | 41 N A7 13
A3 E 8977 AT PMA Y 25 )4 28

E 40 1 3 1 B A7 At A% X, 3k 1 By
FERET T a5 ) Ja ik, E R P R 4R T
BEALYTAE. B4 G 1 3k D7 1A T00 A5 A 40 B4 B AL 1
7, (A4 3R — 45 10 IR PR 1 0 T B2 0 7 1 S T
(R T A 40 s W A 1 7 T R PR A A 1 A3, (R A
T RO 05 vl 5 LA K 7 i T B R A T T4
15 16 A B R 45 19 72 4% RisGraph H, 185 3 550 To A5 {1
WA A ZR T, AR BT AR AL, A — i R s
T A B TR T A 3R I RE AR A% U R
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