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Abstract Knowledge graphs are important cornerstones of artificial intelligence, which not only
have the graph structure of the general graph model but also contain rich attribute information of
vertices and edges. Therefore, knowledge graphs have received widespread attention in practical
tasks. Knowledge graphs can use accurate semantics to describe the various entities and their
connections in the real world, where the vertices represent entities, and the edges represent
connections among these entities. Knowledge graph partitioning is a fundamental task for distributed
processing of large-scale knowledge graphs, and it is the essential support for a series of graph
processing operations including distributed storage, query processing, reasoning, and data mining.
With the increasing scale of knowledge graphs and more requirements of distributed processing, it

is difficult to partition large-scale knowledge graphs, which has become a hot issue in the current
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research on knowledge graphs. Starting from the definitions of knowledge graphs and graph
partitioning, we systematically introduce various algorithms currently available for knowledge
graph partitioning, including basic graph partitioning algorithms, multilevel graph partitioning
algorithms, streaming graph partitioning algorithms, distributed graph partitioning algorithms,
and other types of graph partitioning algorithms. First, four basic graph partitioning algorithms
are reviewed, including spectral partitioning algorithms, geometric partitioning algorithms,
branch and bound algorithms, KL and its derivative algorithms. This type of algorithms usually
works on small-scale graphs or as subroutines for more sophisticated algorithms. Second, two
multilevel graph partitioning algorithms are introduced, one of which uses the matching-based
algorithm during the coarsening phase, and the other uses the aggregation-based algorithm. After
coarsening, they partition the much smaller graph and then project the result back to the original
graph. Third, streaming graph partitioning algorithms are described, which load a graph as a
The

streaming graph partitioning algorithms can be further divided into three subcategories: the hash

sequence of vertices or edges and assign each element to the corresponding partitions.

algorithm, the greedy algorithm, the Fennel algorithm, and their derivative algorithms. Fourth,
we introduce distributed graph partitioning algorithms for partitioning large-scale graphs in
distributed environments. We choose three representative algorithms, namely the KaPPa algorithm,
the JA-BE-JA algorithm, the lightweight repartitioning algorithm, and then describe derivative
algorithms of these distributed algorithms. Meanwhile, as the other types of graph partitioning
algorithms, we present two recent graph partitioning algorithms, one is the label propagation
algorithm, and the other is the query workload-based algorithm. By conducting extensive experiments
on both synthetic and real knowledge graph datasets, we compare the performance of five
representative knowledge graph partitioning algorithms in partitioning effects, query processing,
and graph data mining. We analyze the experimental results in detail and draw general conclusions,
and extend them to the reasoning tasks. The performance evaluation conclusions of knowledge graph
partitioning algorithms are obtained based on these experiments and analyses. Finally, based on
the analysis and comparison of existing methods, we summarize the main challenges in the
current research on knowledge graph partitioning, propose the corresponding issues that can be
investigated, and look forward to the future research directions on this topic.

Keywords  knowledge graph; graph partitioning; multilevel partitioning; streaming partitioning;

distribution
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F5E L FAP ffi I use(Q, p) LAic 5% FAP 1) 7]
MR, Hoh Qi —> SPARQL A ifi . p s —F4i %
Py ] 45 5.

Lo R p iz
use(Q, p)= S

G p. p AT AL Q HYIE 45N Bene fit(p.
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SCHRCIL7 8 M T Wl 43 F SR« 2 B4 v FoK
oy

A B 43 P 7 B K G C 3 A () 450 %5 1 ) 452 2 1 ]
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2016 [“Chadwick+ Boseman”]
year name

acts_in—__Chadwick_Boseman

acts_in

Captain_America:

Civil_War

X .
acts_in

“Paul Rudd ”J«name<Paul_Rudd>

acts_in role

acts_in

le
=
?A/ vengers: Infinity_ Wap Mark Ruffalo”

58
year N
“Ant-man” / acts_in nanie

(3) sps: p(?222) = Avengers: Infinity_War;
(4) spy: p(?222)# Avengers: Infinity_War.
PR 45 A8 e /NI T 8 SCOR AR (] 90 2507 R) A Y

sp B W. 5 3E —H SP={sprspss-rrssp, ) G5t

Black_Panthe> ; T/ NETE M= {mp,.mp, -+ mp. Y E XU ;
M={mp:| N spi 1=k=y) (18)
sp, €SP

Hrb spl =sp, B spi == spe. SR M8 4544 e /N

year
DI
role VR AR 93

17 ETHENTENEELD

X K43 R s it K A R A% 7 a) 452 = Y DT
C A AR 9 43 Fr v 18 5 e LA TR SR T sp N
B A g T A5 Ok I 1) A X EOAS A5 L R R B
Vil p &AL EES Var = {var,,vary ,
var, b sp BE XA

sp: pCuar;) 0 Value (17n

Hopge (=,%#) ,Value BH EL K.

LA 16 1 450 5 15 [l 458 A 461], AT DA AR B 45 44 155
FIFTEINE .

(1) spy: p(?721) =“Chadwick Boseman”;

(2)spy: p(721)#“Chadwick Boseman”;

AR LA 16 109531 55 175 [ A5 X kg 3] o XoF 0 1) 485
w/NEIEWR

(1) mp,: p(?221) = “Chadwick Boseman” A
p(?722) = Avengers: Infinity_War;

(2) mp,: p(?221) = “Chadwick Boseman” A
p(?722) # Avengers: Infinity_War;

(3) mpsy: p(?2x1) #* “Chadwick Boseman” A
p(?222) = Avengers: Infinity_War;

(4) mpy: p(?2x1) % “Chadwick Boseman” A
p(?7x2)7# Avengers: Infinity_War.

K18 Bon 1 M bk 5 4 e /NI 1 AR A B A7
K3

[“Chadwick Boseman ” |[“Black Panther ”]i{“Chadwick Boseman ”][“Black Panther”Ji[ “Mark Ruffalo”] [“Bruce Banner”]i [ “Paul Rudd” | [“Ant-man” ]
name role name role name role name role
é N Rt CPai Rl
acts_in acts_in acts_in acts_in acts_in acts_in
lack_Panther Cap%::iii\?iliA“l}; erri(‘a: Avengers: Infinity_War Cap{z‘/ﬁiivnﬂ__A“r}r;e;rica:
year year yiar year year yéar
2018 mp, 2018 2016 | mp, 2018 mp, 2015 2016 | mp,

18 T AW TN RDF B3] 5 o 4544 fe /)

i FL o3 Fr MUK 90 e (8 0 E AN TR i R
A R Ok B A kL S A B AR R 1T A
75 ) A 48 LA IR R IS I I SCRRC 117 1 s A Al
X PRR I SR O A B LTl - B R S O e R

6 45T LA PR O Sk 1 — /N4

W mpy smpy smps K mpy FF B 7K 43 A

F TALE TA SO 48 W9 BT A 27 11 1 33 )
IR SREE AR R Bk B SCHRR AN 2 BORE R IR R
TRl LA 3 2 o Bk o A A R 20 Bk D
T T A 1) B0 2R A B R AT AR R 8 e T S T G
R RS R 3 4 1) F S A9 5 7 1]

Ro6 HMEBERDEENG

KR s R

GRS fili ik

Ugander 5 NM10T oL AR I8 240 SR 20 1R S0 B B A 2

HEmR . ASAMRIERE e, | MLPH TEHLRE 1L B B (o AR 2 5 15 57 1k
Rt R S SR E WEMBG AR xDGPI T IR 25 P48 0 0 HEAT 0 ) 5 HE 7 TR AT 3
e AR EHG Soinnerliid) HRUAR LT 0 53 B A/ g 64 T IR T 0 5 A
P I 5 T T R
e A L . 5 METIS £33 H F RDF 18, 9% 3 i UG it 25
REFHEWRLN  FTALETEMS R4 RDFE.LFE WARPSY AR A B R

RN M BRI E BRI

Peng % A 117 R B3 55 R B 0 RDF [ i 45 4




250 it 23 Hl 2% 17 2021 4
RT MAEAENSEEXRE
Ay 2R SCHR ik
TR 43 5 [25]~[31] FIH Laplace % B i) F#AIE 1] 5 X 1B 32817 %1 43
S R4 JUArr Xl 4353 [28][32]~[37] R 48 TT A A A 64T 151 K] 43
) Gy S R [40]~[47] i B R 43 43 B 22 A F 1) 83 VA 3R A 5 DT 4k 31 55 1 i
KL 83k J HAf A= [48][49][50][51] TEC A KR 5 2 Aib 1 38 46 T
A F DT A Bk [50]~[63] i BEURLRS Ak Ry /N B 24T R0 43 » B R 43 25 SR A% 52 1l D s 181
EFREMAL [64]~[71] HT GPA VLY £ % 4%
Hash 59k K AT [73][741[75] H HEHE PR S B RE ML R 43
it 2B R o Bk O KA [76][77] Fo T T B0 32 5 0 AR AN A IX
Fennel 535 J HAG R [781[791[80] T $5e KA AH 408 T00 A5 1 85 /N A AS FR 40 T 5 22 1) 0 47 47 (L
KaFFPaE 8.3 K H A4 [53][63][87] TEREA 5 AT 22 UOHLRE A6 / RORLRS 1k 1 2
A =X B R 4 Bk JA-BE-JA 53k R AT E [88][89] {5 FH 00 057, 38 $8 RN B LR ok B AR 9847 [l o
B g E R E Ik [90][911[93] AR T ) ST £ B AT R0 43 o T 1 4 R A 0 i 7S
T [ 4 5 i 85 A% 4% 5000 [87]1[109]~[114] B T AR 4 O e 2 40 J T A 4, 2 IR AR5 15 B 45
B ) I F 75 1) 3R 0 SRR [60][116][117] M\ RDF [&] v i 5 F 00 25 18] 0 3485 =X, 9 DA e £ S ) 43K 4

8 KW

ISR A 2 R L ) 4 g o R S Y 3
A7 At A IR R 42 4 B AL T A S L AT
T I TR AAZ A R R A3 e Y B A AL B A
1553 A SAE A 38 2 5255 L A AS W) ) 4 80 3k 6 A 1)
FRIAZS A 1) mie) Rz BSF 8] 4 A R 8O 5 3 i TR R
RO E B HERZ .
8.1 LIGINIE

S 43 A R T A 2R AR YRS 5 A A4 R AR
FRCHE. BEPFAC & SCIR R 5 6 8 IR 2 dr i
S5 M55 i t4 B B B HLERER A 4 4> CPU #1 16 GB
WAF RGeS KN 50 GB, 2% % 12 LUK M.

BAFICE BRVER G N CentOS 7.6, 1 G Wl %
He oA 20 RDF 1 & 3% 5040 42 45 28 &R 48 gStoreD?
it IR A MPICH-3. 3. 2 ki 175l h 2
AMHLER T R Y {5 S5 A A B 28 LUBM I
H B4 DBpedia 2019-08-30% ) 52 {4 7] £ & [&]
A4 mappingbased_objects_en | 5 1 » X7 £ 5 5 A
) RDF [ kA7 30 73 - Bt 46 19 B ARy 25 3k 8
7N b A R E SCANT

spaypy — DA (19)
UK
®8 BAOHE
B LUBMI100 DBpedia
Hash 1. 00 1. 00
METIS 1. 03 1.03
HDRF 1. 00 1. 00
JA-BE-JA 1. 00 1. 00
PB 1.61 1. 24

S AR SCHR 2 A 18 Sl 73 33k s B S i i 7Y
B0 A SRR P BOR AT SE IR B . Bk A T

KM 42 JAR Y Hash 53 240 B 43 55 3% METIS
(R 4.1 ) R X B &) 43 5383 HDREQ (L 5.2 /)
) A 2 R 4 B JA-BE-JAD (I 6.2 /N5 LU
K 3:F RDF 835 19140853 PBOCIL 7. 2 /N4,
8.2 XKINMBHW

Hi T RDF B2 = 5411055 4  BOW T T 5 11 4
Bk T B O A B 3 8 AR 4 1K DR = 7T
G SEAE . 5 2 Wt T RIS R B 4 )
/MG R4 X 1 T 550 8 D % 5 T
/NS X I A 49 R T 5250 4 LUBMI100
£ LUBM % 52 19483 . 76 H A0 DBpedia 34 46
A 5 A EAA AR Y R Bk 4 A AE 2 3
10 AP HEATS2 B0, T 45— R0 40 A o3 ik G i
570 TR A0 B R 430 8 4 T A 0 5% 1
T R 4R B AT L LSS SR 19 TR, IR 4
FET R4 I T AOBCS AR 25 R 4% 4 I T2 B0 A
FOABAE M de R e 9 il Hoe Lk .

o o T KA X 0L A %0
BRI = G BT it 6 0 6 T B

TR e TR DL LRSS

(1) Hash %53 19 5 1 T AO80 2. X 2 il T
Hash S5 3 J— Bl LD 43 10950 05 A BE SRR 43 R
L I L Hash 555 7 10 JEOF- 5 43 IR AT 150 H
T 4T T AL 4% 25 1 R 40 B0 11 B 7 T b

(20)

@ Using gStoreD link. https://github. com/bnu05pp/gStoreD.
html 2019, 2, 16

@ DBpedia datasets. https://wiki. dbpedia. org/develop/
datasets. html 2019, 8, 30

® Using HDRF link. https://github. com/fabiopetroni/ VGP.
html 2015, 7,6

@ Using JA-BE-JA link. https://github. com/fatemehr/jabeja.
html 2016,6, 7

©® Using PB link. https://github. com/dice-group/rdf-parti-

tioning. html 2018, 7,12
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o
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— Hash
% METIS
= HDRF
- JA-BE-JA
- PB
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Number of partitions
(b) DBpedia

P19 A [ o3 0 ik A S o TR 4K

AT AL s 18] 4 36 15 O 9 - 10 Hash B35 9 H i H o2
T PRI Ty IS R 3 BRI AR 4 RO
9 52 i DU B3 /0 F Hash B34,

(2) METIS 5836 16 31X P> Bl 4 Ly 28 5 31
ORI U S R 2 A DBpedia $U4R 4 T HoP 195
i T B Hash L9 9. 200 9F B R T 5
Gb 3 Bl kXt e H AR BN UL E R
METIS 5% i i 9. b4t - METTS 5535 75 Bk AL 5]
AT A0 2 AFLURE A AR T A I 2 e
E [ 22 » T BUR & TR A A

(3) HDRF 578 LUBM $ds 5 T 19 3 70 3%
R, F 2 AE T HDRE 535 18 ] T % R A&,
i LUBM s £ 9 - 24 J5 By U B A 35 9 o
S A2 2 T DBpedia #4544 #] T HDRF 5
ERIETT.

(4) JA-BE-JA REIA 0 BORE X 5 Mk
Ak b AR DRHGE P LA B A R LR
Ptk EHEATI . RS R A R R I 4 1)
o3 X HEAT O S 48 iy AT LR 00 280 58 42 F-

(5) PB 83k 1 & 1l T R 2B 2, LT Hash
SR O O B AE R A i R TR — R B AL
7 S TRV RO B A % 08 BT L A — S T R
AT A A T AT KK

X9 XRAANES

ISR NN TR B E -1 = 30 8 T R
LUBM20 341 M 663647 2687596 4. 05
LUBM40 676 M 1308274 5495742 4. 20
LUBM LUBM60 0.99G 1971871 8002472 4. 06
LUBMS0 1.33G 2642810 10726415 4. 06
LUBMI100 1.66G 3301718 13403134 4. 06
DBpedia mappingbased_objects_en 1.52G 4256892 11018249 2.59

8.3 EiRfESH

ACZH SEEG X BT (6] R A SR A A IXECh 4 i)
{18 A 1) B ], LA S 9 i 2 7E LUBM 404 48 F0
DBpedia 48 4 474053 J5 . % LUBM %48 4 fif
M4 QL.Q2 F1 Q3. %F DBpedia %4 £ {ifi ] 25 i)
DQ1.DQ2 F1 DQ3., [F] B 3 55 25 ¥ By ey Lz s 1] , e v
QL #1 DQI J& F AR A #,Q2.Q3.DQ2 fil DQ3 J&
F& 724, Q3 Al DQ3 Vit 1 1 £ 22 i 1 Q2
1 DQ2 , 2 i ME 2R U 3G 0 A5 1) 15 ) W] 7R B SR
BE . 20 FE 21 730 s T A Bl 4 B

1 LUBM %4848 |, 98 Hash 535 09 £ i) i
[ 7E 5 FhA i vh 2 e K 1Y PB OB 1Y 4 i i (] B
L A 3 AR 45 0 J0 B 22 . BT 20 (a)

AT LA H 25 2853 1 7 a7 B 90 b 1% A 0 I () 22 J31)
AR G H R TR BN & LUBM20 il LUBMA40
B S < 72T 1 D R = R < D 92 <
T & 20 (o) JF 06 A 45 W S 1Y 22 5 L B 2 76 18] 20 (o)
i, Hash 24078 LUBMI00 ¥4 b 028 i i) i) 5
PB S M 22 12. 9s, iR B R K.

#£ DBpedia #0484 9458 5 LUBM %4 4
FRABL o AS [) f1 2 22 B 2 /N — 26 7R 8] 21 (o) b7 g
BN BTG RERIEE R 33X 5 A B8 42 17 3 B A G
%, DBpedia £ 4 42 (19 °F- 34 BE /N, 5 BOAT VG D (1) 25 1)
Kb X I A A 36 B[R] REEAIR. AH H T 7E DBpedia
K4 B METIS 895 19 25 00 3R 22t LUBM ¢
o B 1 o — s,

A o X BRI 43 25 T T A A e ) 5 A T
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(a) DQ1

 Hash METIS HDRFJA-BEJA PB
Graph partitioning algorithms

(b) DQ2

0
Hash METIS HDRFJA-BE-JA PB
Graph partitioning algorithms

(c)DQ3

Bl 21 RI[R% 73335 78 DBpedia $dli % F Y 25 i) 15 7]

JSBCE AR B S IE M 56, Hash B35 050 20 30R B 22
Jiv LA S0 AE I d5 1  METTS 509578 DBpedia $dl 4€
B 3 SR G L A A ) I D R T
B BIL 23 B 5 B0 RT 4k 2N 5 L 45 A T 54 22 L 3l £
(] K3 o £ 360 I i) i 2 I PB 5 Ik 9 15 OO 4
R » DI T ARSI TR AT R X — BT LR T
AR T LB A i I JR) 20 T AR R 4 Bk
HY 0 A4S H A58 X T R R A 3 ) 23 R L B
7 DX A T 5 30 3 22 S T Ok vl R ] 3 )

3 G ) A 160 A T [R] Al I
8.4 IZIEATE ST
HT T R AZ R AR 0l P P R R A R X
HUR AR 2 A8 77 WA B — H Y . 78 LUBMI100 %t
P 5 A1 DBpedia B4 4 _E 23 531 {8 1 42 i 15 47 DML
1 DM2 ., 32 415 A ] 2 WA 5% L B 22 JB R TR [ K
OY A AE I Al B 103 DR 4 I 942 4 I 1)
WS R A L, Hash 53k (942 4 i 18] 9] 2
A HA 4 RO L PB R R A e g METIS 5
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Pl 22 AT 5 Bk B 4
BRI AR I Ry 240 FE I B 25 A 300K 1]
) 22 B EG AT N SR T DA T4z 4ok B, s A7 i

[i] 32 28 55 B i ) A3 BOR A OG  5 EA3 DX I T AN B
S B0 22 BT B 2 I I 1) 3 1 T B R R, A
V7 )32 AT B [ e

FATAAT iz g5 RIS F T B 3 A 4 2
PRI R AT Ao 78 R S R A7 1 43 A o H B A 2 %
JE3E 15 T8 ) 1) 80, T R 43 1 A O e D B 4y
DX T3 A D o DA T Ok 20 368 A5 B [ AR i b 3 52 56 43
B el 0 R 3 ) O3 508 B )y e 3R AT A A
= SR 4 S5 R AR 00 I ) 5 2D
8.5 LIWBL

F 10 G T AT LIS — 4 A B,
Hash 5535 19 X 23 5505 2 160 90050 02 i s R 4 2
B2 & R I R) 52 A BEAIG L 25 5 S B 38 A A6 R FLAE I
e B R A3 1A O s METTS 5505 (9 8 AR ROR L
4 . 7E DBpedia $4ls 5 F R M AU B (A4 A 5
FRAPE . HUE T A b 20 B8 T A 45 /0N Y 4k i 4
HDRF 53l JA-BE-JA B3 4L T ] K AN [H]
)& HDRF 53 938 J 7 5 R & i LIFE LUBM
B EARI Ay A ISR AUCR L JA-BE-JA B
4T PB A 1R o 8OR B 2% L (2 A ) RN A2 4
ROR BT s AT i A 2D, 38 G 5 S R 25 47 RDF &
TFR SO, 28 1 il A MR —Fh 330k AE i A 1 1
TR B A Y AR S PR 0 B P R
AT e 250 3 55 B0 2R PR 3 A A7 A A it L 4
E48 55 — R BRAE.

x10 XBHRDE

Bk ) o 2 R R 298 3R
Hash TR 5 2 ) T e 2 25 ) I i) £ < o ITNCIEE SIS
METIS TR AN -7 o EL ) T A e 2 45 93 2 7E DBpedia £ 45 B 25 ) I i) 5 2 41 1 18] 25
HDRF B 2 ) DU BB b . 7E LUBM $dla 45 B RCR W A ) I ) K 298 I A
JA-BE-JA BT 52 o T B > Ecg NI ESIS 2900 I ) 2
PB SR S TR RO 5 ) 0 1) 5 Ji 12 98 0 1) fr

9 REKMRERAME

il b3k B 5 H R al LA R R
U T —E M CR - 32 T A D p s B A
Bk AR S BUAT B8 R AT 3 R B3 0k A BRAE  J5 k
SHOR A VE 22 SR BRI AT T8 6 25 7 22 ) BRI P A
PE— 2 Y F 5 A4
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A SCA 48 I T B 1 R 23 R AR R AE —
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5305 15 DA B TO A 58300 19 W0 0 480k 40 43 B A B R
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Q1: SELECT ?7X WHERE {

?7X (http: //www. w3. org/1999/02/22-rdf-syntax-ns £ type)
(tju: £ Publication).

?7X {tju; # publicationAuthor)
(http://www. Department0. University0. edu/Assistant-

Professor0). }

Q2. SELECT 7X 7Y ?Z WHERE {

7X (http: //www. w3. org/1999/02/22-rdf-syntax-ns # type)
(u: # GraduateStudent).

7Y <http://www. w3. org/1999/02/22-rdf-syntax-ns # type)
(Gu: # University).

77 (http://www. w3. org/1999/02/22-rdf-syntax-ns £ type)
(tju; # Department).

7X {tju: # memberOf) ?Z.

77 {tju; # subOrganizationOf) ?7Y.

?7X {tju: # undergraduateDegreeFrom) ?7Y. }

Q3: SELECT ?X ?Y WHERE {
72X (http://www. w3. org/1999/02/22-rdf-syntax-ns £ type)
(tju: # UndergraduateStudent).
?7X {tju: # takesCourse) ?Y.
(http: //www. Department0. University0. edu/ Associate-
Professor0)
(tju: # teacherOf) ?Y.}

DBpedia:

DQI1: SELECT ?X ?Y ?7Z WHERE {

72X (http://www. w3.org/2000/01/ rdf-schema # seeAlso) ?Y.
7X (http://dbpedia. org/ontology/deathPlace)  ?Z. }

DQ2: SELECT ?X2 7X1 ?Y1 ?Y2 ?Z WHERE {

7X1 (http://dbpedia. org/ontology/ philosophicalSchool) ?Y1.
2Y1 ¢http://www. w3.org/2000/01/rdf-schema £ seeAlso) ?Z.
7X1 <http://dbpedia. org/ontology/era) ?Y2.
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and large-scale knowledge processing.
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interests include knowledge graph data management, graph

?7X2 <http://dbpedia. org/ontology/mainlnterest) ?Z. }

DQ3: SELECT ?X1 7X2 ?7Y1 ?Y2 ?Z WHERE {

7X1 <(http://dbpedia. org/ontology/ philosophicalSchool) ?7Y1.
?7Y1 <(http://www.w3.0rg/2000/01/rdf-schema # seeAlso) ?Z.
7X2 (http://dbpedia. org/ontology/mainlnterest) ?Z.

7X1 (http://dbpedia. org/ontology/ mainInterest) ?Y2.

?7Y2 (http://dbpedia. org/ontology/field) ?Z.}

A .

LUBM.

DM1 . SELECT ?7X1 ?X2 9X3 ?2Y1 ?Y2 ?Y3 771 972 773

WHERE {

?X1 {tju: # name) 2Y1.

7X1 (tju: £ teacherOf) ?Z1.

7X1 C(http://www. w3. org/1999/02/22-rdf-syntax-ns # type)
(tju: # FullProfessor).

772 {tju; # publicationAuthor) ?X1.

?7X2 {tju: #name) ?7Y2.

7X2 (tju: # takesCourse) ?Z1.

?7X2 (tju: # memberOf) ?773.

?X3 {tju; # name) ?Y3.

7X3 (tju: # teachingAssistantOf)  ?Z.

771 (http://www. w3. org/1999/02/22-rdf-syntax-ns # type)
(tju; # Course). }

DBpedia:

DM2. SELECT 7X1 9X2 ?X3 ?2Y1 ?7Y2 ?2Y3 ?2Y4 971 972
WHERE {

7X1 (http://dbpedia. org/ontology/ philosophicalSchool) ?Y1.
?7Y1 (http://www.w3.org/2000/01/ rdf-schema # seeAlso)?Z1.
7X2 (http://dbpedia. org/ontology/ mainInterest) ?7Z1.

7X3 ¢http://dbpedia. org/ontology/field)  ?Z1.

?X1 <http://dbpedia. org/ontology/mainlnterest) ?Y2.

7Y2 (http://www.w3.org/2000/01/ rdf-schema # seeAlso) 7Z2.
7X3 <http://dbpedia. org/ontology/birthPlace) ~ ?Y3.

7X3 (http://dbpedia. org/ontology/deathPlace) ~ ?Y4. }
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Background

Knowledge graphs are important cornerstones of artificial
intelligence, which contain rich graph structures and attribute
information. Knowledge graphs can accurately describe various
entities and connections in the real world. As the primary
task of distributed processing of large-scale knowledge
graphs, knowledge graph partitioning provides basic support
for distributed storage, query processing, reasoning, and
data mining. With the increasing scale of knowledge graphs
and more requirements of distributed processing, knowledge
graph partitioning faces new challenges. In recent years,
distributed graph partitioning algorithms are commonly used
when partitioning large-scale knowledge graphs. However,
these algorithms ignore various attribute information of
knowledge graphs. It is a challenging issue to make full use
of rich attribute information of knowledge graphs in their
partitioning tasks, which has become a hot topic in the current
research.

There have been a large number of research works on
graph partitioning, but most of which are based on the basic
(un)directed graphs, and do not consider knowledge graphs.
There does not yet exist a comprehensive survey of knowledge
graph partitioning algorithms at present. In order to provide
a systematic and comprehensive review on the research of
knowledge graph partitioning, we introduce various algorithms
currently available for knowledge graph partitioning, including
basic graph partitioning algorithms, multilevel graph parti-
tioning algorithms, streaming graph partitioning algorithms,

distributed graph partitioning algorithms, and other types of

graph partitioning algorithms. We first propose the definition
of knowledge graphs and graph partitioning. Since we consider
knowledge graphs as a general model for all four graph types,
most basic graph partitioning algorithms can also be used to
partition knowledge graphs. The basic graph partitioning
algorithms include spectral partitioning algorithms. geometric
partitioning algorithms, branch and bound algorithms, and KL
and its derivative algorithms. Algorithms based on matching
and aggregation are introduced in the category of multilevel
graph partitioning algorithms. Three streaming graph parti-
tioning algorithms, including hash, greedy and Fennel, are
Representative distributed graph partitioning
algorithms, i.e. » KaPPa., JA-BE-JA, and lightweight repar-

titioning, are introduced.

discussed.

Graph partitioning algorithms
using label propagation and query workload are also presented.
Meanwhile, we compare the performance of five representative
knowledge graph partitioning algorithms in partitioning
effects, query processing, and graph data mining. Finally.
based on the analysis and comparison of existing methods,
we summarize the main challenges of knowledge graph
partitioning, and look forward to the future research direction.
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