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Research on Knowledge Graph Partitioning Algorithms: A Survey

WANG Xin CHEN Wei-Xue YANG Ya-Jun ZHANG Xiao-Wang FENG Zhi-Yong

(College of Intelligence and Computing, Tianjin University, Tianjin 300350, China)

(Tianjin Key Laboratory of Cognitive Computing and Application, Tianjin 300354, China)

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.
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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 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 sequence of vertices or edges and assign each element to the corresponding partitions. The streaming
graph partitioning algorithms can be further divided into three subcategories: the hash 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.

Key words  knowledge graph; graph partitioning; multilevel partitioning; streaming partitioning; distribution
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A B S 7 5 W UG C 1A R A3 2 U ) B =)
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2016
name
ap(t:aiilr}I_AWmaerrlca: acts_in Chadwick_Boseman
acts_in

year
acts_in role

acts_in
“Paul Rudd" name Paul_Rudd
. Black_Panther
acts_in

role "Black Panther”

Avengers: Infinity_War VK Ruffalo”
year year
2015

XA Fry i B AR R AR e A G UL
BCTRNAN R ) 43 B v S e SCEE R T B sp A
FAAN IR 1) A5 00 7 ) 4 QAN 45 2 R A 2
Vi p S AR EE A Var ={var, var,,...,var } ,
sp HI5E LUTT

sp: p(var) 6 Value an
Hrhoe{=+}, Value ZHELK.

LA 16 HOBUE X Ou ), AT RAA: il i)
A FRIRIE W R

(1) sp,: p(?x1) ="Chadwick Boseman" ;

(2) sp,: p(?x1) #"Chadwick Boseman" ;

acts_in name
role
K17 T ERNEKEE DS
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(3) sp,: p(?x2) = Avengers: Infinity_War ;

(4) sp,: p(?x2) = Avengers: Infinity_War .

T 45 4 B /N IR B T8 YA R i) 5 2
(¥ sp AIIL. 45 5E — 41 SP ={sp,,sp,,....sp,}» £t
B/NETE M ={mp,,mp,,...,mp,} {15 L

M ={mp, |Sp/\spsp;,lsk§y} (18)

Hor sp; =sp, 3 sp; = —sp, - SR JE AR 45 44 /N i
T AT R

WIRLLE 16 APTS9O MR &5
F R /NETEA T

(1) mp, : p(?x1) ="Chadwick Boseman" A p(?x2)
= Avengers: Infinity War ;

(2) mp, : p(?x1) ="Chadwick Boseman" A p(?x2)
# Avengers: Infinity_War ;

(3) mp,: p(?x1) = "Chadwick Boseman" A p(?x2)
= Avengers: Infinity_War ;

(4) mp, : p(?x1) = "Chadwick Boseman" A p(?x2)
# Avengers: Infinity_War .
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7 U SR 4 R 1 A I LN TR SCHR (12718 J AR AL
KPRy b SR L A b, SR HRE 0 iR

acts_in acts_in

I'[ "Chadwick Boseman" | [ "Black Panther” || | "Chadwick Boseman" | [ "Black Panther" |- [ "Mark Ruffalo" | [ "Bruce Banner” |r [ PaulRudd | [ "Antman” |
| |
name role ! name role I name role I name role
| ! |
Chadwick_Boseman I Chadwick_Boseman | Mark_Ruffalo I Paul_Rudd
[ l [
I I I

Avengers: Infinity_War | Black_Panther

year | year

i
3 mp;

|
|
|
|
| acts_in
|
|
|
|
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- -
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FEA BRI o Sk
53 FHE [40]-[47] BRI 5 73 B2 AN 10 s SRR, TR S i A
KL Sk B JoRTA: [48][49][50][51] 5 AT BRI 43 il b A2 3 TR A
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Fennel 9% e HATAE [78][79]1[80] TE S R AGARI B T st AR /MU ASAH A0 01 5 2 [ 33047 48 1
KaFFPaE i J HAiA: [53][63][87] TERAN A EIAT 2 YRR A SRS A i 72
A3 A BRI 5 5% JA-BE-JA 5% e H A A [88][89] A6 FH TR A2 e SR K B AR 34T R 43
R g R B [90][91][93] ARAE B 0 ST (s L AT 4%, O A% R R 2 7 1L 7%
FRAAEE [87][109]-[114] T TSRS N IR 2 AR R T S AR S, 2 GRS RIS,
FoAh 282 R 43 0% ) [60][116][117] M\ RDF Pl 5 B I vl s s, I LBk Rk
T AERARNFEL
e
T REHLR 2 AR Hashy 2 2% %14 50

8 SKESTARN

AT SRR 2], KIR P S 702 9 kR BT 2
M A, HEERUZIR SR T Bl S . A
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8.1 SEENIRME

SI 56 3 AT T S A 28 AR Uk S 56 A P e A4 R
WS, WARE: SCIRERH 5 SBRahRiE
B S5 Ik 55wt ik, B G AL EA 4 4> CPU 1 16GB
WAE, RYi4E K/ 50GB, W2&iZEH: R LK.

WUE: BIERSN Cent0S 7.6, FEHLAE
74 5y 47 0 RDF 20 18 B0 509 5 5 H R 4t
gStoreD R FEAT A, JEAE A MPICH-3.3.2 K47
SETE Z AL T SR BT . SR TE A BB 4R
LUBM FIESc$#E 45 DBpedia 2019-08-30°1) Sk
I % B S 1 mappingbased_objects_en _E5EE, Xt
HEE ) RDF BT RIS, BB B Ak 25
Nk 8 fivn, H-F R E T

T2
A= (19
e UL

S8 R SCHR 21 P Pl i) 70 B3 P g B 5 R i Y
Bk, ot FL R o R ARG AT SERR AR IE. SE A A

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

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

METIS (I 4.1 /1) | i %I 43 3% HDRF® (I
5.2 /M) L AR E RIS 5k IA-BE-JAY (L 6.2
NFT) PARFET RDF BB IR 4 592 PB® (WL 7.2
NTED

+=8 mARHE

HE LUBM100 DBpedia
Hash 1.00 1.00
METIS 1.03 1.03
HDRF 1.00 1.00
JA-BE-JA 1.00 1.00
PB 161 1.24

8.2 XIDHRIHR

T RDF E& = e M, SOt ISkl
5L, WEMEIEESIR BN X, PMRIE
— LM TERE . 5 2 Wigh T BRI AN B AR,
5399 2 Fe /NGB R DX 14D T AT i s 25 D R £ 3K
VAT AN TR X AN R AR BT SRR,
LUBM100 fE>N LUBM #i#s4EniRK, 7 H A
DBpedia ##ia 4 A 5 A B AREMERERI 55
%, ANE 2 B 10 M XTSRS, R T SR
Paife, I G TE ST Bk LR A R,
T00 r 508 /0 15 B S B R oy R i, g5
B 19 Fiiow. HGeit 1 8K o X T 3 S BARRES R

® 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-partitioning. html 2018,
7,12
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DM2: SELECT ?X1 ?X2 ?X3 ?Y1 ?Y2 ?Y3 ?Y4 271?72

WHERE{

?X1 <http://dbpedia.org/ontology/philosophicalSchool>
7Y1.

?Y1 <http:/www.w3.0rg/2000/01/rdf-schemattsee Also>

WANG Xin, born in 1981, Ph. D.,
professor, senior member of CCF. His
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main research interests

knowledge graph data management,

graph database and large-scale knowledge
processing.

CHEN Wei-Xue, born in 1996, Master student. Her main
research interests include knowledge graph data management,
graph database and large-scale knowledge processing.
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

?Z1.
?X2 <http://dbpedia.org/ontology/maininterest>  ?Z1.
?X3 <http://dbpedia.org/ontology/field> ?Z1.
?X1 <http://dbpedia.org/ontology/maininterest> ?Y2.
?2Y2 <http://www.w3.0rg/2000/01/rdf-schemat#seeAlso>
?Z2.
?X3 <http://dbpedia.org/ontology/birthPlace> ?Y3.

?X3 <http://dbpedia.org/ontology/deathPlace> Y4}

YANG Ya-Jun, born in 1985, Ph. D., associate professor,
member of CCF. His main research interests include graph
database and graph data mining.

ZHANG Xiao-Wang, born in 1980, Ph. D., associate
professor, member of CCF. His main research interests include
database, artificial intelligence and knowledge graph.

FENG Zhi-Yong, born in 1965, Ph. D., professor,
distinguished member of CCF. His main research interests

include knowledge engineering and service computing.

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

partitioning  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 partitioning algorithms, including hash, greedy
and Fennel, are discussed. Representative distributed graph
partitioning algorithms, i.e., KaPPa, JA-BE-JA, and lightweight
repartitioning, are introduced. Graph partitioning algorithms

using label propagation and query workload are also presented.
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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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