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Overview
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Graph Database Management Systems
el
e L, x|, A Z2HE|F 7t% A2|E £1=F X F3t=
AEZ|X| A|AHE
&0t HAK}
e Search (Bread First Search, Depth First Search)

e Graph 7+ Sl Aok E M (Cascade, Centrality, Finding
and Detecting Community)

» Graph +d& & ¢z =4, 22|, 0|5 (PageRank)
e =& graph?| mining (Netevolve)
e Subgraph Isomorphism



Graph Database Management Systems
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« Neo4J, sones GraphDB, ...
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QHIX O] g 0|O|HE ClE= Alﬁ,Egl: Neo4J(neo
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e 2T 2 HE3%l RDF |O|E{ £ CIE = A|AH:
Allegrograph(Franz), Jena(Apache), ...
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Existing System=7tQ| H| 11

Native | Online | Index Transaction | Parallel Topology | Distributed
Graph Query Support Graph in
Processing | memory
Neo4J Y Y Lucene Y N N N
Hyper N Y Built-in Y N N N
GraphDB
Infinite N Y Built-in + N N N Y
DB Lucene
Pregel N N N N Y N Y
Trinity N Y Built-in Y Y Y Y

Haixun Wang, “Managing and Mining Billion Node Graphs,” APWeb 2012.



Neo4J

e
e Java® 9=l open-source 12| = DBMS
=%

¢ Graph modelO| entity-relationship modeld} match !

 Graph= Node (vertex), Relationship (edge), 5! Property
(Node@} Relation?| attribute) 2 o

o ol2 A|AHIOZ Disk-based, native graph storage manager
S 7t

e Apache Lucene IndexS AtE5] full text indexing X| &

e Transaction X|<&

 Single-machine0j| A billion nodes/relations/properties& X| &
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Data Representation in Neo4J

e

e Node®} relationship 22t H|O|H + X2 ®E ¥
o Property= <key, value>9| pair£ %

Hlojgf 2=

© Relationship

ID

A

g
>

]

“ Node
ID SN
inUse Zeh(), X|<E ()

EMe 1), XHE©O)

nextRellD | E0| HA= HEHFY
relationship2| Al 2 X}

inUse
firstNode 0| X| 2| source node Al =Xt
secondNode 0| X| 2| destination node Al X}

firstPrevRellD

source node®| O™ relationship 4] 2 X}

firstNextRellD

source nodel| C}3Z relationship A H X}

secondPrevRellD

destination node2| O| ™ relationship 4] & X}

secondNextRellD

destination nodeQ| C}Z relationship 412X}
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Data Representation in Neo4J

o S © O O outgoing edge
g g () incoming edge
@ (&
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Data Representation in Neo4J

N1 N2 N3 N4
“ Node
e @ @ @ ID inUse | nextRelld
© © X & -
N3 1 E2
(e © o | 1 |es
“ Relationship
ID inUse firstNode secondNode firstPrev firstNext secondPrev secondNext
Relld Relld Relld Relld
E1 1 N1 N2 Nil 2 @[ i 3@ |
E2 1 N1 N3 El Nil Nil E3
E3 1 N2 N3 El E4 E2 ES
E4 1 N2 N4 E3 Nil Nil ES
ES 1 N3 N4 E3 Nil E4 Nil
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Example: Search in Neo4J

ID7} N291 node2 &5 E{ N4A=2 2| edge”’} R =X| search
1) NodeZEH N2(Z2 N4)°| A1 HHK| edge IDE ZAH
2) AAE| edge IDE O| &3 A relationshipS Z AH

1) Relationship0f|A] N2(= -2 N4)7} firstNodeO| ™ firstNextRelld
= secodnNodeO| ™ secondNextRedld= [t} 4t

2 N4(=22 N2)7} secondNodeOj| A 2742 If7FX| 2| oE = gt
= AdSH
e R

14



Example: Search in Neo4J

(&)
E1 = Node
N1 — N2 G ID inUse | nextRelld
\ l N4 1) search N2 — | M el
E2 = [ N2 1 [E1
N3 E5
N3 1 E2
N4 1 E4
2) traverse
" Relationshi/
ID inUse firstNode secondNode | _ firstPrev= —|— TirStNext = [~ secendPrev_ | secondNext
G Relld Relld Relld " =~ Relld
E1 1 | N1 E ::j Nil E2 Nil ———| E3 |
E2 1 NI e e NS i e e e R Nil E3
| E3 [€ 1 N2 N3 E1l E4 E2 E5
| E4 1 N2 N4 E3 Nil Nil E5
o 1 N3 NN e Nil E4 Nil
T

15



Example: Edge Insertion in Neo4J

ID7} N1Ql node2 £ E{ NAZ 9| edge E6E & &

NHNZ ©
R L

outgomg edge

O incoming edge
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ID7} N19Q| node2 5 E{ N4Z 9| edge E65

e Node HZH

“ Node
ID inUse | nextRelld
N1 1 E1l
N2 1 E1l
N3 1 E2
N4 1 E4

AFOI
H d

“ Node
ID inUse | nextRelld
N1 1 E6
N2 1: E1l
N3 1 E2
N4 1 E6

44



= =
ID7F N19l nodeZ £ E N4Z°| edge E6E & &
 Relationship HZ4
© Relationship

ID inUse firstNode secondNode firstPrev firstNext secondPrev secondNext
Relld Relld Relld Relld

El 1 N1 N2 Nil E2 Nil E3

E2 35 N1 N3 El Nil Nil E3

E3 T N2 N3 El E4 E2 E5

E4 1 N2 N4 E3 Nil Nil E5

E5 e N3 N4 E3 Nil E4 Nil

© Relationship

ID inUse firstNode secondNode firstPrev firstNext secondPrev secondNext
Relld Relld Relld Relld

El 1 N1 N2 E6 E2 Nil E3

E2 1 N1 N3 El Nil Nil E3

E3 1 N2 N3 El E4 E2 E5

E4 1 N2 N4 E3 Nil E6 E5

E5 1 N3 N4 E3 Nil E4 Nil

E6 1 N1 N4 Nil E1 Nil E4
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GBase

e
e MapReduce®} Adjacency Matrix 7|Hto| T2 2| A|AHE
E X
A

e Block compression
Adjacency matrixE block@ £ partitionS|1l, compressolO] A&
e Grid placement
Cretol S| 22| 12{5t¢ " disk access =& =& = U
T =, block=29| 7.;.3,=, Ol gridCt| £ disk0f| X &tSH= grid
placement HA S AIE
e Query processing
MA| graph= accessot= global query 55 %ot £ & graph=
accessof= targeted query 7S5 5 X |
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GBase: Block Compression

Block Formulation
e Adjacency matrix2| row?2} column= reorderings| O sparse
St matrixS A4M
e Reordering algorithmS £ slashburn & 12| &= X| ¢t
o GraphZ £ E| degree?} 7}%& 2 nodeF E{ =A|CH £ relabeling

o GraphZ £ E relabeling=l node?2} A4 %=l edgeE Nt 5, M
| = 2 subgraph?| 3 7|(=node 7l{£=)7} threshold O]9k [Ij
MFE| ghe
« Threshold O|2F 37| 2| subgraph= BFSZ labeling
Block Compression

 Block formulationO| 2= &l adjacency matrix2| 2t block=
zip encodinggt
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GBase: Grid Placement

Compress=l blockZ file system(| X Z&tol= i
H} EH

(@ —|

e {2 7§2| block2 17| file2 X%t

 \ertical placement?} horizontal placement= ZtZt out-neighbor2}

in-neighbor query & 17| type2| querydj| CHSH A OF & Z2f

E'1 G2 G3 G4 G5 G&

G1

G1 G2 G3
G2

block 53 U I
G4
G5
G7T Ga GO
et
(a) Vertical {b) Horizontal (c) Grid
Placement Placement Placement

o Grid placement®| 42, file 7§57 K7} & O, O(w £) 2| file

accessZtO 2 in/out-neighborE &2 = QU=
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GBase: Query Processing

Global query?} targeted query?| X 2| & X|&
e Global query: degree distribution, PageRank, PWR(Random

Walk with Restart), radius estimation, connected
component

e Targeted query: 1 or K-step neighborhood, Induced graph,
1 or K-step egonet, K-core, Cross-edge

HADOOP 7|Hto| Eo| X{a| 43l
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GBase: Query Processing

Example: Induced subgraph query
e 0| &l node &8t Vgoll CH3H, undirected graph GEEE Vg&
node 28t 2 5110 VO =%t node=7t2| edgetS 25l =
subgraph& &=
* V2| induced subgraph S(Vq) =B X e,
B: m X n incident matrix (m: # of edges, n: # of nodes)
€yq = Vo =3t element2t £f0]| 19l vector

e2 Vg = {0,1}
e3 T e
T O P e s e e
— 7H ] =
= s s
P e |

gt 0] 221 218t induced graphOil Al 2| edge
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GBase: Query Processing

Induced subgraph& £/t HADOOP 7|Ht & 2|&
e Stagel: Map Stage
« Adjacency matrix2| element2 £ E{ C}-8 35} = incident matrix2|
27l elementE MAMSID ==
<src, [src, dst]>, <dst, [src, dst]>
« Query point= <query(=node)Q| id, ‘1'>2 ==
e Stagel: Reduce Stage
- 212 9| value list0f ‘1'0| Z=at=l 420 TF value listd| Zat=l
[src, dst] £ <[src, dst], 1> MMl =&
e Stage2: Map Stage—= bypass
e StageZ2: Reduce Stage

- =9 value liste| elementZ countsfjA{ 40| 2¢Ql
key(=edge<[src, dst]>)E &=

24



GBase: Query Processing
e2

{0,1}2! induced subgraphE &' 0tct.

Undirected GraphE Jt&(i.e., 2 e,
S R e A

el
e3

g i
e4 Adjacency Matrix:”'i 8 8 (1)771
110 0
Stage 1
(0, [0,1]) (0, [0,2]) (0, [0,3]) (1, [1,3])
(1, [0,1]) (2, [0,2]) 3, [0,3 3,[1,3]) | !nducedSubgra
c - (3, [0,3]) (3, [1,3]) oh-Map1l
(0,
i,[f)’l]’[o’z]’[o’?’]’ (1, {[0.111[1.31}) (2, {[0,2]1} (3, {[0,3][1.3]}
([0,1].1) ([0,1],1) InducedSubgra
([0,2].1) ([1,3],1) ph-Reducel

(10,3].1)
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GBase: Query Processing

el 03 {0,1}2! induced subgraphZ Ot 2}.
e4d
Stage 2
([0,1],D) ([0,1],1) InducedSubgra
([0,2],1) ([1,3].1) ph-Map2
([0,3].1)

(l0.1]. {11y  (0.2]. {1} ([0.3].{1}) ([1.3].{1})

InducedSubgra
[0.1] ph-Reduce2

[0,1]0 2( 1+1)
H LIEHY



Pregel

e
e GoogleQ| internal graph processing platform

e MapReduce@t= LCIE computation model @l vertex-centric
approachZ graph processings <

Vertex-centric approach
« Program+ local computation, communication 5!
synchronization® £ /4 &|= superstep?| iteration2
« ZF iterationOj| A vertex= Ct=21F 22 computation=
XM jterationO| A M& =l messageS =4l
Local computationS S5}, At410]| state@} outgoing edges S =M
Outgoing edge= = messageE M&

rot

= H
ol
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Differences from MapReduce

Graph algorithmO| chained MapReduce invocation2| series

2 B3 E == QU OL}, Pregel2 usability?} performance=

Ol 2 Er% modelZ 41EH

MapReduce

e Passes the entire state of the graph from one stage to the
next — requiring much more communication and associated
serialization overhead

* Needs to coordinate the steps of a chained MapReduce
Pregel

e Keeps vertices & edges on the machine that performs
computation

e Uses network transfers only for messages

28



Giraph: Pregel Implementation

Giraph is a single Map-only job in Hadoop

Hadoop is purely a resource manager for Girap, all
communication is done through Netty-based IPC (Hadoop
RPC)

Architecture

Vertex input Map Vertex output
format tasks format
i : _ t“ - —>{ Output 0
Split 1 N
Split 2 =
@il
Split3 —— 3| - ﬂ ———>| Output 1

29



Single Source Shortes Path (SSSP)

Problem
e Find shortest path from a source node to all target nodes

Solution
e Single processor machine: Dijkstra’s algorithm
e MapReduce/Pregel: parallel bread-first search (BFS)

30



Example: SSSP — Parallel BFS in MapReduce

* Adjacency matrix B
A B EE D F
A 10
B 1
C
D 3 9
E | 7

* Adjacency List
A: (B, 10), (D, 5)

B: (C, 1), (D, 2)

C: (E, 4

D: (B, 3), (C, 9), (E, 2)
E: (A, 7), (C, 6)

31



Example: SSSP — Parallel BFS in MapReduce
* Map input: <node ID, <dist, adj list>> B €

<A, <0, <(B, 10), (D, 5)>>>

<B, <inf, <(C, 1), (D, 2)>>>
<C, <inf, <(E, 4)>>> . /
<D, <inf, <(B, 3), (C, 9), (E, 2)>>>

<E, <inf, <(A, 7), (C, 6)>>>

\ ]

» Map output: <dest node ID, dist>" L
<B, 10> <D, 5> <A, <0, <(B, 10), (D, 5)>>> ‘ ‘
<C, inf> <D, Iinf> <B, <inf, <(C, 1), (D, 2)>>> =

<E, inf> <C, <inf, <(E, 4)>>>
<B, inf> <C, inf> <E, inf=D, <inf, <(B, 3), (C, 9), (E, 2)>>>
<A, inf> <C, inf> . nf A @ Flushed tolocal dislet
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Example: SSSP — Parallel BFS in MapReduce
* Reduce input: <node ID, dist> B

<A, <0, <(B, 10), (D, 5)>>>
<A, inf>

<B, <inf, <(C, 1), (D, 2)>>>
<B, 10> <B, inf>

<C, <inf, <(E, 4)>>>
<C, inf> <C, inf> <C, inf>

<D, <inf, <(B, 3), (C, 9), (E, 2)>>>
<D, 5> <D, inf>

<E, <inf, <(A, 7), (C, 6)>>>
<E, inf> <E, inf>
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Example: SSSP — Parallel BFS in MapReduce
* Reduce input: <node ID, dist> B

<A, <0, <(B, 10), (D, 5)>>>
<Ainf>

<B, <inf, <(C, 1), (D, 2)>>>
<B, 10> <B—inf>

<C, <inf, <(E, 4)>>>

<D, <inf, <(B, 3), (C, 9), (E, 2)>>>
<D, 5> <B—inf>

<E, <inf, <(A, 7), (C, 6)>>>
<E-inf><Enf>
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Example: SSSP — Parallel BFS in MapReduce

* Reduce output: <node ID, <dist, adj list>>

= Map input for next iteration
I

<A, <0, <(B, 10), (D, 5)>>> Flushed to DFS

<B, <10, <(C, 1), (D, 2)>>> /1>/
@
* Map output: <dest node ID, dist> R

<C, <inf, <(E, 4)>>>
=B e (B et sy
<E, <inf, <(A, 7), (C, 6)>>>

<B, 10> <D, 5>
<C, 11> <D, 12>
<E, inf>

<B, 8> <C, 14> <E, 7>

<A, <0, <(B, 10), (D, 5)>>>
<B, <10, <(C, 1), (D, 2)>>>
<C, <inf, <(E, 4)>>>

<A, inf> <C, inf> <E, <inf, <(A, 7), (C, 6)>>>

B C

9 4 |6
\
-
D E

<D, <5, <(B, 3), (C, 9), (E, 2)>>>

Flushed to local disk!!
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Example: SSSP — Parallel BFS in MapReduce
* Reduce input: <node ID, dist> B

<A, <0, <(B, 10), (D, 5)>>>

<A, inf>

<B, <10, <(C, 1), (D, 2)>>>
<B, 10> <B, 8>

<C, <inf, <(E, 4)>>>

<C, 11> <C, 14> <C, inf>

<D, <5, <(B, 3), (C, 9), (E, 2)>>>
<D, 5> <D, 12>

<E, <inf, <(A, 7), (C, 6)>>>

<E, Inf> <E, 7>
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Example: SSSP — Parallel BFS in MapReduce
* Reduce input: <node ID, dist> B

<A, <0, <(B, 10), (D, 5)>>>
<A-inf>

<B, <16, <(C, 1), (D, 2)>>>
<B16><B, 8>

<C, <inf, <(E, 4)>>>
<C, 11> <GH4><Cnf>

<D, <5, <(B, 3), (C, 9), (E, 2)>>>
<P 5><b-12>

<E, <inf, <(A, 7), (C, 6)>>>
<E—irf><E, 7> -



Example: SSSP — Parallel BFS in MapReduce
* Reduce output: <node ID, <dist, adj list>> B C

= Map input for next iteration
<A, <0, <(B, 10), (D, 5)>>> Flushed to DFS!!
<B, <8, <(C, 1), (D, 2)>>> /1/

<C, <11, <(E, 4)>>>
=B e (B et sy

<E’ <71 <(A’ 7)1 (C’ 6)>>>

... the rest omitted ...
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Pregel
Superstep: the vertices compute in parallel

e Each vertex

e Termination condition ([ Active |

Receives messages sent in the previous superstep

Executes the same user-defined function

Modifies its value or that of its outgoing edges

Sends messages to other vertices (to be received in the next superstep)

Mutates the topology of the graph

ote to halt

" - T—

Votes to halt if it has no further work to do v

Tl

r iy
| Inactive |

e A o,

\/

e g

All vertices are simultaneously inactive Message received

- There are no messages in transit
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Example: SSSP — Parallel BFS in Pregel

‘ active
Q Inactive

40



Example: SSSP — Parallel BFS in Pregel

‘ active
Q Inactive
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Example: SSSP — Parallel BFS in Pregel

‘ active
Q Inactive
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Example: SSSP — Parallel BFS in Pregel

active

Inactive
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Example: SSSP — Parallel BFS in Pregel

O
‘Q

1
2 ‘

active

Inactive
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Example: SSSP — Parallel BFS in Pregel

O
s (O

/ 15

1
2

active

Inactive
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Example: SSSP — Parallel BFS in Pregel

‘ active
Q Inactive
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Example: SSSP — Parallel BFS in Pregel

‘ active
Q Inactive
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Example: SSSP — Parallel BFS in Pregel

Q Inactive

2 = vertexZ} inactiveO|B 2 End
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Social and Information Network DBMS (TurboDB)

e

o 2 AT AOA i SO 8 o[BS Qo WY aym
DBMS

Ol 7L/ 7N s
e MapReduce 7|Hto| HZE X2| X| &

e BFS, Subgraph Isomorphism = _12 = DBMSZ} X| &S| Of
St = QS HAIXIE S A|AH! HHEIGAM X| &

e SSD S multi-core CPU 52| SiL{ hardware £ 2 1HA
oz =BG E )\|AE1|O A
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TurboDB2| A|AE! Of7|EIX]

Parallel Social & Information Network
Big Data Mining Algorithm

uery / Results

Parallel Social & Information Network DBMS (TurboDB)

Map/Reduce

Framework
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An In-depth Comparison of Subgraph
Isomorphism Algorithms in Graph Databases

o

e Subgraph isomorphism 2X|= &0 &l 2o A= 5 Est= 2= G| O|H
ME d2iZ8 = =X 2

e O] =H|= NP-completedj| £3}= O Of

« J|E ZAEEE2 de= d¥N0|1 &
Al ot

e Generic algorith
ToiE = A2S EY

- YEHO|DL HHHO WHS 5o 7T YDA EAYES NS

3
ujo
o
o
ihe|
B
e
=
i
ol
un
hel
He
S
Ral

of
1
L
fujo
L
of
|0
o
=

DB &20f Top & Ci2|Ql VLDB 20130 A2 5IE
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