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Abstract Mining frequent subgraphs in a single large-scale graph is of huge demand with the rapid
growth of the social networking. However, it is inefficient for the serial algorithms to mine frequent
subgraphs in low support when mining for a single large-scale graph. Meanwhile, few existing
distributed algorithms can’t support the growth pattern mining, and the Hadoop framework they
worked is not suitable for iterative running. In this paper, a distributed algorithm named FSMBUS for
mining frequent subgraph in a single large-scale graph under Spark framework is proposed. It
constructs the parallel computing candidate subgraphs by suboptimal CAM Tree, which returns all the
frequent subgraphs for given user-defined minimum support. Additionally, infrequent patterns’ test
and searching order chosen is introduced to optimize the algorithm. Sorted-Greedy method is designed
for data partition to balance the workload. Our experiments show that FSMBUS runs faster and more
effective than the existing algorithms with real datasets, and even can run with the lower support
threshold and the larger graph datasets as well. At the same time, FSMBUS runs 2~4 times faster on

Spark framework than that on Hadoop framework.

Key words frequent subgraph; single large-scale graph; distribute mining; Spark; workload balance
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(a) A collaboration graph G: vertexs represent the author
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Fig. 1
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The example of collaboration graph.
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Fig. 2 Suboptimal CAM tree (DB greater than IR in dictionary order).
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Note: FE: Frequent Edge; EE: Extend Edge; FM: Frequent Matrix; CFSG: Current Frequent SubGraph ;
CSGQ: Candidate SubGraph Queue; PFSG: Previous Frequent SubGraph
Fig. 3 The framework of FSMBUS algorithm.
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Domain:| 0 | 1 I 2 | |k—2‘k—l| IR_4 DB n

Ux . v .
i ug: 1> {1}
l l us: {1 {ug}h}
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{k—2—>{v,}} {1—>{v.}}

(a) The domain struct of k-vertex

uy:{0—> {us}}
ug: {0~ {us, ug}}

(b) The domain struct of IR-DB in Fig.1

i A ROTECTUN I H Dy (45 A T b 23 A7 it 1
&7 18 b AH AR T R Sz M H ID. Domain 1)
ZitniE 4O FrR B — S A kAT A 2R
T RN BS54 0, Ron Dy B A R0 B TS
{k—=2—>{v,} } RN Dy v, 5Dy 1 v, A T
A N TG 1 B A4 T LLAE Dy 23X
PREGAETES Dy AHIEBAE B H Domain [ 45 14 XT B
Bl A AT AAS B wy B owy s ws BT ws > us A1 ous 53 51
HA TIARE X AE Ak 45 40 0 O 42 T DL B A )
BORIEAT 2 T KA SR T

ug:{1—>{ur}}
uq:{1—>{ue}}

ug:{1=>{u}}  u{0—>{us},

us: {1 {ug}} 2> {uo}}

ug:{1>{ugh}  ue:{0—>{us ug},
2> {ur}}

(c) The domain struct of IR-DB-IE in Fig.1

Fig. 4 The struct of domain.
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DBl 4|40
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410 |IR|O

0]8]0 (IR

DB| 4 | 4 8
4 [IR| O
4 10]IR

DB| 4 | 4
pid: 3
Extendedge: (1,2), (IR,8,IR) | 4 |IR| 8

418 |IR

9
Fig. 5 The example of extend edge when growth the

subgraph.
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=T NAE Ry 8 Ckey) , 5 A% 1 RDD #E47 Join
ZJE RV A 20 9 et A B 4 97 e 34 RDD, 3 g i1
RDD PAAC T 1D A key Bl 55 A2 0 % 1 1#]
RDD #47 Join #:4E, X B Y Join #A/E UL Z ¥4
Jo& 300 B0 H 355 A8 TRT A 58003 T KA A7 At A ) —
A~ RDD 1, W 5 4% F T Digoos 3% 4% Do i 19 25 38
2 CD.

AR S SRR SR T R T R4
it B A% L o T L AT 1 P TR RS D0 4t T - P& 1] A 3
L NP 58 4x [0 8, FSMBUS 3 5 % 6% 156 48 2% %
BREAT I FOH R SR R R A R TR
HAB R -

&1, FEIHE IsFrequent(D, 7).

B D 3o 1 B L PR 46 2 1 A B0HE
T RN/ SR

Bt Rz T SRR E R T ik
ture, & MR [\ false.

@ val solDomain ,nonCandidateMap; | * 435

AFfit A 4 TE S5 AN TR 53 BE I |
@ val searchIndexOrder= getOrder(D); | *

A R * |
® for each ¢ in searchIndexOrder
@  if CheckFrequent(solDomain) return true;
®  for each v in D(i)
® if v B EFE solDomain (i)
g0 to next v;
@ instance = SearchBack Tracking (v) ;

[ ] Rl AT A R A R+
Tter-1:

Start v;—ug

Tter-2:
Start v;—ug

Iter-3:
Start vg—us

Valid Instance: (uy, ug, us, u7)
soIDomain: {{us},{uc}, {us},{us}}
checkFrequent: false

Valid Instance: (ug, u3, 1, Ug)
solDomain: {{ug,ug},{us, ug}, {uy, us} {ug us}}

if instance=-empty
nonCandidateMap(i). add(v) ;
if D(1). sizenonCandidateMap (7).

size<r return false;

© © &

a else

@ solDomain. add (instance)

(B} if solDomain(i). size==7t go to next i;

@  if solDomain(i). size<<t return false;
®

@ return true.

SO BETHRLIN 2 A 3 T AR XY B L
WS RS IATA MBI R, B2 MNI
SCRERER T ¢ B Y H AR 50 200 e -5 R A 16 3k
ASECZ N T« B IR R 1 7O~ O
D3 A8 1 A7 D1 R A BT BL AT @ ~ @ 2 M %4k
WS 2R A A W B B A TR R S U L R A B Y
S5 R T IR R A 1 R B O 2 R o
CandidateMap AT B LLysi D AR g & 5 Y
R A 6], [ > RDD 17 6if 25 [a).

TEE 6. Gy kAL S, kKL Kl 6
Ca) WA I S 380 S 4 B B A 2 AR AR (= 2) , Horp
1,2 WRAUZLL v ARG AE & AR 2 kAR
R T A B B TE A R B AR TE A
SYBCI P E S B SRR AT N T 20 B T o
o i T 42 B A R S B N — R AL v, ARG AR
LA 3 R A R BIA R (s s sy su ) Z
J& o35 solDomain WX FFREE R 2,58 T S 1E Gy
T SR TR

if checkFrequent(solDomain) return true;

U1

N

V2

(2

U3

Valid Instance: (ug, ug, s, u7)
solDomain: {{uy,ug},{ug}, {us},{us}}
checkFrequent: false

1 2
V] ——» Vg ———» V4

E

U3

checkFrequent: true

(a) The demonstration of search

Fig. 6 The

Kl 6
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(b) The path of DFS

example of search.
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AR TR IR R AR 2R LA Al
S YT N AR R g DA S A A &R 51
TARECT — 28 i 1, 1 F 2 A8 & of 25
IR —BOE A . 7EE 6 (b) BB AR F A
WS RG] T A EEFE RN, LU & o Ry
BIETE MREE R RN T, sk (o,
— 1= (0, , 00> (v, 1= (vy, 1D L FEHAIE v A R
w, BPIEOL N AE v, AR FAT AL HI R R, 0,
i R BUE AR v —w. 7E Domain H1 (1 AH 4R £ 15
FL L v, &5 o0 @30 R I — B0, R 2R
NTEH R AR PAAAE AT BB AT I — e Y
K Bl 48 R I 2545 0, — o —FRF A S R T — 0k
Rl s A8 R E) v, RMRAL RS o AHEDL. KD
vy — oy ANTEF R FEAR T B A T 2 A4 A 9 A
—HPELY . QR A RS S B T A R 6 1
FBN T AR5 BE SE ) R 1013 52 5 A5 0w, SR TE R
i, 3% [B] empty.
3.3 BRANK

SCHFRETHAL A RO A R R — 4 NP 584
() R, 45 T AR A SRk Y DR 0 b [ X R 2 A
DA Ty ¥ « AR A B D R8T 04 3 4% L AT & 74
F B EA WA AR B T R R A b x g ik
+ B R BT AL

B SRR L. ARSI B AR, AR 4l MINT 32 f 2 Y
SE SC R E A Sl b A7 AR A U /N T o I 9
i 3 - 11 5 Sy AR AR B 1AL

EX 8. JHEBrO X, v Mk 1 A AT
— TR o HT A o FYAHAR T A & 3 BUB S AT
T A5, o 5 A A8 T o, 21 A X3 FR A Ry 38 R o0
X, i DK FTax. W 7 F T(v) = (s {01
vs 1) B R —> Ja F s DX B

Fig. 7 The example of optimize search.
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AT BEERAEZN, FITE o) ) F 0T
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TERTI ICo) |2 75 0 T AN 8 5 1 2 o i 2
BRI AR AR T 2 T A A B4 R B B 7R R
48 2 A2 L5 A JCRL T Co) 14 Hh e T s, 4k 252
ZRIZ AR — 8 22 223 i% TCo) B AR 28 T AT . IE B
UHTE R B L0 53 BORE o 2 TSN B PR
2R, iE .

M 5 B 2 72 JEAT AT R0 A R Z i, 24 (o)
T A B R T4 T 2 B BE N T AT AN
SR F R, W Do) R R %4 Rk H
ICo) B T00 R A% B Aar T 235 3, 4 2R Y i 48 5 19
B e AR /N T o WA 8 T — i AR R
HR.

BWER 7 .G, Kk AL S, Kk 1 El
(t=2),P, 4 S, Mok 48 R L, L Xt H P, Hi%
AT R R A 2513 3 solDomain={{2,3,4,5,
61,{1},{2,3,4,5,6} ), H MNI ZH¢HEE K 1.7 LUK
FE Sy ARSI E - B B a0 3 AT AR AR EEAG I L 23 %
(vy s Loy 50y )) WSS R R A7 R I, 45 2 ] LA & 30 (2,
{1,11),(3,{1,1}),(4,{1,1}),(5,{1,1}),(6,{1,
LRI (o), BT LA Dy 2,3,4,5,6 X488 1D
T RS B, L Dy A —A ID 2 1 i fig ik
T, U T LA LA R S, o AR AL

BUA IRBE 2. W RIUT k. A AT 80 B i &
i e X R 4 R B A I A A T A AT A A T
K B B R AEAE ORI 4 R L RSB 1 RO
O F7 o, B AT A B B4 R e R 25 R R
empty , R G WUV Ry ToR AT sk, AR D
Xof 1 7% e L) A 8053 T 5 R A4 T e 28 TS Bz A/
T o 2 A 2 - &1 D AR B 1 1A 4R T 45 R R
PRI 7 48 2005 b AT 0 Ak i BE D e fig 38 704 450
() 728 5 FHF HE T o DA B Fi 0 Ak 1 1R Dy AR A B
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3.4 HEME TEE 8 H, Join Z J5 B9 5 ¥ 43 A5 a0 & 8 (a) Jir

o3 A1 B B FEIS 75 5 AR R0 . FSMBUS By
iz R R IR T s i A BB 5 Worker. 44 8% %
R T RDD Z [AI AR 5 A 45 %+ 8] 1D #£47 Join,
TE Join 2 J5 Spark J2& &} X i % - & it A 40 1 K]
ID i i3 Bk IA 9 HashPartitioner #F 17 % 4, {2 J& 4
AN AL B T BT B AT ) A% o 4 R B S KN AS ]
TEHE SRR BE B BT 5 9 158 00l 25 S K A
FH BRI B B84 100 53 W] BE 25 1 Bl AR A0 A} o DA T 3
Bk iz et R AR SCiE A 5T 0 1Y 7 35 Sorted-
Geedy #1754 Xl 4.

ID for Parent Frequent Subgraph
(a) Data distribution
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g
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ACHT BT B BT A BB KN o, AR 3 S 5 8
X153 3 N E A X p s R 4% I HashPartitioner
AT R F S A5 2 E 8(b) v iy 45 3%, i 25 & B 43
X p1 HArIX ps v BB A7 AE A BRI 4 4, B
KL RAR B ITFERT IS 2 5 py ME]L T AR SCHY
Sorted-Geedy %] 53 75 % 1 B2 J2& ik B &1 8 (o) H 1Y 2L
I3 prs pos ps T B R /R A Bl R
FAAE X RE 8 (o) MR & 8 (b)) Y Rl 43K 45 K K A
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Capacity for Partition

(b) Hash partition

bt P2 P3
ID for Partition

b1 DP2 P3
ID for Partition

(c) Sorted-Geedy partition

Fig. 8 Data partition.

B o

[l 8

R T EENE 8o H BRI 43 B H  Sorted-Geedy
R &

L) B RETHBA Y A0 8 1 5] 42 BE i 28 250 S8 K/
HEAT B 3 HE T o [R] B 4 DX e 9 25 (] & 0

2) AN B R B B0 € i 2L
it 10 23 ] S /N 4 X

3) AWriEATE 2 AR B 2K TA B ik

T &3 )5
FSMBUS 5.3 (1) th {65 .
&% 2. FSMBUS(v_path,e_path 7).
B v_path,e_path 53 5 375 i A B T A

WA SO AR B AR 0 RN /N SCHFIE 5

Bty 2 S Syl [al B AR T R AR A

@ val G=Graph(v_path,e path);

@ val FE =G. groupby. filter. map. filter.
Silter. collects |+ K I iy A Pl b i) 431 €
x|

@ val FERDD = (G, FE). filter. flatMap.
groupby. filter. map. caches [ * 3k B
EIRER «/

@ val CFSGRDD=FERDD. map. cache;

[ % WG A B H R+ |
® val matrixMap = Cam _Init (ConnectSplit
(FE)) 5 [ % B35 B 01 53 B 5 Sy J B« |
©® while matrixMap. size>>0

@ S. union(matrizMap. matriz); | * s
BT <
®  matrixMap = Cam_Gener (matrizMap) ;
[ # i CamCode AT LMY * |
©  val candidateSubGQueue = matrizMap.
enqueues; | * JE AL - E A S = |
@ val PFSGRDD=CFSGRDD;
@  while candidateSubGQueue. size™>0
@ val batchFreqSubGRDD = sc. parallelize
(candidateSubGQueue. dequeue (batch-
Size))
® . join (FERDD). map. join(PFSGRDD).
map{
) D = Domain_Construct (); [ » &
& 11 ¢ 0 K A B A
® InFrequent _detect (); | R4 %
ez /
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IsFrequent (D7) ;) [ * SZRFEEIT
HOEEED «

() if batchFreqSubGRDD. count™0

matrizMap. add (batchFreqSub-
GRDD. matrix) ;

) CFSGRDD. union (batchFreqSub-
GRDD);

@0 return S.

11O~ @Kl % B Bt . 47 © ~ O A Fe B0 1Y
FEP TRy AR BT AEAT © L 38 RIUT 2L A5
Hik 1T Q. AT @ ~@WT LL T i FSMBUS Jf:
AN BT AT B Ao 28 1 P ] B R A7 06 A7 TS TR S
B A 1 5 PEL A A BB Pt B DA BA B B AT 0
SRR R O A A v 328 T 181 B89 Domain B4k 5 283
FEA D1 PN AT 23 T8) L 40 SR TR) RS B A ok i 1 14T 1Y
Domain B8 #4777 AR 7 5y it A A P9 A7 i 1 P
L FSMBUS LLBA 3 i 1 3030k 17 41t b 218 AT . i i
P LAk P2 K BatehSize W] LLAT 24 3 58 G P4 A7 i
W SR X B T FSMBUS #ilA R4 & bk
3.5 ERESH

BLBE N i AP0 TG BERE s e O o 38 1 1A 1Y
T A5 0 % 3% I 8 0T A7 28000 BE B AR s
0 S AN JE TR AN S P 2 AR L o g 03 B A
4 Fre /N SRS L B AL Bk a2 A ik 1 A
Z I HEAT e i B A S BRI

R AR R T IETY BT RAAGE 18 1 11 9 A 5 2 OCCN
) AR =4 B Y B R VG E SR 1 AT AR A A
D, 158 e R D T B 1 ) 1) ST B3 B A A
M —IEAE OC(n—2) X N 1A 35 e 18 & Bt
T YN AT BEHEAT o/ p AR R L BT 78 E A5 24 0 AR
A B 2 AN 6 2 TO0 A AN A ) 3k TR o L SRR
WHIHWERER O X oy X ((1—6) X
NY" D). % FSMBUS 7 4% i By B & 4> 18 + &
MR EFRA OWn—2) X N* + 0 X g/pX ((1—
@ XN, GRAMI BHEMEZE ZE On X/
X N'D) L T R T A n >4 B RS
AR FH ) B[] X6 A 8053 BT 48 R O /2 TE 1 TR
it FSMBUS 23 i) &8 2% & F /N T GRAMIL

4 IWHERESW

SEER I F) - PC ML TAES  HLAS B & &
N2 1 fn. FSMBUS fifi i Scala2. 10. 4 #:47FF % »
RIS Ol Sparkl. 2. 0,15 f7 B 2 S Spark On
Yarn, H 7 Yarn %f W i Hadoop R 4~ & 2. 2. 0,
B o5 2 4l F %l PC ML, a2 17 i 9 38 2 8
driver-memory & 6 GB, executor-memory & 6 GB,
fifi FH executors AYEC I A1 IF 47 BE AY{E parallelism £
R A AN [ 7 S 36 A AN [] 09 1 8 78 ELAR By S 36 v 2
A

Table 1 The Configuration of Machines Used by Experiment

1 ZBMANNEERERR
No. Type Number Operation ) CPU Memory IRE .Dis’k‘ Tota.l Memory
System Frenquence/ GHz Size/GB Size/ TB Size/GB
1 PC 1 Centos 6.5 4 Core 2.4 16 vl.7.0 1 16
2 PC 2 Centos 6.5 4 Core 2.4 8 v1.7.0 1 16
3 PC 12 Centos 6.5 4 Core 2.4 8 v1.7.0 1 96
4 Workstation 1 Centos 6.5 4 Core 2.6 96 vl.7.0 2 96

TH— T R 2 R4 D ELBIEE. ]
AR R G AL BN

1) DBLP %4 4 & DBLP 8 Fe it SCHE
HAVERE B LT R ST, 0 B bR 25 R
HNEE AR F AR, R 2 MER Z G S
VERR GRS 2 AMEH Z 816 1R 1 OB 2% 8L
e B 10 JE AR B S A A3 A1 5 AR SR T A FSMBUS
e R B BCHE LAE B L 3 BUREBE R 10 DAL A IO A5 A
DBLP i iEA7 T B Bk, 8 B T 8 14 0 450305 4.

2) MiCo - % H s 4 M U B B 1 4 5 Bk

HW AL R0 % X 2 % DBLP, MiCo % 4t 4 2
Elseidy"™ M\ academic. research. microsoft. com H
BT AR E 05 B AS 2.

3) Twitter: % AR N Twitter Il 9 1 28 M
ZAF B H TR R Twitter g 31 3FR0R 2 4
P Z IBIAETE IR 5 o i T UG H s 4 B R A7 78 T
FL AR 2, A SCTE 6 AT S 36 1 Bl AL 198 68 T A5 45
THRRZE BRZE B ECE N 100 S DA B A AT AR A& 340
A BRI BRZE AR 1 SR AT B 5T,

4) PldWeb iz BHli £ J& 2012 4 & il R 2= 78
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IR ) L e P TS R BB T 0 35 4% =2 M) ) B 4 % AR
B, H T AU A A TR A . W R 2 A48
# A B — SR . T B AR B B IEAR

AR AR T Twitter 3045 4 LA F5 2

Wy kXt PldWeb #E47 4B, R B iR B B T BN
1000 LA b iy T 5.

Table 2 The Description of Dataset

Datasets Type Vertex Vertex Edge Edge
Number Label Number Number Label Number

DBLP Sparse 151574 7 191 840 17

MiCo Power Law 100000 29 1080298 106

Twitter Power Law 11316811 100 85331846 1

PldWeb Sparse 35024175 100 303194717 1

4.1 FSMBUS % g8iE

T A FSMBUS fy P fg, SC s s 5 5
TN HEATX G

1) GRAMI: SCERL7 42 i iy 53 (RS 2 1R &
4L GRAMI_UNDIRECTED SUBGRAPHS Jii
A E AL T BB

2) FSMBUS-H: A& 3C#& i i) FSMBUS 5 3k 78
Hadoop2. 2. 0 ¥ 8 F gy 52 ¥, FSMBUS-H % & fifi
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JIHE IR T Spark - Hia17.
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Fig. 9 Performance comparison with other algorithms.
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