A3 BT T (= Hl ¥ B[ Vol. 43 No. 7
2020 £ 7 H CHINESE JOURNAL OF COMPUTERS July 2020

ETHRBEMERNAAKERESIS G EZREE

Z % g 7 RFE EEHL EHE
D(RIECKFHIEIA %5 TR%E5 WH 110169
Db TR AL BE dbst 100081)
VOFE LI RFEESBE Yl 250353)

OB PEEE T EAZ R AR NP-HE RS 240k . AR O A V2 50 B8R T R D i R (B 7R 7 4 R
OB P 50405 I 290 T 11 A ) 90 1 S0 20 R L AR 1) 204 PR P ) 7 35 S 0 A I 42 9 R T R R R R B
T8 LA B4 TH] 1) [ R00 P2 4 23 A1 5030 B P2 I 0 0 DR 2 R 4 TR R 23 19 20 A ST B HE 2 L FLAR SR AR 7E 42 40 P
A BT T g 1] AL e T AR R o 1) A T S AE SR X I B R AT K 3 B 5 o A U2 i B AR
BT T S ZHESATAE — SO A (RIS o T 3 PR T A oA 2 0 00 B 7 [l g A e PR G 00 o SR B s B 19
Ay 2P B VL 472 3 50 0 P T DD R 2 T 8 3 0% 1 (D 5% 110 3 T » B 118 1 [T [ R A . A X LA L [
AR SCAR S — o T 1] AR A 1] B Al ) oo 20 20 A1 3UAZ HE 3 1 Desu-FSML 5 IUAT 4k T 7K % 73 i 1 70 A X2 S AE 2R ]
R R AT 2T I B0 0 2 A 542 AT SR E A SRR T R A O PR IR AR A R W Gl -4
AV 5 I ARG A PRI A s o R 0 B R RO T 7 [ ey 2R 4 DX 7 ot A i e o AR ] g O R
S BT A A A R A P i A A L AR T e T Al AR I Y RS P 2 s B R . T
A P A UL 48 8 AT o0 A SUBR BT () I 7 52 0l AR R . 5 5 T KPR 2 B AE 2R R T A K0 9 B
07 J7 R NA] S ZAE SR AL 55 B AR A0 7. AT A T 2% Y R Ak R T K B 5 K SRR P RO R B P AR AT 55
O3 SR — ZR 5 AT HE /N ROSE A 35745 R RO 1 PR RO 9 1A 55 DG T B SR ORI B T AR S 4 — 2 R K
FAIC A 3R s A /D AR 22 ] 2 (A A28 S 1 I S BON R B B R VT B R S AN R 4R B i K 4 R SR L T
RS P B A1 e PR 2 90 v o 2 0 A U 2 ) 925 90 20 R T /K S 2 i HEE 2 ) 280 3 AT 4R T — A B . )
o LA D 0 A 1 o

R T EAZR AR 2 5 AU 22 I s 3 0 Mo s o A ST 3
HEESEKS TPIS DOI S 10.11897/SP.]J. 1016. 2020. 01183

An Efficient Distributed Algorithm for Large-Scale Graph Data Mining
Based on Decoupled Summary Subgraph

LI Ling” YIN Ying” ZHAO Yu-Hai” WANG Guo-Ren” DONG Xiang-Jun”
D (School of Computer Science and Engineering , Northeastern University , Shenyang 110169)
» (School of Computer Science and Technology . Beijing Institute of Technology University ., Beijing 100081)
D (School of Information . Qilu University of Technology . Jinan 250353)

Abstract  Frequent closed subgraphs mining is proved to be a NP-problem. Over the years, although
many algorithms have been proposed to solve this problem, they are all faced with a common
problem of computational efficiency when mining large scale graph data sets. In particular, when
the average degree of vertexes increases in graph data sets, the efficiency of mining decreases

sharply. At present, most of the existing distributed frequent subgraph mining algorithms for
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graph databases adopt a distributed computing framework based on horizontal partitioning, and
all of them focus on the problem of mining all frequent subgraphs. The distributed computing
framework based on horizontal partition is to partition original graph data sets horizontally and
complete the distributed mining process. In terms of computational efficiency, the framework
based on horizontal partition has some shortcomings. At the same time, because the frequent
closed subgraph patterns mining need to detect the closeness of frequent subgraphs, if the existing
distributed frequent subgraph mining algorithms are directly applied to the frequent closed
subgraphs mining, it may lead to frequent communication between nodes or a large number of
subgraph isomorphism detection. In view of the above problems, this paper proposes an efficient
distributed mining algorithm Desu-FSM for large scale graph data sets. Unlike the existing
distributed mining framework based on horizontal decomposition, this algorithm adopts the
distributed mining framework based on vertical decomposition for the first time. Its basic idea can
be summarized as “fast approaching, bidirectional search”. First, we can get a summary graph
set by merging the r-domain kernel graphs, and quickly get close to the aggregation area of large
subgraphs. On this basis, by reducing and extending the summary graphs, we can find all
frequent closed graph patterns that summary graphs contain and the frequent closed graph
patterns that containing summary graphs. Compared with the original graph data sets, the size
and average degree of vertexes of the summary graphs are smaller. Moreover, the bidirectional
search based on summary graphs can be completed independently in distributed environment
without coupling. Different from the “data physical divide-and-conquer” approaches adopted in
the framework based on horizontal partition, this framework adopts “task logical divide-and-conquer”.
The former reduces the amount of graph data sets which are processed by each node, while the
latter decomposes the mining task from the original graph data sets into a series of subgraph
bound tasks with smaller size and average vertexes degree. Therefore, the computational efficiency
has been greatly improved. This paper also proposes a set of efficient optimization strategies to
reduce the large number of repeated computations caused by common subgraphs between summary
graphs. The mining efficiency of the framework based on vertical decomposition is tested on a
large number of real and synthetic graph data sets. Compared with the horizontal decomposition
framework, the results show that the vertical decomposition framework can be improved by one
order of magnitude with less memory space occupancy when mining frequent closed subgraphs in
large scale graph data sets.

Keywords subgraphs mining; decoupled summary graph; representative summary graph; vertical

decomposition; distributed computing
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B — 4R 53 v XA R 43 e BN AT T A AR
HATZA B EBR S — D E T R R EE.
BAG I — Uz T T 2N T B 43 il Ja A AR
HEAT —UE . LUHBR TR R, ol R ARG I
43 B OB AR R T Ry A O e Y 02 4 R SRR
TR T RAS S 5 TR 1 0 ) B (Rl min_sup X
|G| <<min_sup>X |G ) IAEB T IFATHELE  T4Z 48
2R

e iR o T O S o N 1 o R N I K
P EZ € R i R S roF RS AR S =R
1%

T 1.

Jey i dab PAY 1 1A — e e 4 ey B AT A S

Sup(g’ s G ZSup(g G, )<ZSup(g,Q) i

AgﬂﬁﬁﬁﬁﬁH%%W&ﬁT%%%%Wﬁ
K. g R E B AL Goh L Sup (g G <
Sup(g’s G BEHMEH Sup(g. G)<Sup(g'.G). M
e g 4 R PR PR iEEE.

AR s B 1 AT R S P M R B 4 R T
. BRSE T 42 R SRR BE min_sup A0 730 £
P P 4 R B 2 B A 1 AR TR B 3
f JR S5 A A1 1 Ak T B 4R B 1A 149 O e e 2% 1)
S 7 B 43 HE L A B 5 4 o P 4 40 e
B0 A A TS e R e PR A G ) 2
Hoep i B PR T 5 IR [ A T 45 3 14 % 1o
T oL 3 R A SR WSO T AT S A L4 4 e R
S L B T AR AT R AN P AR 5 o o A0 I
Y5 IR TR SR 56 . DAL I P A AR BB A
25 3 14 1 5 B

SF X 1) (2) 4 A SO — o o o 4% T 4B 4k
B9t MU AR AT — 4 B AT SR 3 Rk I I 4R 5
1 M-FSM. SCHR[29 7o 48 L — A~ MR 1 701 4
2 A A 2 A R O L RS LA AR K 1 4 %
S AT MR B A 2SI R K AR SCUE W]
PRVt B A IR 1 R

EE2 HERHEg.qSg Mg, Sg kg
BB A o BT U dist (g, o) < 1———
2/r—1
A W

EH. BT g Mg E g -
| Set(g,,G) N Set(g,, &) | |Set(g.G) |
| Set(g,,G) USet(g,,G) | |Set(g,,G) USet(g,,G) |
B |Set (2.5 |
| Ser(g, .G | + | Ser(g,.G) | — | Set(g,.G) N Set(g,. 6|
| Set(g.G) |
|Sel(g G| /c+|Set(g, G|/t —
1
T2 —1"

| Set(g,G) |



1190 it <A

Hl

Y,
&

i 2020 4F

. ‘Sel‘(gqu) ﬁSet(gZ,G) ‘

,d + 89 :1 o
._[th zst(g1 g_> ‘Set(gl’G)Uset(gz’G)‘

1
2 —1"

MR # 2 Al A B g 1 o A% B Z E Y
Jaccard [ & 38 5 7£ — > FRAY S PN . B e] DL
TEARBEA IE /NI o 4% B P A5 380 45 R AR 1 1] A
338 2 Xy 2 AT DA R0 e A A i A
Hig 2 /N R IR i 2] 8. 55 SCilRC29 1A [A] L AR 5
PATHIE o &% B i AR WU A OF. AR TR A i
EES T UEZES I A EBIE SR 2, ki
FAAHTR A & 0 5 =X T ZE8 B & 0F ik, A
SCHR G 0T 5 1 aT AR BB Oy S AR BT
FEAZ B ] A K28 37 T8 5 SR I s il R 2 3k 7 R s
TR ¥ R — A% BT & s i AR 4
Ja SCAEBE B min_sup K WA I J5 19 F B2 75 45
2 B R R L) 2.

B2 FEAFHFE@DSMDEHAFS
HHFE, (o @ F(b) Bt KA LT L 5%, 4
S Ca) T (b)) Hp 8 281 A R 2 3= X I 17 DG i (4
FELR IR (8 F ] Ca) X 18 (b) 7 DL Bt R 17 9 e
HEM KA FEY REEE O, B DR
(D MG I ZIEHE. Xt T (a) 5 (b) H iy K It
JC A P0A T AH R A B4 L 5 1 30 (D 5 (o AN L X
A% VL8] B g W R 2 e 7 T R 2R A 7 4 () g Ak 2.

(a) (b) (c)

(4 " ® @ ( © ®
) e)
4 FIFa R
T 7 s 4 R o bR 2 1R, o 25 (& ] LA B
ANDE NN S R S R R S U G U N |
s A bn 2 B H AR R A S B HAEE A
AL EEE S A S A IR H A A
FU AT LATE R B SRR AC AR B I vh L R 30 i 3 A% (BT 1Y
S A A G T R A L
S 5 P M PR 4 I v MEFSM I PR A G e i 2
JR. AESE 2 rh, i SR A B R S R R 1
BB K WG+ EBIE S FScUT D 3ETE
W pattern_ fusion J5 2 B 3 45 R 4 i B A
BEE IF A WU B (AT 2~ 4). JE pattern_fusion

1

I 2.

JEPIE FSh BB g fE MR U7 DK
FSx#EGh Yy g B ETE « WE N mE A
g.corelist 1, [AlBP K g MAEEST . EZ XL HRE
FIRBORE] | FSk | (A7 1~5). SR A SCIR )
IR G IES T R — "1 corelist (7 6,7).

k2 WMEEEZHE M-FSM(G, .min_sup,
. K.

A BIAE G e /N SCHE BE BB min_sup B PEE <,

WA IE K

B R4 S

1. 13RHEN K B4 %+ ¥ % FSk

2. DO

3. S= pattern_fusion(S,FSk ,min_sup,t)

4. WHILE T AREHSIE
5. kil S
o FE 1.
1. FOR Eix g€ FSk
2 T=TUg
3. FOR # g € FSy
4 IF dist(g.g' )<<z, TNEH

¥ g A g.corelist
6. FOR g€ T
7. S=S U fusion(g.corelist) //& I Z G & E A
LA SIMA S

pattern_ fusion(S,FSx smin_sup.7).

4.3 REMEEES%
BT 4% 1 UAH B ST b SR AT SR B IR AR L R
[F) 15 552 1) 285 2R 2 18] 0] B8 23 A7 7R 45 A8 i BE AR 2 58
e R ) ) M2 T W R AR A BT A S P BT gk
P - 5% 4[] 1, 75 R R ASE ] B8 41 A 1 v ) B8 R
A NHMELLZS 2. 45 ok 235 460 A R0 1 - 1 i Bk e 0l 4%
Ja S AT I TR SCRE R IR 4R RO, 1 H R
HEZE epr  BE 2 R 4R 2 B P - BT 425 4 ) Sty PRI ot ol
T BT T A ) A e M P A o el D A ] ) A
. AR LR B AR SR W B B i o A 2B
AR AT AR AL 2 B A IR AR IR 2 AT
PO N
EIE 3. 4 235 A6 B s 2 = A A A L D
D(g,,g,)+D(g,.g:)>D(g,,g;).
L. D(g ,g,)+D(g,,g:)=D(g,,g5)
|E(G,.(g,,g:)) |
max(|E(g)|.|E(g) )
|E(G,.(g,,g,))
max(|E(g) |, |E(g,)])
|E(G,..(g,sg3)) |
max(|E(g,) |, |E(g) )’
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W|E(g) | =1E(g) | =1E(g) | A4 Lk A%
#F:

|[E(g,) | —E(G,.(g,,g:)) |

[E(g,) | =
|E(G,.(g,:2,0) | — |E(G,. (g, ,g5)) |
|[E(g) |

SIE(g) | —1EG, (g,.890) | =

|E(G,. (g8, | —|E(G,.(g,.8:)) |
BAE: |E(g) | HEWG,. (g,,g:)) | =

|E(G,. (g, | TIE@G,. (g,.g:))].

e Ng =602 8,8 Ngi =G, (g8,

2:Ng:=G,.(g,,8:)
M2rg Neg.Negs=CgNg) N (g Ngs)=
(G (g1 2.0 NG, (g558:))=G,.. (g1 +85+23)

mT g Ng+te.Ng—aNgNg Sy,
WIEG,.(g,.g,)) | HEG,. (g,.g)) | —

|E(G,.(g1+8,:8:0) | =<|E(g,) .
NHT EG, (g,.2,,2))SEG,. (g,.25)) »
W E(G,.(g,+2,+2:)) | <|E(G,. (g +g:)) |

|E(G,. (g1,2: ) | TIE(G,.(gy.g:)) |+

|E(G,. (g1582083)) |
=|E(g) |+ |E@G,. (g, .g:)) | =

|E(G,. (g2, | HIEG,.(g,.g:))|.
(7] AT GIE B 1 0 R FEAL T HEEE.

Woei 5 gl g5 g0 A A AN AS [ By B Y

b HRAE 4.2 W o B EIAR UG T RS I R A,
Wi D(gsg)=er.D(g,rg)=e I H g1 5 g0 1
& B R g g, UKL’ D(gy g =
e MRIEE 5 AT LAHEA, D (g, g7) <ei e D(g,,
g e te B e te<<1—0, 8 FAH B HE,
W g 3R ¢, 8L g, UK g AR AT B AR
)RR & 5 e o 1% X% 1 2 T ) 4 ) B o S e
T—o. Pt Sy 7 o /0 A2 ] 4 b i i X B L W LA
JEXRT A5 o R A R A AT AR B G
IFIG B 25 R PR AT e R AR A e B 3, 1B R B Bt
14 3 A AR e M T 4 A BTy T W] AR Je R AR R 1R
ZETE Al L .

K5 ARBEREER

PR B R AL 42 4 i SFSMH R i 72 UL 5%
3.\ MR S AR E TR R 1
B AES RE 00 BB U 5 S 1 i
/MEG RS.

it 3. MERMERERLEZH STFSM(S. ).

A S S AR BME o

i MR KIS RS

1. FOR SH{EE—"1HK g
2. FORS PEE 4K g HE sim(g.g ) =0
3 ¥ g EEMARIES set (g
4. WHILE S#J
5. kB — RS KA [ser(RS) |
6 FOR set(RS) & — 1K g
7 WS FHE 1) set O IBR g
8 fii th RS
4.4 HHXZHE

AAHCRAME E AL 5 K A M2 5] 43 C B A [)
AR ) TS A BRAT 20 A 2 P TR A A L AR A
BET Spark SEBL T AR AR B & P AT 23 A 2 A 5 8
AR RS BB LA 1T 13~19). Bk 1
R A S P T I R A Y R AU 2 e S
HIKAE, SR )5, 8 Spark 7 ) mapPartitionsToPair
BT key-value XT key AR EE, value ]y 5L
P PE S key XA AL 2 ] 2D AR AE —
AR R B G B D) S KR A S5 81 1590
M reduceByKey 1, 5 3 A 2 & A7 78 2 D —A>
AR K28 3t B0 A OC IR B 1 % 22 18 1Y
MRS L IF A 1% B [A] — > reducer H1 (17 16).
I IR 2 ) A R A R ) R R T
KB 42 Jm &5 11 ARG I 45 6L 2 A7 A8 T 1% ME 2 40
PR, ZJE AR R BT S B SLE T R4
P75 BECMUINE % 4D $AT 28 T M2 181 1) 4 o A
PREERAE I AT B A PEAS I i L SRR RED
Xt CREL 147 18~19) A3 B IR 5 45 4.

Hix 4 MHEAXIZHE BECM.

B MEELEAE S KBURAE G, SCR I min_sup

Wit . BT R4 FS

1. FOR X F SHLE—1E g

2 Jy g 40 B E DFSCode, JE M5 S!

3. FOREH S'Hhaf—4Kill s

4 133 s 13 e

5 P F B AZ 78 (G onulls s, g min_sup)

6. IF &l g P FEIMEE 56 . TNEH

7 P I AL 2 &1 J5 ik (g0 Set (g, Gi))
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B2 TR TECG s.sresgmin_sup).

1 IF ¥ s A2y, THEN

2 RETURN;

3. KIEE g P s BRSO

4 IF RNEAE sOLe flifd Sup(s) =Sup(s.e),
THEN

5. ¥ s AL RE FS

6.  FOR &4 sO.e do

7. P T A2 TT 15 (D s o5 Oresgomin_sup)

BECM 583k 5 % 4t £ I 1 842 40 530 3% 19 A [+)
ZALAE T AL G RER AT B R 1A b T B2 4 T 5
1 BECM 53 3% 1 o 5 M8 25 151 Y 4 ok 70 97 3% 42 i
Jab PA] 1 &1 AR P R i 0ot A T B RO FIR
f] L.

F P BT N B DV R A D S 2
206 AR 5 T ) A o AR 5 I ) sk 1 TR AT A
PERLIN. th T A O I AR I B o A P AR IR
BT R SR BE B min _sup 19 7351 RO B
BERIAR A GG DR I 7 AR P A o e P N AT
TEAEI B TR 51 Y B R A R . 5 A 2 42
dat DA PRl 42 4 ik T A A sk 1 P R B Ay -3
P L 22 3 5 i 1 R A S i A T e R
AR50 G 1 18 51k 114 1 1] [ A A 2 8 n B AR
AR LA Xk 5 M 2] 4 o R ) 3 A X A B
PR 458,

EE4 PMEEOIZNARKT KT
el 0 R L ek 5 A I Y 4 D A B

WAL d TS ENE P A e R T
BOHE PR A2 PR T i AR A Rl T S R S
VR dE A v B — A R AP — DB K A
T EAREI Y. DL 5 A A8 2 1A A O 1 B
K B3 P 1 [T SRR 4R 0T LA A R4 21 . B i i 2 1]
(ENERIORY - N R G E 2 N R SR T P TS

IR AR SCHZ i 1) 45 AR SR LR 250 O K ]
Pl 2 2 CRUARE 3 /0 Fg AT A A AR 22 59 s 02 A o G
Z I FAED « B R 4K 22 42 4 LA/ T KR P T
B AT Ui B 245 2 i LR O KO A B AR S
T X 2 PR P B3O 1 28 361 18T PO A B A
IV ) ABE 2 P Bl IR i 4 MR R R A B AL
BN KA PR A 5

o R AR S A O 1 B A B2 I B R B AR R
P AR E B 5 A7 AR — 28 LA SR RSP B R
& MEE R R E AT 8 TR R X T
Bt BT 5 T B R A T e B ek 2 . U
LR g BE Al . R AT 0B 1Y) i o A A M P T

R 35 PP b T M R R L B 0 4 R il R T
P, IR R8RSR A A5 48 02 BE 1) B RY T AT K
J5 =20 A B e 07 A B L T AR S S i
T-31. PR, i T A 2L A T 8 ROR 4 i 1 R R 3¢
P [ 4 A TR B 6 PR IE BT A 4 7 2
P 1) 3 A JL 40 AT L3 el o) R T i 4 e 75 2.

EE S HA R MR B A —E B
A AR NE A B Ry AR K A2 ] — i AN
HAT 4 Ry R AE.

. E A BIEE R G L8 BB
FIAKFRI I3, 3 G =1 Gis Goweers Gub o TET 4R
G 42 Jay SCHF I 42 98 459 2 Jmy A Al R I X g 7
G g WAL HME g 1 S HF B Sup (g7, G <
min_sup WAETE &'+ 8" ¥ G P SCHEBE Sup(g’, G) =
ZSup(g/, G)+Sup(g’s G ) =min_sup.g FHi %

B HEH g R AR ORI, R B R P X
A R R B L 5 g R AR AR B
X AEG Pg MEBIE ¢ Sup(g. G)=Sup(g’,
G =min_sup,feHEH Sup(g, g)25up(g’, Gg)=>
min_sup . HE LATH g A4 Rt K IERR L #R)
ARAER R —E AR 2R IRCOR R, GRS,

EEG6. A E B E WA B B E AT D
T o A R B B R A F

WL TR R AR R, e B S
ARy P AR A 2 — s A 2 4 S R R AR L [ U
G BT 2 e 4 J W R BTl . Sy T U 2 BT
i P 2 B T Ry K P R a1 B
PRI e A, 5 AR S T A e A X T A7 3. UFEEE.
4.5 MHREMAK

AR 52 A SR A SRE P e L S S T T
PR B B I D all-in-one fY 8 42 53X R 4.

(1) 5 [ETAR BLBE 1 11 5 1 i

T AR B B 7 2 A B B B R A
e[ SR LR B SR A B R S AR AR . W]
P ok =X C3) A AR BEE B 5 el 28 3 IR Y 5
it

B, NE, |
max(\E;’,1 \ ,|Eg2 B

AILEH,sim (g, ,g,) =sim(g,,g,). AT &
WAEER g, . g, 0 sim (g, . g,) <8 WA T 23t
K P BT e R A 37 18 ATl A 3 SRR
EEPANE g g, 10 sim(g,,g,) 6., Fl g, A5
fite BN max(E, |4 E, )Xo AT

3

sim(g,,g,) =
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B ASTG B0 gy s g0 IR R 27 8T U 2 B2
e RN S &1 ) i)

(2) all-in-one ) 5 5 1% 2 5 45

AT S5 17 1B B 43 A3 242 4 i s B A T H B R
24 43 L — 8 43 ME 2 1 DL K A I ) M 2 R A
J . B R AR M R 22 [ A R R I 4 1 R
AT T REAT A 5 28 367 Bl 24— A M 22 1] ot 4k B 5
BF N — A R v oR] e s B A A R 4 e R
P RBOURIN. #2414 all-in-one 1) & &2 #1 &
A AR S I R [F] — 3 BT R N AR PR T Y
0 VSR R I E A T BRI R B TR ASOR 6 M
R RS 2 0 F B gl A AR L T
WAFTE WS P R o i 40 e 78 Hoe A 2 ]
AE I P 4 8 A RS ] R kb B DA I A T 5 N Y
B A — K

B 3. &K 6 iy Ca) F1(b) Ny AL & A —it
SR S T A MR L RS 3R B0 S 43 o R 2
B ] X P ik 23 7 R K B2 7 &L fil
T (a) s 1 & CAB L Y026 (b) T &
BB, CAB #4 B 1) F B 2 B B A2 ok F2 7E
HAE IR A SR A R SR B e ARl e R
DFScode HEJF, 569 @ AB 1,78 () h 7 & AB i1
B [ BB Ch) st AB 319 J o de s ok, 7
JEHZE A& 6 (o) ~ (o) fir 7. %4> 397 A= B
TE LA E R xR, EEIANRE R . A [
W) UL il gk s ik, BB T A T B AR AL
ZEHOk. T W i R, R PR S a5

e

(a) (b © (@ (e
K6 Moz TIE

4.6 T g

WA SCHR B B P T2 4 IE B NP- 3 (7]
R R B RS T A A b 1A - S 2 E I 2 P - 58
Axlnl B Xt KRR P AR Y AT A A
L5 M R AR B SR RO —Fh B AW
ST ARL L A U SRE T L BV AE 2 0 X () A2 2% B N AR
B0 DL S L A9 2 30 K 0 25 R B 1 SRk

SR SCHRLC30 14 H o 431 B (st P ) 0T 4 425 4 [ 7L
AR 2 28 e AR R P A 5 4 1 [T ) AT R Ay
BCBS a0 . i —25 , il i g 43 B ds b . 3k X A

— s kY LA RO AR I L g 2
LIRS JE2NZIDRITE SR VR AR T R0 N -
4 A BE SR T BB AN K. pl T B (s D) 30 B AR
BB P - ][] T 24 2 A [ ) R 408
[l 38 FH 0058 GBS D 7 IR 2 4 - B AS K AT RE A7 72
— A B A R L EE A 2 IS ] A 55 G D
BF P P A 4 5 k. DR e s A S SO S 8 o) A
Hh A e X RS B B 0K R AR SC AR S B Y i 4
o R I R JEE A BV SR 2
FE LARTE S B p R I 7 K

5 XKW

5.1 HiESE

A SCBUHE AR 2240 S WSS, T SR B LA
i g, segrp LA T 5 A B AR L SR
Bk AT — b &P s, D3 1o B 4 A
TR SCER 5 A PR R L LA RS AS ) A 5 40 5 4
KL LA 43 00 F 7 A A A AR 5 R A e 1 R
SR XF B S 56 8. T H Graphgen™ 2k B 48 0 7 5
AL A3 4R Dataset 1~4, SCHR[32 4= e h B4 2%
A F P2 4 Dataset 5~12.

x1 HiE&E
GRS & B it |E| VI
P388® 41472 23.3 22.11
Yeast® 79601 22.8 21.54
NCI® 265242 41.21 40. 48
Enaminel® 467024 23.28 21.62
Enamine2® 1822038 27.03 25.06
Dataset-1~4 1000000 25 11.2~22.8
Dataset-5~8 1000000 25~40 19.9~28.9
Dataset-9~12 100~250CH) 25 19.9

5.2 XWHERE

AR H Y Desu-FSM 83 5% ] Java iE 5 4
H.RRTR s T B KB B AR

(D) SEEFRBERCE. BEREh 15 6 55 48 4L
B M55 B HBEE N : Red hat 64 748 /F £ 48,128 GB
W77 ;s Hadoop AN A 2. 6.0, Spark it A< 1.6.0,
JDK R4 1.7. 0.

(2) FFEIGIRCE. BAE RGN Windows 7 64 fi
FEEARL IR » F480 3. 30 GHz, 8 GB A7, 2 T Bl 4 JF %
T.H. 4 Eclipse.

@ http://www. cs. ucsb. edu/xyan/dataset. htm
@ NCI. http://cactus. nci. nih. gov/download/nci
® Enamine. http://www. enamine. net
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U H AT SCERAS R G OUE B R & B4 A A
B P R 0 R 26 A (R 438 3 F 50808 Ak 7 Rl
3 AR B A PRI PR AR SO T LR SR
A 3 1 hori-FSM. 3% 58 J& T 7K - %048 4l 41
JE R EHE R AT AR S AR . SR SRR
FUIST S R Ry 8 S AR BE A% 3 Jmy A A 3k AT PRI AL &
FAC B S B T 1 [ A D03 o i st oJE 42 Ry A
2L R A 4 ey A L A L

(1) iz 47 I ]

TEW 7 X 43T T Desu-FSM % i 5 hori-
FSM S35 767 [a] BUASE 1) 20 S 5040 46 8 19 3z 47 B ().
Xt F Desu-FSM F3% , BRIAH LB BI(E 0=90 2% , 5L
KR ¢4 0.5, K 4 3. B FH S5 50 0k
NCI,Enaminel il Enamine?2,${#% 4 NCI 14 %L
AXT K 1 Enaminel il Enamine2 [ 450 HAR A
XK. N 7 F AT LA Y Desu-FSM 87k B2
F hori-FSM $.32: , JLHAE AL HE K 1) Enamine2 £
5 £ T 25 300 BB R ) NCT 54l 46 v, A SCHR H 1Y
Desu-FSM &£ Y hori-FSM Bk s KL m 17—
MR R.

»200 T
§ 160 —8— Desu-FSM |

51203_ —#—hori-FSM__|
=
= 80 *

& 40~ -
W B @ &
70 75 80 85 9.0

Support/%
(a) NCI
700 R 5 500 S
w 2}
3560 —HB—Desu-FSM 400 |- —HE—Desu-FSM_|
X . —#¥—hori- X —%—hori-
X oot hori-FSM _| i 3003 hori-FSM |
= =
=280 - = 200 |- -
= o = 3
~ L . = [ -
] 142[; ! ‘\\E—) 102[3 !
20 25 3.0 35 4.0 20 25 3.0 35 4.0
Support/% Support/%

(b) Enamine 1 (¢) Enamine 2

B 7 SRS b a7 (e

(2 ARVARAJEE X 53032 14 37 W)

AR AR RL R (EL & ] AiE- S B0 0 7 A A [A] 9 2%
H AT oA SCHR B AE S R A UL B(EL T
FR 32 A7 R8RS S0 T 0 U S8 6 R o M BIA Y
B AT I 1] P RS S5 SR D P 7 R i = A SR
Ptk g 45 A WL I 8. ANIEL 8 Hhal DL H . B A
ALLIE 9 3% O 3 A7 ][] A R 1 384 . 32 ey T B A A
ALLJRE #9328 49 AR AT 1) AR 2 PRTJ80H A 39 A
BE 2 P A2 AT R A IS 2 15 1) B 22 pg 5L B 52

Wi Bk Y 38 AT I ()L H 2 . Bl A DL 2 R i
B4 RK s A7 I ] B LR HE L O A R BT
PRIt AR SCHR 9 Desu-FSM 535 7E AU 6 7%
P AT BAT R B 1 BE.

180 I I I -]
Lo —B— Support=_8% d
; 150 [—#— Support="7%
<120 =
E 9 -
= 1
s 600 -
)
H 59 L
10 30 50 70 90
/%
(a) NCI
960 T~ T T % w0
840 = Support:8n/u S —HB—Support=_8% ’
790 —%—Support="7% 5 600 —3%— Support="7%
= 1 =500 n
12600 g
9 £ 400
18 19 30
36(}0 30 50 70 90 10 30 50 70 90
o/% /%

(b) Enamine 1 (¢) Enamine 2

ANIRIFBLEE 6 F Y38 17 At (]

(3) B3 i ] i 4

DU 52560 0 76 U SR RE P HLAS B 1 00T S AR
WG 4£ Datasets |43 538 47 Desu-FSM & ik 5
hori-FSM 5345 3] (i 45 5, S5 BH support =
5%. I 9 sl LI Hh B 1 s B s 4 L PR G315
FR 32 A7 IR B o D X 2 ol T 2 AL A K B A 5
S RN [N S ok R T o S T AN S Y
WA LUF . 72328 17 B[] J7 1 Desu-FSM 8 % B2
T hori-FSM 589%. & 10 iy 52 56 Jnn sk be 23 A in
R A AN

& 8

T
T TK
Hr T AT 1 G LS, Tk AR
£ K BHLEE L asf7 e anigl 10 froR , b 5 s
PR AN DT 388 000 B0 30 0 3 B AR AN T A R B T
Kk He 2R L. B AR RS A
56 42 ¥ fif . Desu-FSM 523 (1 i b A g O F hori-
FSM B3, 78 oK ok T A v i ik oF 52 1 38 3 i 5%
W, i — 204 m Desu-FSM B3 1 Jin ik Lb.

SP 4

, Bz Desu-FSM
“|E===1hori-FSM

10
TR

B9 ORI AR #0381 1 i
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B 10 fmsEte

(D FE AT etk
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number of candidate subgraphs and a large number of subgraphs
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This paper proposes an efficient distributed mining
algorithm for large scale graph data. Unlike the existing
distributed mining framework based on horizontal decompo-
sition, this algorithm first adopts the distributed mining
framework based on vertical decomposition to quickly obtain
the closed patterns. The experimental results verify that the
presented algorithm is efficient and effective.
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