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ABSTRACT

Since frequent pattern mining was proposed in order fo search for hidden, useful pattem information from large-scale databases,
various types of mining approaches and applications have been researched. Especially, frequent graph pattern mining was suggested
to effectively deal with recent data that have been complicated continually, and a variety of efficient graph mining algorithms have
been studied. Graph pattemns obtained from graph databases have their own importance and characteristics different from one another
according to the elements composing them and their lengths. However, traditional frequent graph pattern mining approaches have the
limitations that do not consider such problems. That is, the existing methods consider only one minimum support threshold regardless of
the lengths of graph pattemns extracted from their mining operations and do not use any of the patterns’ weight factors; therefore, a
large number of actually useless graph patterns may be generated. Small graph patterns with a few vertices and edges tend o be
interesting when their weighted supports are relatively high, while large ones with many elements can be useful even if their weighted
supports are relatively low. For this reason, we propose a weight-based frequent graph pattern mining algorithm  considering
length-decreasing support constraints. Comprehensive experimental results provided in this paper show that the proposed method
gQuarantees more outstanding performance compared to a state-of-the-art graph mining algorithm in terms of pattern generation,
runfime, and memory usage.
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A71H Wel 7} 2., F, 7
03} 14}e] <] gko2 Hitat
g 2ol ) A4
s ol el Tkt HlolEE QolAE B
we R SR g bR & gon, o) gEL 7
oll whe} o} 4G S, TS 2 5% 47, 7] O
1A R4S 1 4 37 A8 7S 39 o1
BAE AT B A4 HEA @ daA
OlE} o) ghol Hz AAE A, sk AAY 22 7
3, 7455 Wg Je= Agel g,
a9 28 A9 3 AL Fe A4S 29 A"
o) AAHE oF RAF THE AU TFNN B
o) vhe} o] Azl Shte] BYL NFEOE Sl o
of MZe A3 o] AGeRA A2 Felel 1o

74 eoll Oist 7 we
A ol Atste] Hel=
A v 5 Aok FfskE

Oln
[e3

27h wrgel Atk ARE EE LS AR HHz 34d
FE 9T, A B¢ FOt w3 T2 JORE 53
3T

Fsdith Ou @ SgEE 1
o Heyg =
Tz £ 192 g dgEn. A, &
JUEE 99 @Y ol B AHE 2 £8 1

2
Q.
[¢)

ﬂ

R

N

AR, T b B RS ARE

_ﬁ
R
i

Fejo) I Ao g Fio] hsdlth 1Y
Hoz Bl T Z HUES QAR §
102 7H4 351k :LFHDi 71o]oﬂ wWE e

4E A

> g 8 o m
o ox [T rlo

ol

e

Zreth A, A AAE AR v =4 43
Hol e A, &S dolo JHE e FEo| /M5
SFA Y, Zol7k 71 I Z e dukHo R A2 Zo
o] HET @ AT ghS 2H7] Wil vlelde] &
7Fs stk whdel HA AR T dAghe] WA AAHE A
<, " & *‘Xﬂlﬂ o2 ¥9% JY= oy JRE BE F
%2} 4 JARE wrobzl AAIGE Wl 19t HEo] &R
e HEE7HA mleldE = EAR] Utk

A9 3. (A=Y Aotk ARANE GAZ) o™ 1
= dolEHol 2, GDB7F J& W, o|ZHE AAE &
AE BE 7hest Tz sjele] do] JFE L= {l, b,

o b} G = 1 < i<j<polgta s 28H &
Aol e g Zol-gA AXALE AR HES
MINSUP = {minsup;, minsup,, ..., minsup,} (minsup; >
minsup, | < i<j <n 02 ZFATL

3.3. 12| 50| MEMnt SEME 18E JdT
=

Z0]9 minsup PR AAY 22 7453t
AAEE ZHeth A AAG 210 7SR o
Rl o] Abd 2Ry Y2 QEREE 44 (anti-monoto
ne property)S fIEiste] Azhe oY EHS U F
Atk F, Hol7t k2l ofd T = AE 67t U W, vE
WSUP(G) < minsupZ G7} FE31A] ¢k sjelo] €]
T, GY the & a# =gl 6ol haAE Go 7133
AAL7F F7 s 7R S4d mE 7|ERT U
AR 7FsAde] JaL B3 G Aoldl sl gt A A
A% AR GO FET ZAY Folx]7] W&o WSU
P(G’) > minsupg1Q Z7& W& 4= Qi) whebA, T
oF dAl = FrEskA ¥ WY GE ARl A A WA
W oZRY AAEE FES FE AHE 9A °Hi°ﬂ
nlold® 4= glE AE7E HowE] 7] wiFel thas 2
2 F7HQ 1EAlete] MEA] Q3T

Z59 22 1. @d 71F3Ad 9 AFH =8Y)
Fo]A GDBol| &3l Ee 1z 94F 7k 7t
A 2 7EXNE A NMEA, MaWE AR F FEHE
I = e XA &9} o] 3t lo} A AAZ AA
HEG S A g7 es =Yt

z29 24 2 Aol XVIE A HAA
714k L2 MINSUPS] #E 5 7P 22 %< minsup,

B AT vlolg 34 B 4HE T AH
Z

128

2014. 12



Zofof| mzt ZAske HlEs et

jo
|
v
ro
d

ts2t 2= mE ojold 7|y

S ZFY O] 7|70 sho], wheF oW I el o] 7|
A&7} A FstE 2ol minsupy (1 < k < n)E T 2HEA]
5 minsup, E T 2] oW ZREA] ¢

=29 274 3. @AA 7tEs AR R g =7 Y)
MaxWs 3183 A4dE T8 g #3449 7tes)
AAE g 2] "o, HFHoZ s Hde] HAl
715 AAE AN A3t Ha AAE GAGESG &
A k& Aol f8 HEog FEHh

Input: a graph database, GDB,
a set of length-decreasing supports, MINSUP
Output: a set of weighted frequent graph patterns, S

Mine_graphs(GDB)

1. 0 < calculate minsup, from MINSUP ;

2. V < find all vertices such that support > J;

3. E <find all edges such that support * MaxW > g,

4. for each vertex, v, in V

5. g<=v gy A S4EE 2d= Y

6. E <find edges that can be attached to v among E;
7. Stmt < “path” /I Stmt= QA 1 Z2] e
8. §=S8 U Expand graphs(g, E’, Stmt);

9. return S

Extending graph(g, E, Stmf)

1. for each edge, e in E

2. if Stmt = “path” or “free tree”

3. g =g UeUvy //ve 8A eoll A
A= e B

4. ese g =g Ue [/ Ad71A e ¢ A

//end for

5. 1 < length of g’;

6. minsup; < MINSUP(]);

7. if SUP(g’) * MaxW > o

8. if WSUP(g’) > minsup

9. S=8Ug;

10.  else delete g~ ;

11. else delete g’ and goto line 1 with the next e ;

12. E’ < find edges that can be attached to g~ ;

13. Stmt < current graph state of g’ ;

14. § =S U Expand graphs(g’, E’, Stmt),

15. return S;
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