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J =z upoldoA AANZAQ FA F 3= frequent subgraph mining A o] t}. Fre-
quent subgraph mining ® A= dlo]g I Z oA AR support7} 7FF 2 & Jd =&

2 = BAlCIth o] ul, supporti Lejmel N RE e} duh AR SAFEAE
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= A& olth. Minimum Image Based Support (MNI)+= frequent subgraph mining o A
2t ARG = support o]tk B =RolA = A 2= 27 FF AHI(Automorphism) S
]§3to] MNIS] A4hg B&AHo® ALbste WS AASTE 71802, MNI ALt &
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A1AF AE

A2 Tz wold 24 vEYI AA 1], Id-od 4og 24 2],

EQZ HS [3] T} 3t Hofo A o] &H ). Frequent subgraph mining A= @]z
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A2 w7 A4

2 ZAAAE AR #Holge] EAde 7 AF 2= i thEch 18z
G= Ve, Ea,La)£ Vo' BAY JA3 EqgE 149 JFoz 31, AA JFE #HolEY
A LE SA71E dolE & Lo : Vo — X8 7HAE 2=z elth 2= ¢ = (V,, E,, L)
o} gz G=(Vg,Eq, La)7F FAARE W, G 9 ¢ WY (embedding)2, T Al =

AL wEs= w1V, - Ve & AYHAh

1.

<
rlo

TAFES: (injective) O Tk (f(u) # f(u!) for u # o))

2. B8 uweVgol tall, Ly(u) = La(f(u))

3. BE (u,u) € By o Whall, (f(u), f(W)) € Eq

TS Yz Gl ¢ dulde] AT W, ¢7F GO FE T 5 (subgraph

isomorphism) o] 2}17 7% o] gt}

2.1 Minimum Image Based Support

dole 2el= @ = (Vo,Ee, La) % Ae 2% q = (VB L) 7t FARS W, @
el g RE QU] Yol fi,o f olBkT AL B v € vyl WA, Fo) =
A0), o fu(0) = vE GO ol BE GO RS Aol o, Gol et ¢

minimum image based support M NIg(S)<,
MNIg(q) = min{t |t = |F(v)|}
veEV,

& Aoldr

o & Eof, 29 104 dlolg a2z GollA He 2= S 2E duldL {(u1,v1), (uz2,ve),
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A uwe F(u)e, F(ur) = {vi,v2}, F(uz2) = {ve}, F(us) = {va}, F(ua) = {vs,v0} ©lTh.
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(us, vs)}, {(u1,v2



23 1: Exmaple for computing the MNI

Symbol Definition

G toj® 1=
q A7 o=
CS(u) u € Vol th3t candidate vertices®] % gt
MNIg(g) Gl "3 ¢ MNI
Aut(u) gl A ueVyel FAF

Markedul[v] we V& veVgol A7l duldo] A=A A7

3£ 1: Notations frequently used in this paper
mets] Goll thet S MNIE,
MNIg(S) = min{t |t =|F(v)|} =1
veEVyg
ol }.
2.2 Z}7] =3 A4 (Automorphism)

271 =3 A (Automorphism)S T GoA A7) Ao 2ol T3S ousitl @
o F AA v,wel W3l o™ 7] T3 A T7F SA8Y v & wE ST &+ Aoy,
v} wE FA (equivalent) 2}l FoJsict 2z G AP ES AR FAA AEE Uw

AL G99 A% (equivalence class)2tal F-2t} o & E9of, 219 19 A 2= g= A7)
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A 3 7 MNI Al2ke] 7|4

3.1 dyaZ9 e

Hlole] ez GoF A ez g7} FARE wl, g9 Goll e MNIE A4st7] 54
EueVyuve Ve 247k (u,0) Al Hal, ug vell tSats APl A Alkstelob
st} o] wf, Pel Tzl A7 S8 AL olgdhd, s}l (u,v) o] I SPo=
o () e TPl EAFEA

MNI A4k A AR E=E F3 S

il
O
o,

oF 4= glt}h Algorithm 12 2}7] 53 AMAFS o] &3

WA, aezel A7) F
Az g2 BE FAFE ANV (Line 1. o w, AR A AF A WAz A
Aut A" & S, 23 194 A2 2= ¢ FAFE [{ur, ua}, {ua}, {us}, {us}]
2 Ado

odh

>
>
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o
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Abete dae]EQl Traces [9]1E ARE3te] g 1

>

¥ €aeglE VEQ (1015 AH&stolA 2l 2z gof thet Hioly
JP= GO 7] $H &7} (initial candidate space) & +=311l, YHH S T3 TRIFTS
St} (Line 2). 29 29 ()= 27 19 2] 2= goll th3t dlojy Td= G2 VEQ
9 FEY F9o TH F7HE Jehdth VEQY ZE YL g 2= ¢9 DAG (directed

acyclic graph) ¢p &} 19| inverse DAG ¢p1& A3} top-down, bottom-up, top-down2]
1o
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CS CS(uy) |v1|v2 |vg CS CS(uy) |vi|ve2 |vg

CS(u2)|vs |ve v3 [vg | CS(us) CS(u2)|vs |ve vg [va | CS(us)
CS(U4) V1 (V2 | Vg V10 |'U1|'U2|’U7|Ug|v9| CS(U5) CS(’IL4) V1| V2 [Vg V1 (V2 |V7 | V8 | Vg CS(U5)
(a) Candidate Space after Filtering (b) Candidate Space after Refining

CS CS(ul) V1 | V2 | Vg

CS(U,Q) U5 | Ve V3 | V4 CS(’Ug)

CS(U4) V1 |v2 | Vg |111|’Uz|v7|178|’vg| CS(U5)

(c) Candidate Space after Marking

2% 2: Candidate Space in Algorithm

tolg ez AAEe 2387 ufzel, XU e FH IR AA S, A=

dulgoe] 2Aste 2E doly Iz A¥Ee xFoe AS BT 27 29 (b)

€ FHE 30 FAF EE A AW 7o 235 yerdh Aol A CS(ur) # CS(us)
T € & 77 AL CS(ug) & vHHA Aok

538 AMFE AFE3] Marked[u][v] ol 7153t} (Line 11). Marked[u][v] = o}& W& 314
A2 =A%l sl 09 gs 7HAL, A 2z uE vlolH 2z vel thFshe FF 0
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Algorithm 1: Computing MNI
Input : Data graph G, Query graph ¢

Output: M NlIg(q)
1 Aut < FindEquivalentClass(q) /* Traces */
2 CS « FilterCS(G,q) /* VEQ Filtering */

3 Visited[1..V,] < false

4 Marked < 0

5 for u in V, do

6 if not Visited[u] then

7 minldz = argmin |[CS(u)]
'€ Aut(u)

8 for v in Aut(u) do

9 CS(') « CS(minldx)

10 Visited|u'] « true

1

=

MarkingCS(G,q,CS, Aut)

12 MNIemln}{v\Marked [v] =1}

13 return MNI

32 A7 59 Adel 3%

Az 2= F - wd wrt AR AL o, Bt w s dHeoly THze] FH v

E gsste $30l TATHY, wE v WSt 9 =T AT Aotk WlE, uy
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Algorithm 2% Algorithm 18] MarkingCS 2] JAZ = o|th. VEQE 53| ZHHH &
B FoA A 2= FH wet oy 1#i=Y HAA v % (u,v)ol 3 ug vl
WAL dulgel YA VEQE M= AME A-gshel otk Backtrack B4



tlelg 2= G, H=2 219 gl 2z A u dely Iz AFH vE dHe=
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devd, A3 Wi (Line 4).
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' f1) S SRS o gdude] 2AstE R, BE ¢ /o e, Marked[t'|[f(1)] S 12 7]
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WO, Al g el EAEHA dettd, o € Aut(u)ol | (v, v) EF

= o duido] EAHA dethe A &+ Ath WA, BE o € Aut(u) ol i3,
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Algorithm 2: MarkingCS

Input : Data graph G, Query graph ¢, Filtered Candidate Space CS, Equivalence
Class Aut

[uny

for u in V, do

2 for v in CS(u) do

3 if Marked[u][v] is unmarked then
4 if Backtrack(G, q, u, v, f) then
/* When Backtrack finds an embedding, it returns isomorphism
in f */
5 for ¢t in V, do
6 for ¢ in Aut(t) do
7 L Marked[t'][f(t)] + 1 /* (', f(t)) has embedding */
8 else
9 for v in Aut(u) do
10 L Marked[u'][v] + —1 /* (u/,v) has no embedding */




Algorithm 3: MarkingCS(Parallel)

Input : Data graph G, Query graph ¢, Filtered Candidate Space CS, Equivalence
Class Aut

[uny

do in parallel

2 for u in Vg do

3 for v in CS(u) do
4 if Marked[u][v] is unmarked then
5 if Backtrack(G, q, u, v, f) then
/* When Backtrack finds an embedding, it returns
isomorphism in f */
6 for ¢t in V, do
7 for ¢ in Aut(t) do
8 L Marked[t'][f(t)] + 1 /* (', f(t)) has embedding */
9 else
10 for v/ in Aut(u) do
11 L Marked[u/][v] + —1 /* (u/,v) has no embedding */
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4.1 AF ML

£ A7 AdelAe Al 7HA @aElES Hla gtk VEQRE AHSste] MNIE Al4bst
+ &8 (Baseline)3, 271 &9 AMd<= ©]83to] MNIE A4tsts 4ilg]s (Automor-

= o)
R =

phism), 2}7] &% AMFF WEsE 25 AR &S (Paralle) S ARS-EHH-
glgolA ZH=ZE ¢l AHAIS VEQS 2HY A2 54357 "W, ol A9

VEQS] WMEe A7} MNIE Agshe Ahere mlastgch 4@ oy 1gzes

!
kd

%

it

frequent subgraph mining FA| A F2 AFEH 3718 AF T = MiCo, Yeast, Patent S
o] &3ttt AMSE Iz 5L £ 23 Zrh & 204 [V(G)|+= BEY M, |[E(G)]

=g A%, B dolRe A4S o ud.
o Baseline : VEQ WMEZ 7]
e Automorphism : VEQ WEZ A + 27| 53 A4
o Parallel : VEQ HEZF + 27 53 A + HE3} (24 thread)

H 3o AL F 7AE FAEL WA, MNI A4S 2 frequent subgraph mining
oA duEEY BEAS A7 A8, 43 12 doly ez BFE Iz F MNI
7F 7V 2 ke 2 =9 MNIE Al4bste AlZbe vl A o]t} Frequent subgraph

2] i a2z F MNIZF 7B & k79 #&

TR =E v AN F, 3 Jdjzse 2] 22 sto] MNIE Aliksts Ao B
o = JEf ol g MNIO| A4 AIZEe] HAL =, star,

clique, tree 22z o] tsl] A4S APty 2 He aze 7€ HIAZ|HA A
T A Ese] 382 SASITE 5 A2 Intel Xeon E5-2680 v3 2.50GHz CPU
256GB 2} W28 E 7}A CentOS Linux 7 7oA PPt HHI Ld112]= Parallel

o AL, »ET ALE UNZ oM AP AT

11 ﬁ



Dataset  |V(G)| |E(G)| Y k |Q| Avg(Aut)

MiCo 100,000 422,402 29 50 31 1.92
Yeast 3,112 12,519 71 50 34 2.96

Patent 2,938,754 13,965,411 419 15 15 1.89

3 2: Statistics of Data Graphs

4.2 Top-k 8= t3t A3

= =
2 AP doly 2z Iz 5 MNIZF 7H 2 k7Re] MNIE A4tsts AIZE
< vl astth MiCo8t Yeast= A9l 50709 & =&, Patent®] F-F A9 15719 &
gz He 2= 2 AT Speedup] WX E §13] Baseline 22|53} 217] 53

kv
£ AYsgich & 19 k, [Q|= 74 dlolE 2efzol thal] kgt A S Al el Folndl

HolZth Avg(Aut)= 2o A Tz tis AH N+E EAFe
Mz s o) JFS Uehdth o] ghol 242 27 53 AL AFL35te] o w27

MNIE A Aoz 7Igd 4 At

4.2.2 AY A¥

I% 3« 7 Hely Zdzuit A7 3 A= ©]8% MNI A4 &aE]E (Auto-
morphism) 7} AF&3HA] & d12]E (Baseline), 281 A3 <ueZ(Parallel) ¢ Top-k

aefze] g MNI A AIZHS HojFETh

3 2914, MiCo%} Patent®] - A1 gk AIZF ol ol A2l TefzoA 7 A7
2717} A ot A7 FFH AMFY AT ZA X2 Ae & F Aok W, A7
2717F 2 Yeast dlo]B] 2|z Hole A7 $F A AHEE A9 Baseline €12
g Z3 vt wWE 52 MNIE AN & e AL B 5 Qo 2E oo o

3, EolUA £8 Fee BT cydle Ll zolth. Cycle Tejxeh, nje) #2 2ejz A4
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B Baseline
mmm Automorphism
mmm Parallel

Average Elasped Time (s)
-
o

-
o
L

MiCo Yeast Patent
Dataset

29 3: Average MNI computation Time on Top-k Graph

vi, -, 0 22 BE o] HlFl, v; & v+ 10 AAE O A, v, T vio] ABH 9
<& 2 =ZE ujeth o] nofela, B A HolEe] FdS Fe ezl sy,

cyde TRz BE BAE Am FAHol7] WE, A7 FY A4S T MNI Asbe]

r[r

22 Aoz 7 4+ Utk AAZE, g FEE Baseline €312]Z5 3} Automorphism €317 2]

m\

25 A@AZE el sidstA fetAw, 2R o tisiA = Automorphism Ll

=

BE3 dagEQl Parallel €312159 49, 38 28 =vhg ARE-SH= Automorphism
gl Zoll w3l delge wet 5108 A= WA AL 2 5 Yk BE3E 93|

WEH o] BRI ABFRELS dYetn 273} st FAo] 2= ALwE o &

HE Aol WEsl overheadZ Z&3bithal £4F 4 Qlrh T, dlolgAlel] wek A=

e 2 =oA A 2z AR wet vlole] 2= FH v A (u,0)S] Marked 7%

Marked[u][v] o]l H28 7bs/deo] Sttt ol A g 2d =i o W A3P349
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S FQo] FEBo7 AYPHA 7] wEol, o] 9A] overheadZA 2 4~ QIth

2 oAge Ao ez Fefo] mWE MNI A4 A7) Kol wlmetch He| e
2= clique, star, tree T Z2 Al 7}A] FEfol s 27]E WMSAI7IH AddS APk
Clique T2z} -9 dlolg L zoA 7P RIS Ssk= 49 5719 dole<
=59 #ole® AAstatt Clique 2z} 3715 2-11% 3to] A3ttt
Star Zejzo] A9 dloE ZalzoA g AWeA SAsE Hold L;E ¥ ==
59 dolEw s, #olge] Lyl dolg Lz AREF 7 wel A2 A9 5709
dloles 4 =59 Hole= stk 7 #eolEel sl ¥d =275 - 507 2 star
A aejzzA AP
Tree )29 A% o8 ZeJZ oA random walk

HRAES FEoto] AU 429 oy Tz FHoerRE, 2 AHY o AA

it
4>
o
ok
2
oL
Bl
<
o
ol
f(r
i)
[

o 7bA] REESle] FAL 9 tree 12 ES FEFATE Tree Graphe] A 7H+E 1-10,
11-20, 21-30, 31-40, 41-502. 2 W3IA 7| A F3FAT) Tree 2= 2] A F Fo]E-L HolH

a oA g WA S Aol L2 sk

4.3.2 Clique 2= 2] 3 7)o u}& A3

29 4 clique Zejzo] 7)o wE Al darg]Fe] MNI Al4F ks HojErh MiCo
¢} Patent ©|o]E]o] tha]A], Automorphism &i18]Z 0] Baseline &1g]Zo] nvls] o 10
W 7hA] E&o] Z7tetE AL B 5 gtk 7B 2 clique A9 =77} 1104, o] u) 11
el Aol BF AE FAoBE, o244 AW 11wy 45 5715 71 + jlemg,
e HQd dar 2 5 Ark ¥, Yeast HolE o] A= thE dHlolE ol Hlsf ]
B Iz 277 Z7) o] $H I 7|7 A Ef el del= ARF E3

Of
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3]
R fp— Baseline —— Baseline
102 — Automorphism 10-14 — Automorphism
“ —— Parallel v —— Parallel
[} 1] ()
g 10 E
F F 1072
g 10 3
w v
& 10-1 &
i 10 i 1073
1072
. . . . . . . . . . 10-4 1~ . . . . . . . . .
2 3 4 5 6 7 8 9 10 11 2 3 4 5 6 7 8 9 10 11
Size of Clique Graph Size of Clique Graph
(a) MiCo (b) Yeast
—— Baseline

1074 Automorphism
—— Parallel

Elapsed Time (s)
=
<

2 3 4 5 6 7 8 9 10 11
Size of Clique Graph

(c) Patent

23 4: MNI Computation Time for Clique Graph

Zh oz Qef, A7 @ ARl 93k speedupo] ol dE = kel HlsH H-& Aol
4 Qth AF 52004 AF A Yo MNIS AAetA] &3k cycle H2l L=<}
clique 2z BF A A7F Yo MNIE A4td 4= 9tk o]+ clique 18|z 3¢
cycle ez o w3l 7k A47F W7 el VEQ ZHHS T3 g2 FHE] $H
T AA =57 dfjoll 4 MEHH | £A85 = AZHo] clique L Z 7} cycle TLEjZ
Hjs 7] wfj& o]t

a3 59 (a)& clique 2=z F 7)o w2 7 do|E 9 Automorphism &3] &9
Baseline ¢112]& tiH] SpeedupS WEHATE Z} clique 22z F 7)ol tial], &4 5709
ol ES Fofst Tz oA Baseline &die]E2 $3YA|ZHS Automorphism @312 &2

PAZFo 2 U 2o 7|stE TS EASA T MiCo2} Patent ©lolE]9] ZA-$ clique 1

4\_
Blzo) 277 FA4%e] whet BA9 AR A%T} BolA ] wRel, A7) 59 Ael
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7 15.0
—— MiCo —— MiCo
61 — vYeast 1259 — Yeast
51 Patent Patent
10.01
o o
S 44 =]
g B 7.5
[} (]
&3 &
5] 5.0 /\
14 2.5 —’—/_4
2 3 4 5 6 7 8 9 10 11 2 3 4 5 6 7 8 9 10 11
Size of Clique Graph Size of Clique Graph
(a) Automorphism (b) Parallel

29 5: Speedup for Clique Graph

a7t S7teke AL B 4 9tk o, Yeast HlolE Q] Aol F A7) UFE &)
ol Hel 2z =7)7F Aol wet speedupo] F7kste A= #FTHY] o Ho-

19 59 (b)+ clique 22|zl F7]o] WE Parallel &1 8]F2 Automorphism &
< ™) Speedup= WERHTE 7 clique ez o] 2 7)o thsl, 49 574 dlolEg #
T Z oA Automorphism €1 8|2 $3YA|7FS Parallel G2]|Z9o] Ao 2
el 71stg e FAISHATE W E3lol 93 speedup> A2 Z7]9F FdAstL}, YA
o] & Yeastd] A, 2dTuitt AAEFRE TSI 273} k= AlZFe] Q15 Parallel

drElZo] Y 2 =9 Automorphism &S0 vle =d AL E ¢+ Jrh

4.3.3 Star 2= 9] I 7)o u}E A3

17 6 star 1z A7) W A e

N

o] MNI AAF A 7HS Ho]ZET}. Star
Jd=ze] A T4 AAL ALt BE Tk HE0] AE T X ot} Patente] 3% Au-
tomorphism €17 8]Z 0] Baseline &1 g]Z0 v)s] o] 458 71A] S&0] 715t AL 2
T %3, MiCo®] -9 ¢F 2081712 &&o] F7Fekqith 7Hg & star 12 o] Tt =9

247k 500131, o W 50709 o] BE Am FAe|mE, o2y AL s0Md 4% F7HE

g+ gdenz, qejAQd Az & 4 vk Wl Yeast HloJEfo] tisiA= X 2.4
el 4% S7H7F ol oA, ol& clique 1 Lo} npR M=, Hlolg 1L A7)}

Z7) wizol A7) &F APl 2% speedupo] AGE = gl Hlsl 42 Aol & 5 ok

P
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—— Baseline
10°{ —— Automorphism
O —— Parallel G 1072
(V) ()
E £
[ -
2 ?
-1
g 10 g
o o —— Baseline
/ —— Automorphism
—— Parallel
r : r . . . r x r r 107341~ : . " . r . r . .
5 10 15 20 25 30 35 40 45 50 5 10 15 20 25 30 35 40 45 50
Size of Star Graph Size of Star Graph
(a) MiCo (b) Yeast
2ot
o 10 .
1S —— Baseline
'_; Automorphism
¢ —— Parallel
Q
@©
w
10724 R

5 10 15 20 25 30 35 40 45 50
Size of Star Graph

(c) Patent

2% 6: MNI Computation Time for Star Graph

I3 79 (a)+ star 2= F7)o WE Z o o] 19 Automorphism ¢i1E]5 2] Base-
line ¢ 2]& thH] Speedup= YUERATE B E dlo]E ol th3l, star Zejz o] 7|7} S 7o
et A ZHe Aert golA 7] wiel, A7 FF A BV SUteke A B
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Abstract

One of the core problems in graph mining is the frequent subgraph mining problem. The
frequent subgraph mining problem is to find subgraphs with the largest support in a data
graph, where the support refers to how frequently a subgraph appears in the graph. MNI
is a commonly used support measure in frequent subgraph mining. In this paper, we pro-
pose an efficient method for computing the MNI using automorphism of the query graph.
Additionaly, we parallelized the backtracking process during MNI computation to improve
performance in a multicore environment. Experiments conducted on real data graphs demon-
strate that our method of using automorphism and parallelization is efficient for computing

the MNI.

Keywords: subgraph matching, adaptive matching order, graph data analysis
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