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Abstract  Big graph data mining has been highly motivated not only by the tremendously increasing
size of graphs but also by its large number of applications, such as bioinformatics, chemoinformatics,
and social networks. One of the most challenging tasks in big graph mining is pattern mining.
These tasks consist on using data mining algorithms to discover interesting, unexpected and useful
patterns in large amounts of graph data. Several algorithms exist for frequent pattern mining, but
they are mainly used on centralized computing systems and evaluated on relatively small datasets.
While modern graphs are growing dramatically, several parallel and distributed solutions have
been proposed to solve this problem. However, those methods do not have better performance in
scalability and balancing. So that we propose an algorithm based on dataflow model for mining
frequent patterns in a large single graph. We construct a dataflow model for Mining frequent
patterns, which include three operators: IsFrequent, Expand and Code. At first, the frequent
pattern mining method based on dataflow model separates large graph into many micro graphs and
has following advantages. These micro graphs can be expanded and calculated simultaneously,
because they are independent of each other. At the same time, since each iteration is based on the

subgraph instance generated in the previous iteration, only one vertex or one edge needs to be
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extended, it decreases the generation of redundant subgraph in Expand operator. Secondly, we
propose a regular code computing strategy based on invariant relation and an optimization strategy
based on coding tree. These two approaches solve the problem that it is difficult to calculate the
regular code. The results show that our regular code computing strategy improves performance
by 30% over the original approach and our optimization strategy improves performance by 10%
over the original strategy. Thirdly, we design operators of checking frequent pattern using micro
batch data. After the large batch data is decomposed into multiple micro batch data, each micro
batch data can be regarded as a single processing unit, a lot of tasks can be generated concurrently,
which reduce data skew. These micro batch data can be iteratively computed more easily in
parallel computing. And its iterative approach also satisfies the anti-monotonicity of frequent
patterns mining. At last, the algorithm of frequent pattern mining is implemented. The experiments
on our cluster show that the algorithm can effectively process a variety of large graphs with

millions of vertices and tens of millions of frequent pattern mining, and scales well with the
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degree of available parallelism.

Keywords

1 5]

T

AT 2 B 2 DR A A B R v AR 3 SR
K HA BIE W B A 1 B0 3 R 2 1 50008 42 46 5
HBWRFERI — A R84y 3 )z TR 4y 25
FH P S8R g A | ] 3 280 B R i L& gl
A BE R DA B A B 2 A I R A o A B 2
YR by BRI P 46 b A3 A A2 48 L o Y
D AE T SRR BE 1 35 5 ¥R B AN TR) L 40 R e A iR
SN Y A A D RS« A
R TR T TR T ) 32 i A e — A A
2 2 R A A B 2 RS I S Y Y R
L E W TN SR o ol N N R R S PR A
FRAL &« A T S B I 92 A 328 452 o A Sy A
(L5

T B A2 4 Bk h AR G O TR R e AR
A 2 0] 4 0] P X A 7 PR A A R A
By AL A RS A e e A AR O %
B B A A 2 4R BB T )
¥Vl TR 44 T 40 097 €] T A 2 NP 58 4 [
UGB E B TS AC AN Al B R B A B A i Y
PELESCH RASE A /I o SR FH B AL A FHE D AR R 406 W A 25K
BE A B BRI O B T T T O R
FEHR AT R T BE 0 0 SR L A T 1 0 AR A A A A
8 N7 e oK BT I 0 A 2 ) 42 9 2 A 43 A =R O
ITAb BB B

graph mining; frequent pattern; dataflow model; parallel algorithm; coding tree

BUA 4 A 3 AT 3k AR R T P A 7 3K
— 07 5 HLER ST T 5 SR 2 i B AR SR
RS A A S I A7 T A8 A o e R 2 BRI
RO G R A AN B B (D) B AR B B
SR — A A B R L A R Uy A5 ) X
Mz nl RE Y i e 1 20 O T — 2 A4 a5 104 B R AR
3 s e e Sy 7 A AT Apriori™ Jr i Al
R K J7 . S AN R T B R TR B A
At B PR B ) R 3 AR IE R SO 5 0 B
(2) BB UB BB BT B AR R
FAT 75 KA FAE o A P R PR S AT AE A 1
P s o BV 0 o A TR Al » e A A T B o
2 A5 P 1 e P S 0 A R 0 i e B
TIOR3 R SRR B AL 26 AF . B Tk FE AR/
Nk BB KNy kA1 A i e A ST R 1Y
REREH TR Ak B RS AT A e A A B B
L BT AT IR Y e XE LA S BEOF AT A 53 A
TEBT BL (O TR A T A KRB HOR TR RE

B AP O AUR MR T A H A2 ]
O A5 RE R RIX T — 98 5 B P 7E ]
Kb rp A AT RERY 1 IS XL B X e e XL A A
IRAEL g WIRAFAE q(2) = true, B 24 & 52 1] 3 J2
BRI A5 P g i FLZ5 2R 0 B U WA A [ i v A
TE—A> T B L] 5 B AL . i T 5 BB B A
AR S BT UK B 325 03 R I 57 1A 2 48 7Y X
B PE AR AL BOCERL 13 TR SRR E T IR/



7H Ui/ NG T R A 10 DR P o O B S i T TR 1295

PR B0 B AT R 5 SCRRCT9 1R FH W I B
25— P Bl o AR 5 L 19 B W] RE R B A
IF1) 5 55 — By BB X 4 A 2 7R i A LB v 4k 3
A RN Ny ke B8 T B AT A 5F SRR B
JE A5 B A RN kg AR S xR 7 A
SEFPAT AR U 38 B o A T H B (H R B R e R
[B] R L KT AR 2.

FEVHEMESE b — 43 SCk bR T T MPTH
8% # MapReduce, Pregel 2 K ¥t 4% 1 5 HE Zo02 %0,
T A B SO BB T S HE SR A
AETE LR [ s (1) 877 AR g R my R AT Pk 22, 77 4k
TEBE AR B b T RAE T R e — 1, R
RELAERAT I 7 P75 (2) T A&l A H K. B x4
AT S 7 — O RO L B A T RE Y
T SE A I A A ik 2 P S 2 5 SRR AL
e B AL RG T SAEA M P 0 e A T B R K
PR S T3 0 R Y 2 SR 2 R IR Y 5 (3D i fF AR
Hri k. Map fF: 45 5 Reduce 1F: 55 Z 8] /Y £ 45 1% i
FERS R o 1t {5 T BSP 4 A2 455 X I 23 52 2115 5 A7 1Y
BRI s (4) B 88 150 &L ) 8L Map {T 45 80 % Reduce
1155 K/NASTR] 5 BT 55 45 SR B[] 7™ 2 9 R — 2. I
R [R]85 0 T BEAT Y B A BEAE JRAE R |
PEAT B B 22 I 7Y 8% 3 e LA — &8 2 F 52 &
Pregel fJ“Think Like a Vertex” 7% i{,“ Think Like a
Pattern” () 3155 75 2, BLUAR A e 17 350 43 1] 1, {FLJ: A7
eV & & TR BR & 3l A 2.

AR S T ST AL B v g A TR Y
2400 42 T 3T dataflow 18048 RIS 0 35 48 O
2 ¥ MapReduce % F A5 B rp i) “ 4t 7 A2 B Bt
P TR NE L AR T HOR AR AR B L %5 R T
i Ui 75 2 B B A2 i R R O = A AN TR Y
B T AR T Z B BRSBTS A
FEAT AL FRAFAS /N S 0] 3 2N 8] 7 S = A R A
BT A B BN 9K 5 X B N 1B Ak 2 S
AR T AR AT BERA B R A k. T e —
U ARE AT — U &5 2R . DRI 53005 BB 0% 1 2 43
BT 4 R S B PR R

LT RO AR A ) A B A i A T
B0 A B B 1 9 &SR TR K O KR
A R B T AL R I K R L T HL AR R MR T TRE
{3 Aub B 174y P HRCH 1 B ASE. 553 T LA Spark™* 5R
# Flink™" 4538 F (4 %5040 Ab B AE 42, 58 105 1R 47 b
SRR A ] v i B AR A

BE T B B A AR A T A LU

5 A (D FHATH S IE M g0 5. RN /& 2 )
ANEAE IR I Z L JIr AT RLSR F 9647 19 7 Ui A7 1E
KR A AT R AR (2) FRAT Y EB 0 T - 5
il A5 A P R AN B Z B AN R OE R
JTCART DAJEAT MO S K/ R k1 /N (3) Db
IR 3 7. | T ok AR 2 A b — kA
A ) I S A g B A B AT R R YR A
00 B8 — 45300, gl v LA 31 b G AR 1 4 7
SEAF S DT B 2D T3k D A s (4) B T ROHE 1 F
1. REGHE R Z2A 0 /NEG A/ NE AT DL AR
— AR PR TT B B B AT AR B ST A R B
A FIF R AT T A AE SR AT 1585 (5) WK Ak 3
AR XA A5 DA A T 5 A0y A A8 4 4 il T .

ER AR SO 09 42 4 35 0 A7 A0 1 e K ) A 2
TS R A S ] DR A7 I U AR AR Y BT S
Bl 2 TN — i AR — R R Bk . A
i AT VBN v 2 25 Pl T S R R AR
PER B 0, XF F K/NH b 19 F B SR LT %
BRI S CE(1—2n2 " 02 ) H Ik
fffmIEwE R B2 .ME S FMRS. 0
Kafka ,HDFS 45 i) 1 B, ¥ 5 B0 09 Dol 22 47 1R
A RE 0T LA B i IR AT 1) A7 ) A

WX EE TR

(1) 32 37 35 1 S008I0 455 70 1y A0 85 X 42 4
2 A AR 2, 45 R T A B O A Pk A RE 6 A R
F1y P15 40 ) A 5

(2) 70 BT T B 1 &1 0 IE R 4 15 3 53 5 3
T P IE R e s 1158 0 vk AT T AR AL

(3) $ H 1 el S A7) %) 5 A0 45 A LA B A 5
FEHR P K B

(4) 2R FH 4 B AR 1 JELAEL, KRB AIR T 1E A0 2t %
TH 5 BLA 5

(5) B LAl LA 3L T dataflow #5271 K AL
a4k V- 5 (Spark 45) HEAT 43 B Ak 2.

ASCEE 2 WA 28 0 R AZ A 0 S IO 5 5
SWAAW SO A 5B A WA AT
B A B PR A S 5 5 W A A IE AL G
TR AR 55 6 W IR S M Rg Il 58 7 1

AR,

2 HEXBHIENSE

2.1 BHRERREENXZE
FLPL A B8R A2 A A A IR o o A X



1296 it <A

Hl

Y,
&

i 2020 4F

A M SRR BE TR e gk 4 SRy T AR T A A
MG, —J& K5 ] B, R o AR RE.
B #7 19 SR 2 J8 3 5 OF A R/ D R i A K
HIE KN ke +1 By R, a0 AGM (Apriori-
based Graph Mining) & £ | FSG &3kl 5 # %
P75 02 8 — BT 9 TS S N 2 Ky ke By AR X
M A A b B RN R 1 i gk AL 5L
gSpan (graph-based Substructure pattern mining)
B y:02 CloseGraph(Closed Graph patern mining)
FESY FFSM BEDS . g m — ek mg e 4 4
HIE NG B ARG I LB T R S 24
0 AR — 28 SOk P A B AT AN 8 B A e APk

T ALk B ) o AR 2 RV 2 /N B R SR
I A T 3 1Y I 22 TR A % . A SR 2 3
FFEE B TH BT AR TR RO R i B — A A
TR 5 R A 7 T ) A D T {1, 4G A 58
AR E AR TR A e A R A

8 Y AR A A AZ A 1 A P Y A U
e — R ] R SR TR Tk S AR R
FRARBE. N 1 PRAIEAT B /N Y S B 1 L B [
o ) A0 S X S R B B O ik R I MNP
MISPS P Je HOPY 48 5 k. SIGRAMY™ ffi ] MIS
7R AT S BRI SRR O TR SRR R
SRR, SIGRAM 7 SEA7 it o 8] B4, B o 277
fitt A5 A i AP R B A vl S ) ol 1 — A 52
Bl H 2 . P A7 At v ) 8090 o 5 fe D OR i R N A
23 [0 GRAMIV R ] CSP Jrik , — @ 27 LI T
FEfig = 1] fH 23 7 AL

W& Z ¥ CPU Wy fli il R I £ % CPU HE47
FREAIZ I 1 Tk TG B 7R SCRRLS7 b X% 48
(9 % d 42 98 7%k SUBDUE #E4T T 9 1716 4b BE ., %5
IR IR S5 2R . SCERE3 11X SIGRAM Bk k4T 1
FATI . E R G4k T SIGRAM H i R4, B 2
F/N 0 g L. AR X AR R SRR 7 40 A CPU
BEUR A I L B B A7 TE P A BIR ) 1) 2L fd G T vk
I FHAE KA 1 i 1.
2.2 HATRERNEEXIZE

B 11 AR MRS 3 O, B HIL R AR T A A B
BN ok 187 8 TR & T Ve e G AW B R ESE SO %
LA EARJEAE B MapReduce 2 B , 554 &1 46
IOV R Z R AT AR M2 I L B S AT AR
I I 5. SCHRL22 R TG g AN S R i 5 k. B 56
LA Ik o W o Y S A < e eI R
e i - IR 2, i Ja gk 1 AR AT R A 15 3

e EAE . SCRR(23 R %X MapReduce J7
AT B A 12 48, B SR R iR &
Wb BT R E R Map {155 B2 M0 HDES E /Y
KANRg k=1 [ F IR Y RS R/INA R 14 45 E AR
5 K A A 1 A b e e 485 X H B e S R
e DL Bt BLIK B8 Kk 3% 45 Reduce 11 55, 15
2 Ry B SCHE L IR R I L NS A HDFS; A I i
S PNEEIERE TR IR YW

XJ T A K E L, MapReduce 2 8 A% B4 A7 75 —
SE R BRSSOk (26 J 92 B T % FH 9 b PR AE 42
Arabesque, 3f H4& i 7 DA 2y vl 1) g R A5 R,
H A TE T i e A BERE A% 4 b i 36 AR ) R e A
ZRLAAZIE 43 S WA B B ok g A AL B Ao 8 T
B 28— BT S I 75 A0 B, i Ak B 5 A D)
Ab 3 ) H PR G PR A2 B B . Arabesque 5 Pregel
A8 AL AER B AN 2 A TRUS O Hus T2 DA R
HG. B TE Y R) B TR HE AT A R A R B
aggregate T4 H1 process 1155 Z ] 5 [&] S ] ) 00 2%
AR TP R IF HAE A Al AU AR, SCRRL13 42
7 MRSUB JriE RiZ4 M ER AL, e 2 kT
MapReduce ZiF2 5 . 44> Map £ 45 2 18 73 Bl 3
(30 T i AR Bl A R S i RN k)
TS LUAEAS 5 B S 1 TE AR 284 Oy key o B
T K k% % Reduce fE: 55 , Reduce fF: 55 H i1 55 3 4
FE. X P 7L 1 Bk 5 A AN s — & Map F1 Reduce Z
[ Reduce copy i ## 1 B4 8% 1/O FF 85 K5 53 sk
— A AR K/ B Y 42 4 ok %
. SCHRL38 2R ] BSP #5884, #| ] Pregel K %4 Ak
FHE SR S T A SR S R 5 % Pegi. & 8 FDRLAL
JEE TN ANRL E AR 45 6 1Y J7 2 master T 545 42 9 2
s slave 5 i 41 5T 1 I8 S 61 19 & B Pegi F ISR 4R
#5726 master M4 Fl slave Ml B (5 B . Lt
SO B AR T K LB A RE TR SR B A
K4 e R 43, 18 S 191 25 B o T B840 1) 104 4 T 2
FEBOE K SN VL NI BT Pregel
TCIEY Jre A PR M TG 12 8 vas 5040 Ak B )RR, s A
W T ok Ok s 17 v 00 1Y 20 A s 23 77 A R 48 1 A
ANy 1. SCRRLT9 1ok AT MPT 4 # B AL 52 B 1
B A A . AT 2 AR (D A
FHRE AR J7 W0 € A e A 25 (2) B BT 53,
TR ML AT, TF A M FORG B2 52 31— 2 1 B Al

DL BRSO Y A A A2 4 b L A MPT
MapReduce } BSP #5814 A {f F F g OB, i
MPT 5 AL e e B X A2 U IS 2 J] MapReduce



7H Ui/ NG T R A 10 DR P o O B S i T TR 1297

THAEL A, Map 1T 55 H 23 0 3050040 100 R[] L, 25 5%
Wi 22 5 0 SR PERE L U3 4 i T Map Al Reduce Z [H]
F18) 308 £ R i R K, 4 R &R 40 i . R T BSP
TR, A Worker 35 55 AT B9 B £ 75
JUT B Ah 3 T 5CHIE 1) RIS TG ¥ T KL SR B AR
W3 B4k RS AR L R T R AR ] S A i (1]
LA Kok i A Ak B 22 1] ) B A% AN 3 BOCHE
— YT RO BRI L 5 A1 FLAE 28 0 8 kA 2.

3 [EBHEIR

AR v 42 4 A A X, - 1B A A R — A
NP [a] 8. 53 5F . o1 T F B S5 22 6] £ AE 8 & A [
18 S A B T ORL T ORS R B O — A TR O A A X S
FFEE W0 5 A — A M . R T S X RS
AT A4 3R - SR I 106 BH A A 42 0 ) A
3.1 ER#RKN

EX 1. BREAERSE G, HHFRR N i
G=(V.,E.3v. 2.0,V 2T MES . E ZNME
B oSy LS e 4 BIAR R TS AR 25 F i i A 28 AR 25 bR
Bl B LT W VoS K E—>S e R — itk
TR Syl Se EAATEMIT R R =

IR A& G F G 15 ) A8 A5 P 50
Be 5 — AT A& —— B a0 SR A A T 2 (]
FEAE—— B S UL E AT R A 5 28 = b 7 =2 1F F g
T T35 20 SR P A 4 e K (e N G — L 6 B &
(kR

EX 2. BRAEREERG=(V,E.Sy,3,.0)
MG =V E'S0.36,0). 5 HAUCYAETEW S £ i
BEME (D VYueV, U =1"(f(w));(2) Y (u,v) €
V.(u, ) EES (f(w), f(o)EE"; (3) YV (u.v) €E,
UCusvo) =1"CfCQ, fCo)) s TR G G R F 1.

W G A G ERM I, I H G G J&: [ — 4
BB G=G" 828 G & A K.

EX 3. ARG g, S TFARERG T
SR B A AR S S b B (8 122 7 7 HE P X B R AT
BT o Mo, AR B AEAFAE K R num (1 (0;)) <
num (LC0,)) snum (LCo)) =num (L)) . B G HY4B
PeA MR NT

X110 X1,2 Xi,3 *°° L1
Xo,1 Xa,2 Xa,3 *°°° Lo

Mg = 2350 23,0 255 *** X34 | .

L1 Lp2 Lz °°° Ligk

Mo H 2105200 s 2 AR T AT B FR 25 4H
M 2 s s s oo s e TUARCZR 2 A0 5 28 (. AR 9 ]
G I 4B A B AT AR B GO i ¢ (M) =
IR I RIT P EPI SN SN PR TTI SRR = Y (= 15 v I |
(e S e e DR RN O s R = A <
i FORE o IS INE s, ZJE S SRR (M) =
X1 T2, T p1,2 2,1 01,3T5,102,3 %" The1 s

EX 4. EMGG. g — DB G, 52 i
TR R e AT DA A 31— & 4 119 4B 52 5 1 NM, =
(M} B340 42 50 B0 AT LA B — A G i c (M)
e £ MR B R ECH /N e (M) ok AT AR R K
G R e (M) /B G 1) IE R4 i

cl(G)= max c(Mgy).

M, € NM(G)

SIZE 1. MK G ME G H bR 25 i AR R 1
SR e DS o S RS Rt o 5 i 7 = N - 3
G MG WIS 5350 K cL (M) Fl el (M) . & G Fil
BG4 BALY /(G =cl(G) BT

V. GG IE LG A A [ D) T
(AR 250 i — — Xt B 2 R T3 A o LR S 1 i 1 e 2
S B T A 22 T 7 A 0 T L 90 0 A 28 A TR Gl R
FESC 2 H ) —— B BT LA (R A 1Y

S5k e s T SR A B TR R B IR 4 A SR AE AE T
B ——XF B T HL WA AR — — X0, B Ut
AT DL 30 A 58 4 — A 10 7 91 o {5 75 JH: Gt B A ] X6F
St HE Y 5 Hod /N e KO i th— @ A IH]. i e,

A SR IE i LA Z B R R
P 5T — > P — A RS . R P R T ) DA T IR T
FI U o FATT 388 A3 75 A~ 1 4 1E 0 G 5 4 D 2 A4~
P2 75 [ . L 118 T 0 B 7 00 2 A 542 i IR
HE RIS RE L LT R —
FE At —A> NP 5% 4 ] it

it 1. WT— DB G E), B & d T s
F U A3 0 U 2284 s el (GO R

. R P T B I RO R A R A
| — Al (G) 38 KW 4 i, LI 8 8% 5 I
it 119 J5e K Gt % 5 S 0 5 BT DA S A7 783X FE 11 H
cl(G) R gt HEEE.
3.2 ZHEITE

EX S BRAEREERG=(V,E.Sy, 3, 0)
MG =W ,E' 3v.5:.0).G &G T, Bl ik
A (D VEV 3 (DO VueV, (U (w)=1"(u));
BECE ;s DOV (u,0) EE, (I u,v)=1"Cusv)). I
RHE LB E P, H P MG 2 [F R0 0 FR
PRGHTEHRX.CN PSCG .G NG HTH



1298 it <A

Hl

Y,
&

i 2020 4F

S Bl 1A B () Rk A B B R 1B (gD
g2 AR PR X, - 8] 52 i) 2 415 e 6 U7 i A
VB3l w14 BT A (] [ A 19 O L S 48 ) A Bk
ANREEUL X T T (g2) B () A A T
S AR H TR 1.2 A4 R 5 — A T
1.3 Fl 4 4.

P FH WK TR0
a
; a a {0,1,2} {0,1,3}
(—2) ; (g ° 0,1,4) {1,2,3)
o ‘ (g) a a {2,3,4}
a
O, G—v Q ) 2 1,24 (1,3,4)

IR W]

WRE GV, E) g AF B — % 05 2 (8] &6 A7
TE— Sk At B 20K G Je i iy, Wik G (VI ED &
GWV.E)WTE.FHFHEMNF Yu, o€ V' BT (uav) €
E i ABAEAE (us0) € EN IR AGEFR G & G 1 — A4
TR

MPEFEEWRADNE P MG .G FIEETRS P
S [ F I WA — Wbt £ P £ G i 4387
FIRGIC N F={f1sforeees fu) o F BROGRTRE 118 52
il | F | B B 52 i S5 g L iy (g 7
Bl (@) AEAE 5 A, {0,1,2),{0,1,3} & # & F
Bl (1) ¥ B S5 451

Bz 0 b SRR M R AR EE A RN
BT LA R A RO AT B R B S RO 2R
ANBELRAE S BRI M L SR AR T 95 254 R IR
PRI A X 1) S R B 1) e B 42 1) O kR T O T B X
e B v B S 40 1 A B AR R X A A
AT REREIR SRR L il an  FE TR 2 rh Y R A
T db B B R F RS A ECh 1, BE 2 ) i
T 2. MFRATE B 0T BB 2Ch) B B ) B 52
BIAECK 2, B 2 H (1,2} F{2,3). B & T &5
AR B BT T R S A R B 4
ST LB AN R R . H R AT RO E SR
) SCHERETEIE 5 1, B Tl /ME A (MND J5 ik f
EHEHO) ik U S K7 5 (MIS) k™. =
Tt 7325 049 DX A F 5 S AS [R] 18 - 1S 48] v e o/ T A
CHINEENEE. TR AR RN E AR A
A —FE AR SCR A MNT Jy i o PR H 53002 e 17
1y, 1 HO A1 MIS J5 k02 NP 58 419,

1 db ds
TRIOTE agag
ir ir

(a) (b)
B2 SRR T

EX 6. FETRENIIFE. (A TE P ER
G FEFEMBS F={f /. fi} RIK
Fo={fi(w), fri(v), fr ()} E—MEE . BEH
T P ORI B HAAE TG R T o 7 P
EE G PSR EERIR R so (P, 2 X

se (P)=min{t|t=|F(v)| for all v€EVp}.

2() RIS v, RN FE 2 H iy 2, B
FCo)={2}, M 2(h) PRI AL w, XF 0 T B 2Ca) th
) 1A 3, B FGw)={1,3}, BBt so (Pt A [ F(o) |,
BIZHFBEN LGSO AN BB B T T 5]
AR SCHF FEAR T FR Oy SRR
3.3 SREENXEZE R

MK G LA SR /N R 6 B A
AT A R PR P R G
T B RO AT 0. 18R s (P) =0, th FRATH
R AT RE A AE AR [ bR 25 1 T00 st 5508 30 PRI G AR S0
T RG M EEEE ). A — DK A TR M B
ME— B AR 2 I HE 5 75 2 Re 8 — 21 TS il o i SR 4
T B — B s A] DA A% G2 1 2 T Apriori
VR RAZ A B L (ER L A R B R AR A 2 A TH R
s 0 B A R AR 4 R T8 ikl T 3E T Apriori
SR . g o ] A W) ) 2 i ke ) A

)R 1. 0 3% 3 1 42 4 ) A

TR HOG T 5 BT 3 vk D042 9 S 0 A AR
2 H SR DG IR 119 30 20 B R 45 A AN T K
I D ) A SOAS i B2 L i 5 IR 42 4.

[ 2. Bt 2 4 ) A

TSR EE SR AZ 4 0 T B S T A A
(14 AT B ASE S g S T A5 2 B o % A e — X TR, 4
P AR C T AR IR - s Wl I R AY 1 <2
e

B T3 38 B2 8 A0S L RS O R A
— A Pl — DX R, S R TR R
A SC RV S - B 042 406 5]

4 ETHRERNIERXIZEER

FES S A2 i e v SR A2 RN ke B
FREA 7 A A RN R B BT 1L $
X EAR AR K B 23 il 24 KN b 1T ET
Z A FAT R A X L 1 R 2 A [ A o (R A 11 1
TR FLSC AR i X X 26 1 R AT 9
TRV =+ 1 17 L 536 dhAT AT R 46
THIRE SRR Bl e A T 3 A AT A5 31 2 8 ) 91 S A6
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KA, BRI A — L B ke B, T
BB WAl B0 K O i Uiz [l B3R AT T F 430 K
N e RSN s X R/N Ry R — 1 iR A A 2tk A7
E/ S i e w0 S D S B - M PO ol el N N
T SR AT AT LUK I 21 5 B 1 B I 1
[ R4 A i SCHe B TR VR A 4 4 AR BOAS SCH2
IOF S G TR TN R T AN ol i s D S S A
2H A

(D Piia ¥ ot 5. 85— F0ERh—1TE
S FE PR ALK/ 2 1 A AR A

Q)P RN E. VR — 1K/ R e—1 B
) B S 459 2 238 0 KN & 15 [ 52 4] 5

(3) Gt A B B 67 O B g 05 1 55 5 3% L 3t
BT S 1 I R G 0

() FIFEBr B B 1 B0 A A 7] Y - 1] 52 451 2R 4

(5) 4l B R A B B R i — 2 T B 5K
TR A8) o5 %) - 1 A ) S 4R B2 O 5 W e/ SRR BE 1Y
ISR B A S B T R S 4 T T R S ) O
17 B B0 BR (2D Ak 22 264X AN SR AS A7 750 2 S 4
1) [ D55 4
4.1 FEMFERFMHE

+ 1A 52 ) 2 A XA IR B S AR 4 L
ISR B A fE B DL TS A bR AR S il
MG H inst' = (el Vi) s Fort el 321 525 X6 1 1Y
158 2 Y TE R G 5 Vs AR 1R S ) A Y T
P AR TG g BV A 5l G TS i) 2
TV OV k= |V, [ A3 B 250 1 A5 =X
IR KNI ke 1 B L 5 G 3R m ) INST =
{inst* yinsth , o+ inst® ).

FEIBELCAE S i A B R A2 I R B R
X B SE B S ]k pt = (cl.3,)  Hid ol R
F AR S IE R g A, S, A 2 - IR 5 i T
RIS, C3 b AR F IR RN, Ho
k=13, 1. K/WNR R BB ES TR P ={p],
Posrta bl

T BB EUR & 3 0 B8 S DL T
KB P TS E A Vi B M ES E.. . IR
ESUNVE RER I BUNNE IS N S i s N (S 5
PO T s HoevE g AL

EXT. BWP=p Ep.Zp.Zp DREEG=
(VLE. Sy . S DB —D 5L P FEE G g
LAILARIR R T, = Ccl(p) Vi, Ep, X, D)FRoR , Hp

cl(pRFTEEE P i gmis . im X ARRTE Vel
LR VR G o B TS S M BUE S, D AR
WEMEL B E £ B G A 030 10 g 5 10 BUE B
. F RSB A Fm R 1Ak R 1 TS
XF I ) 5 R F BRS8N TSEE R G
BAE R T P s WA TR 2 My, E RSN
cl()F el (). F—FT R FE—AFEEH] L5 — 5 3%
AR o Ay H I TSR B GorpoRE R ) TR bR TR
S [FFE v R 7 I — DTS ER G
XL B TS AR SE A i A D (v) /R 7 B
X P TR v AN EE 5 0 AT BEBUE . I8 4 D (o) 3k
JETH o BB SR, 7138 D (o) 278 TS, o, 04 18 3585
G ey ve, REFEB P, DCe) FomF
BRI P rprift e I EIE, D Ce,) FR BB P
Hom kile, AL £ 1 MR id s id, . id,,
id, - FREE G B TS AR R L BT e — id,
Gid,sid) - RFEE G Py,

®1 TEZHR

TS il 2 IE B
U] Uy e e, I i
id id, Gidy »idy) Gidpvid)  cl(2)
id, . id, Gid, vidy) Gdpsid))  cl(y)

TE B A7 4 Bk v, B AR RS 1
K BB MU Bt 2 O AR X% iz 1) &
S RS T AR RO I A R T S B 5 = DA
Jo v ) BCH 1) S B . a0 6 AR — AN e A
TR E G — T B P RS T R R
AN Ry S SRR LT BT S ) A A A nt X
(n(n—1)/2)" 25 At 1 B 9200 14 10 A7 i AL A
K n(n—1)/2)" \ANREME H A T 1 52 ] 1 T A, A
s i LA AR B AN T TG VA W A2 2 1 K. )
I E $dE CiteSeer, HoT0 S 80 3312, %k 4591,
PRAEHCH 6. I 2. 8, AU R/ 6 B
TSI E 2 10°.

IR TR S ) R IE R (HLE FR AT N
FLORAT TR LR A P A« 55— T 03 SCFR B2 I i 22
TS A R B T B SR I BT M ]
NN T ) Z (8] A7 72 4 T i & e T
A SRR BE I LT [R] BT AR - S N ek T
S5 A/ T R SR R L AR IR SCER Y
R R B Ry AR B B R 1 IR A, R
W B URE A AR B R B TR AR RO T IRk
AR i AN . 3 R 5 2 AR 2l o 1 BT S 461 A fit
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e i 2020 4

(14 i 7 o {H I R 8% A A58 it i 2 - P S ) 7 A X2 i
AT $8 3 B30 k%6 AR SCR B HDFS DR A7 fif i1 53
IR A BT A TR SE .
4.2 HIERE

B B A TR 1 A A 1A e TR L —
B 0 ABRAE A 3R R AR DL = A K
P =AU KB 43 2 BT A K KN R 1T
PRS2 3 i R /N g b+ 1 B PR S ) £ 45 A LA R
TR RNN kA1 11—F 1E S26) 11 15 B0 4 A 45 A . AR SC
FE b TR AR LG B SCEE TR SRE SXAY O K
T2 A

(1) ) W 4

WA P R AR 25 SR AT K A, RO
TR ) SRR s Bl A A 1 B A R
W7 235 SR S A A A A AR )k AR A A R T
Je#AE. IsFrequent J7 ik MR 40 i A (1 488 X e
XiF g B S 8] o G A 2R A s6 (P) = B X A2 =
(0 — PR &, 6 A 423 1 &1 52 4] o O B A2 BRI
TR G A OB 45 L ARAS G 56 3 47, 50 4 47X
2 1 T A R A 3 Ry 1) T B e /N IO
e/ MEA /N T B2 1 BIE <, D] A e 458 2o A0 %
B X R 1) BT A 1 I S 001 T LR AE

i1 SRR
A < A3k IR R L B 1 S 451
< A X NI 1 1 1R S5
IsFrequent(P* ,INST* ,z) {
1. FORU=0;[<k;l++) {
2. //BIHEA RS P E S A TR S R
3. m[ l]=distinct count (INST*[i].V[I]D;
4 IF(m{in(m[l])Er)
5 RETURN TRUE;
6. }

7. RETURN FALSE;

8.}

(2) ¥ g

P REEAE AL 552 R T IER  , B A — I
CIN RNy ke 1Y T 5 v 1) 5 181 552 431 e i 7 e
To0 575 3 5 R - B S i Can R/ Ry k410 1 1 BD.
XFE GOV ED) H i — AT o, HL AR 45 TR i 4%
HRRN D)= {u| (vsuw) € E} 0 F— T A 4
GV SV EGVNBBETSEGRR NIV )=
UoevT(\V',

X T JBRAE A AR R R Y 1 K 5L 4]
AT RE H I = Y E A Y TR S i an 3 L Ry
PRI IRAR RO R Y e T B S ], 27 A TR 1
PS5 a3 R AE vh iy - 18] S 4.

213 |4

‘01

pnnonnnnBnpn

T T
nBNnBDnnoNE

i I i i
‘01113

K3 TR R

i & GV E) A& n AT B4 T B
A ME—Z 'S, HLIT0S g 5 5 IO 4 5 22 (8] A7 75 fi
KER v <o, <o <w,. W & E L5 4
FGT LSRNV A E—waE R ey e
P T S R R Last, TR S o B AT 47 R 4R 2 T i S A
TR NN ={ulCv,u) EENv>last}, i A]
IS VI Y R TS E A B HERR N
NV =U.ev N \V". i i i 5 5 7 ] B 5 A4~ T
RUBE R AR T AL, AT DL S B SE I  ITR 3
J R, Gl 3 AN ST R AR BI04 B T 1B SE
(0,1 PR 2,1}, b A S5 2R /A 3 TR
) B 524 {0,1,2),{0,1,3 A S {0, 1,4},

VIR L 55 2 AT AT 1 B — > T 5
B A R P AR IE T AR A, BB 31T R 8

1T BT S 5] 1 ik b R 45 238 1) 5 &1 S )
LA Ho s AT RS 5 47, B B — A 1R T AT
Fie BEL T AR 28 LA K (15 5 o T 1 1 I S 48
5 TAT R RSB T B S AR A R AR EIR DN
H k1 FESEFIRES. 59 TR g Rk ).
2. FREREHYE.
A KN kBT B 525
By KNN3 T I S
Expand(k.inst,G) {
1. ¢ P*,G""",CAND;
2. CAND={u|u€ NGnst.V)};
3. FOR(w& CAND){
4 g V=inst. VU {w};
5 g . E=G.EU{(v,w) EG.ENvEGV};
6

last=w;
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7. G =U{g"}s

8. 1}
9. RETURN G*'';
10. }

g 1 A A B R B EAT A B AL P
TR F B2 0, D Bl — 2530 B R TR A%
B BA T ZEX AT R IR R/ 3 11
S B TR O f AR T i 2 (1), T Tl 1 A9 48
DGR (2.3 4} BT ARy B S . R/ 3
5 B L4 5 {0,1,2},{0, 1,3} RL {0, 1,4},

(3) 1E MU 44 15 = R B A

DU FESRAE 1 IS5 TR L fe v o 206 OE
LA AE D ey BV H A AR TR 18 R 2 % (1) 5 141 55
P R R AR, DL SCHF . B DL o 2T ST

ERCES NS IR
3. HHRIE G

A KANH kTS

it - P L) Y TE AT 2 1

Code(g"){

1. n=|g".Vl;

2. FORG=1 ton)

3. S =13

4. MaxCode=1(v[s; DI(v[sy ) l(v[n])
[Co[sy Jsolsy DelCo[n—1],0[n]

5. FORG=2 to n]){

6. m=n—1;

7. WHILEGs,, >s,+1)

8. m=m—1; // A ) 2 4% B 55 — A w8/ 1
TR

9. k=n;

10.  WHILEG, >s0)
11. k=k—1s // AT ZE 4R BV — B I s, 1

JLE
12, swap(s, »si) s
13.  p=m+1;
14.  g=n;
15. WHILE(p<q)!
16. swap(s,ss,)s
17. p=p+1;
18. g=q—1;
19. }

20.  Code=1Cv[ sy DI(v[ sy ]D+1(v[n])

[Colsy Jsvlss PDeoelCo[n—1],v[n])
21.  IF(Code>MaxCode) MaxCode= Code;
22. )
23. RETURN MaxCode;
24.}

XtF4 AN T B L6 g 5 2.3 AT K AT
PRAE NS s s 55 4 AT AR TOUAE i b 25 HE 41 L 44 3
T A 2T 5 55 5 47 2 21 47, H 5 TS i 42 3B 4
G, FF B A HE S 0 g B B S5 19 B e K gm i 1 R
ERSES NS TN

(4) ExtractPattern ¥ /E

R T SRR AR 1 fih & =/ ExtractPattern
BAE A B, PR E R g iR Key, NREA
FEAf R 15 Key A1 [A] 1+ 18 52 401 fih % — U8 1Y
=R

(5) SaveAsPattern #:/E

R Y SCHR I K BRAE 5 R 1 SO R B
Ji 1)~ T S 4] e R X 1% 1E A0 G A 0 A7 4 o S R,
A 3885 RO BB B LA Key AR A H 0 .

4.3 ETHREAERNMEEXNEREZREE

LT B0 AR R ) A AR A A T s L i
P RERAEAT BB 19 5 IS =X 8 X I 1Y) 5 (&1 52
L 3k 1 S A S B A A ) e RIS 2 A AL X
TG, X e S AT R )Rl 5
T B S R T S 3. e AS W b kAR L B
B A A Bl 1k B 4 gy T3 RO R
A SR S A . G ol B A Y T BOHE  PROAT
IsFrequnet #2ERS 240 2 19 b5 25 5 — UG AR, o
S d /N EIRCED LR 5 $hAT Expand 45 4F X 4%
158 2 Y L S AT T R A BB Y IR SE L B s
XoF 7 0 F [ S2 5 BT Code #4E 8 H FE M4 i
A B 3 A S R G — YR S R L 3T
T =W EA BB E B N k.

HGH

4 TR U B I B AR A A T

R A A T o i A TR B 4y iR o 2 AT
Bl G M F B G MFS ¢(G) Fon. 56 EAUE
$(G)={G,lue V() , HPhVG)={uy U,
EGH={(u,») |vErGw  U{(v,w) v, wEu}.

BEE 1 SE BT X /0N R Pl B 40 A7 1 B O
RO AR B A 0L BE 1S 2 47 A A T
SRR S B AR 5 (B H B RO T B A 5 G DA T
GHMBR.AFEIE G5 4 & 6 F7 LB T Al
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Hl

Y,
&

i 2020 4F

KRNIy 2 097 200 s 26 7 08 Ay s 98 AR S B
T3 % o RV e 8 A A 380 90 B A58 o B HL 4 i - [ 52
556 9 A7 A BT At 1 ISR IR G 5 s L 4
s MR H 555 10 F0 11 A7 $hAT 9 4R AR 13 3197 K
J BB 1 1 1 SE B B 5 5 12 FNER 13 47 AR BT
184 18 - [T S A A 3] 4 FR A i ik 1 R XL SR S
NG 7 AT AR E AT

Bkl Sl EREAZHE.

A EVBAE G, SCREE «

Hth - ST

freqSubGMine(G(V,E)){

1. G'.Temp"  INST* . P*

2. G'=Init(G.&)//MBR G AT F A 2 0 o 1 T A

il

3. k=2;

4 WHILE ¢e€ G'.E

5 WHILE PLi*.cl=cl(e)

6. INSTLi]*=U (cl(e) se.vi se.vy) s

7. FOREACH P[i]* IN P*
8 Temp" = U IsFrequ(P*[i],INST*[i],6);
9 IF Temp' =& GOTO 15;

FOREACH inst& Temp*
11. INST* "' = U Expand(k+1,inst .G');
12.  FOREACH inst€ INST* ™!
13. (P*TUUINST Yy = Code(k+1,inst .G) ;
14.  GOTO 7;
15, RETURN;
16. }

4.4 ETHERERENMEERIZREITE
A T 2R B0 A AR BT DA S R B A [T 8K
o AT LAR) LA 0 808 it Ak 2151 %, i Hadoop
Spark 1 RAE S oK AT AL #. T I A B A K
Spark TH5HE ZL 3 T 1 R HUASE BB 1 53 2R 4
77 7.

TH5 A i 3 7 BRUBE S SRR B I L T 2
O N 4 B S ) #5 >k ] Map/Reduce 4 2
BRY, Map {F: 5% $447 58 5¢ 3] Reduce {55 I 1 $hAT
ik B, 258047 Reduce Copy #4372 14 94 3
1/O JFS B K A AU T Map 4 55 #6471 5. A
AT Reduce #24F . AT fil 5| 2 HiH8 0 ) [n] 8, BE 26
LSS 2O I 11 7 11 5 48] A 8 22, 5 e 7 [ A58 5 ) i
() F S AR # b DT 3 0T 53 285 R ] 23R L 52
Wi N — A AR B T b 4 BT 3R ATT R H Spark 1
HIHEE & YT R AE R R S5 R B AR
HDF'S 4345 230 7 Gt 4 B 1 52461 1) 1 0
T AT 50 5 F E R DAl key O 4 B SCHF I 2.

FEE RN kA= 1 R BRI, FATTRE bk i%
A LE HDES i e A RN k1Y 5 18] 52 4 4
Ry A 5 30 A W 4R A T B AR ) SR
FERIR/N ke ATCEAE ST 0 H AT 9 e, AT 4 3
RNy kA1 1488 7 18 52 4] o6 HAF i 7E HDFS
O3 AR SO RN R 1 T S A A A A R
FeRANFE 1 TR, 0100 oo s v A5 210 TH 5, 3 26
TR 2H B PR 5wy o oo s S 8000 T R G T
e A5 R i T 7 AR BT e e S B AR AR
FrCorvseru) = Cuy g o up ) sy sty s o0 s uy 42 0 A&
¥ &l

1, B UM [ A 7 10 9 48 5 A AR ) 1 G AR
Gt BT B & 2 A TR0 B T 1R 52
B 1 e A TH S B bR AR R G » FR AT A X A 1 AR
G B 1E A rowkey , HoAL B 1 7 B S 4 g 51 47 i

AR 1 MR BAL B 5 45l T RN 3 1Y
W AR SS9 DA B A 3 1) 491 e TR A 20 £ 745 31
PR 85 EHL R, aaall0 Fl aaalll. %} T AL aaallo,
EX T B SE IR AL & 3 AT 20 BIE s 2ays 2,
TR R AR 25 1 SRy OGN B = JL S 407 1) 45 Ry
5 BEAS T B S B3 o TH R 18 i 5 e s 5 R T 1 B
PP T {0,1,21.(0,1,3},{0,1.4},{1.2,3}
Jed2.35 401 5 A — A aaal 11, X R ) 5 &
SEBIAS KA 2 0 T I ECE R A TR (1, 2,40 L K
{1.3,4}.

TS

code | x ¥y =z

aaall0 | 0 1 2

aaall0 | o 1 3

aaall0 | o 1 4

aaall0 | 1 2 3

aaall0 | 2 3 4

aaalll | 1 2 4

D aaalll | 1 3 4

B 5 T S A A i

FIAT Spark THEAHES 5 FAE Az S . &
EIRNGI ORI (ORG-S AN S S A ]
AR 3 TE L 1

(D ZFF R

P A5 ExtractPattern, 38 15 f6¢ & 1 & 452 X
cl(gh) B ILALE 1) 201 S0 T 3SR A A
g 1 1 PRI A 2 71 41 5.

R G TR SRR R, B
R S s N N g R S R R T
FOME— 2 5 278 s W Cs vt ooe v ) SR R JE T
SR B AE N SR/ R B T s A 2 23 5



7H Ui/ NG T R A 10 DR P o O B S i T TR 1303

CIDRIVAC7D IRV ICD N

KA 7 & SE ) 1 B4 35 s SOURCE =
{cl(g") s {ursussorrsug ) s {ooe} s {us st oo yuy i1} ).

% SOURCE % ¥ $4 1T parallelize #2 4/, 15 %)
RDDI={{uy sty s=s= sty }»{ o} s {tsstts ooy 1) ).

X RDDT 4447 flatMap O #24F  8 T 5 e S —
JCHAID s wy o FAp 55 — A RO AR L 5 A
JR B T A BRI B RDD2 = { (1o u )2 (20 ) s ooe s
(ksuy) ).

%F RDD2 #4147 IsFrequent(g* ,INST*,8) , %} 3k
TR R AT R 08 R 0 = WIS o A 2,
7 X H AR S AT T 2 A A5 DU Bk i s L

(2) T B L3 e

KRNIy ke B A0 AR, AR AR 28 L 7 1 S 451 3
M Expand #8245 AFRIR/N A k41 5328 5 <2 1.

SF RDDL={ {1t) stt s === s10s } » Lo} s {tts s ths » ** s
wpr b} AT flatMap #8845 R AR5 1 O 97 i 2
&, Bl Expand (&, inst, G) . il 3 P47 1% 82 AE T 1D
A LA E] RDD2 = {{u; s up s -
Us s sty i1 ) )

(3) 1EHL 4 i 5

TR AR B /Y RDD2, 4T Map #2:4E.
HARAER 7 I B E R G i 1 B el (g7 15 5]
RDD3={{cl(g""" ) sur suz s> sty i1 ) oo ) Horp T
SEA B9 1E AL G B9 1 O Key » Value 2 1E W 2 5 X
@E@ﬁ*ﬁ\%@%ﬂﬁu U s Uy s s Up+1. :jfﬁﬂ?i Key Jﬂ:
47 reduce #AE )5 » 8 F§ SaveAsPattern J7 i % 2%
5 A HDFS 4347 2 3 1F.

PLE 3 AN B IAT 58 i - 515 20 Br A5 Rl
ke FART A [ I A5 B R /Ny k16 3k 5 8]
B AN Wk PRAT EaR e A L n] DLAS 2 & Bl
Y 4 TR A B A
4.5 EHEWMEBEDHT

AEAL R BRI (AR D b, 7 2 A g —
TS ARBAFAE n A KRANR b 1Y B B4
TR E m AT B — DRy k1T
B SCRF BT RS8O Gmk) W n A K/NA
kB BB SR BE T S AR B S O (e AR
e A VRV B TP TH R AS TR bR 2 i Dy 4 B IR L
T RN K L AR TSR |V RIRE BT m
[N C o+ T LA 5 458 2R 0 48 11 1 52 2 JE 5
i A TETESCHRE Hh IO 8 A ) A 45 0 e T A B0
S B O Ty B

TSR 5 (AR 2 b il RN &

7uk-l}9{"'}7{u39

14 1~ [ S 8 hm kg K/ g k1T B SE L 3 T —
KNIy b W B S LT Y BE S d B e
00T AT LAY R 0 05 8 T0L Al kd A A B
J&— T BB TR E A BN OCed) S BT LA n A
B BB o A B SE B 3% R e
K OCamkd) s Jit DL B L0 9 Fe 035 52 2% B S
LB TOU R > 5 T 1) s 28 i DA S T i 1 B A
XL Fm K OUC!, kD).

XFTR/NA b BT T B S 7 2R
T Gt B (R AR 3 DA A5 380 % iy g 85 X, 32 o B
TN R ASTOS 5 BT v BE A HES L I A b 4R 3 2
1% fe R BRI 00 ™ R 44 Ok D).

A EASE A T BRI T 5 A 2% S TS A
|V | A T B 1 ) o R B IO 9 B T AN
[F) AR 28 B 1 DL B SR iy R/ B (A K.

SEB 5 MR AR AR 2% B Y O B I R LR & E
DA SCHE BE B . B R 138 R, JL0R 2% He R 4K
oty K. B SRR BIE < BB, W LR RS Hh
Wl A 2 B s BB/ IR IR LR L
BT 5 e RIS EOE R L R b R
AT LK R B AV 50 1 B [ 52 % B

5 ETHRANMEEXZEE LN
PERELL

501 ETHREEMNEMRBITEMLKL

AR A R B T O TR R e RS TR A
TP S A 2 T B S W OB R DL T A A
P TR AR A AR A PRt Bt — > @ s 1 A1
2 0 T8 580 R DD A A A A ) TS

PET 1 1 B g 4 2 P61 ) P — e s BRI 2R A [
J2 [F)AE ) DU AT ] — s 2 AT R[] £ T 0 i . 3153 [
149 TE R G 5 455 1 25 B - (1) %o I 1% T A 2R A7 4
JP 5 A5 1) HC X 7 ) 408 3 R I o 08 4 R I T 4 Sy 2k
PERIAES 3 51 BIVRE &R 2 40 B 1 4T i BT 55 40
0T #7591 G B Bir A 0 A AR 2 5 17D
6 H Y R A 5 AN TR B ROy 0 T S
W JFE 5] N “aaaaal010100111”, Hdh gy 6 M a” L FHE
TR PR b 2 o AR AE B 1) b = Sy 4 BR A 43 0 R 7R
4175017 #O10P R0 11, M50 b7 5t A7 1
WIIARZEAE 1, T Z BIAFETE L 54812 0.
(2) RIEm R FH /PS5, K 6 () iy ¥ 51
AR HFAE 9 E R L R B A TR IR T A8 He
A LA 2R 24 A [8] 1) 7 455 7 510 T HL 3 26 A [ 1Y
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Hl

Y,
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i 2020 4F

JPA) 4R R — AL T Ve AR R — B R T
1F 0 2 0 o — £ 32 1 1 T B A% 4. 3 S T A8 4 T
S YR T A5 38 X 0 ) 408 5 R B L 4 R LT R R
— I K7 5 805 B /N 55 07 80 of AR
A TE B 2 B 8 . X T 18] 6 Ca) rp g R BB ol 1 &2
WA T i UK AT LA A5 31 e fe KA 2 4 1 41,
El 6 (b) it 7~ , H 52 4F 53 )7 51 hy “aaaaall11101000”,
MWFBF R E %7 & I KI)F 5, R B2 g
f Mt — R IR & 6 VB 1 1 R 4 B

B 012 34 14230
B a 0la 1000 ljla 1 1 11
a(D) @ 1 a1 4 al110
‘ 2 a 01 2 a 00
a . 3 a1 3 a 0
U2 i a] 0 a

(a) (b)

6 IEM 4G

TF 58 0E U G 0 B 5 5 9 D) T A AT B A T HE
G XA R FR RS A B R IR R AT o S X i
AR EAT AL O Ak B FEVARLR R R TO S AR 45 1 AN A
Rk

XoF 45 7 0 TR IO AT i) RE DA S 2 R
ANAE Y BRI 5 AT A FH 3K 4 AN A5 e Skt 6] 114 I R G
B SR AT O A AR AS 2 R P X TO A R A7 43 s
FLA AR TRVRE PR 09 TS 4 43 B[R] — A~ b el 1 00
(9 AN AR o P AN 2 B A T00 A5 e 17 A2 Ak o BRI TG 8 T
SR anfa) A5 4k L #8 AT LAAS B AH R 4 R %o B e
F1ey P15 A0 P T st o ) P 408 42 2 B 1) b = A ok TSR R
{18 T B Gt . %ot TO0 A58 40 e 22 R0 T O R g i e 5 2
XF A T AT 2 HES L TS 5 i Z )5 45 4 TS 4B
FEFEL, BB UG B A4 0 | b AT 2 HED) 2R )5
X &G R B HES E AT A s B A L B AT A5 3 [ OE
F G B 5 PR BT R & B AT =2 ] — A A A [ 7 T
RO R AT A HES IS AR AT A SR [ A O B G A

SCHRL 12 )R FH 00 A5 R T0T 5 s 285 X T A 2R A 7
Oy RO RIS TP R TR N A BE . TS B AR
A AR TR) 1 TO R 4 43 30 R) — AN e s 2 e T 7 8
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Background

Recently, the research of social network, web analysis,
bioinformatics and chemical informatics has received extensive
attention. At the same time, a large number of graph modeling
data have been produced. Therefore, mining effective infor-
mation from graph data is a meaningful work. The current
popular research includes frequent subgraph mining, graph
classification, graph clustering, graph searching, graph
indexing and so on. Frequent subgraph mining is widely used
in the field of complex network analysis. For example, In
biological networks, mining frequent subgraph can reduce the
cost of protein structure matching experiments. Another
important application is in social network analysis, frequent
subgraph mining helps to find stable and unstable relation-
ships and detect frequent patterns. Frequent subgraph min-
ing helps the development of many disciplines. Frequent sub-
graphs are subgraphs found from a set of graphs or a single
large graph with support exceeds the user-defined threshold.
Frequent pattern mining has always been a focused theme in
graph mining. Many researchers were dedicated to this filed,
making tremendous progress. including frequent itemset
mining, sequential pattern mining and so forth. With the
development of science and technology, researchers will
generally face the problem of computing large scale data. The
traditional frequent subgraph mining algorithm of single
machine is inefficiency. so it is difficult to meet the require-
ments of large-scale graph data mining. Graph data mining
requirements have evolved more sophisticated, most of the
traditional graph data mining processes are bounded, ordered
data sets, however, there are large scale of unbounded,
disorder graph data. At the same time, people, and higher
and higher requirements for accuracy. Therefore, we urgently

need to optimize and upgrade the method of graph data
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mining. So that it can better meet the existing data mining
needs.

The dataflow model is a general framework that can
simply define the representation of parallel computing. It
provides a unified abstraction for batch, microbatch and
stream processing, so the general framework expressed by the
data flow model is independent of the underlying execution
engine. The dataflow model is a general framework that can
simply define the representation of parallel computing. It
provides a unified abstraction for batch, microbatch and
stream processing, so the general framework expressed by
the data flow model is independent of the underlying
execution engine. The data flow model separates the logical
representation of data processing from the physical imple-
mentation of logic, which makes us pay more attention to the
choice of accuracy, delay degree and processing cost instead
of worrying about which execution engine to choose. Our
approach to large-scale data computing is from choosing and
writing programs based on the execution engine to what
processes and results we focus on.

Based on above research, a parallel and distributed
mining method of frequent subgraph is proposed, which
makes the mining time of frequent subgraph shorter and the
data result more accurate. And we analyze the exists canonical
code calculation methods of graphs, optimize the canonical
calculation methods of subgraphs, propose the data structure
of subgraph instances and the pipelining algorithm in frequent
pattern mining. By using the partial order relation of coding
between vertices, the extended scope of subgraph instances is
reduced, and the calculation and storage scale is reduced

effectively.





