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Abstract Compared to the similarity join on the deterministic graph,the similarity join on the uncertain graph usually

has greater practical application value and higher computational complexity. This paper studied the similarity join on un-

certain graph databases based on MapReduce distributed programming framework,and proposed two pruning strategies

using the existence probability,namely Map Side Pruning and Reduce Side Pruning. The Map Side Pruning can filter out

the uncertain graphs at the Map side which have no chance to be similar with any other uncertain graph at the Map

side. The Reduce Side Pruning can reduce the candidate pairs at Reduce side in the process of reduction. Based on the

above pruning approaches, this paper proposed a similarity join algorithm MUGS]Join on uncertain graph databases

based on MapReduce. The experiment results show that the proposed approach has much better performance and scala-

bility than the similar algorithms.
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%t . Reduce bR IR AGAL 5 5 — Rl %E & g, B9 BT A 10 30k 181 %F
LK g FIE R PWG 513, i id 1 PWG 31 38 3%0R 19 i
e X .

Map PRELHI Reduce PRELANT -

Map: (gid, g)—>(gid, g (PWG) /g, id)

Reduce: (g;id. g, (PWG) /list(g;id)—(g;id, g (PWG))

fEE 2: Map oF 8019 1 A (gjid, g (PWG)) 88 (g;id,
g (PWG) R gid fE N, g (PWG) B g, (PWG)
VR SRAR o #4006 A B X . 7 Reduce pRELH 445 BT A5 0
B gy WA T T o ofF P KT ek v SRR s o TR T R TR A A A
HIFT PWG 416 (M5 e BUMIN . 2 FUE AR /N F o, K%
B R 5 — B B i e 45 SR S o

Map BREUF Reduce PRELUNT .

Map: ((g;ids gi (PWG))/(g;ids g; (PWG))) = (g;id,
2:(PWG)/g; (PWG))

Reduce: (g;ids g; (PWG) /list (g; (PWG))) = (giid,
g, (PWG)

6.2 IRIERTER

B AIF B B 58— B B 40 8 B (giid, g (PWG)) #E4T
BUE, Hod Map s H SR FAE 2 b Map RECH) 7
BB (giids g, (PWG) E (giid, g; (PWG)) FE Sy i A, B {1 %)
(giid. g, (PWG) /g; (PWGOERHi il . 7E Reduce B, £
EHA A g W% B AR 2 X4 TSR E X Pr
L, 5 16 3 XS () 0T 5 096 A2 AR LR R (9 PWG 41 & 19 A %
PR ZHR/NTF o, WKL E X VE R e 5 R 2 —Hi i

Map 8501 Reduce B3 U0T .

Map: ((g;id, g: (PWG))/(giid, g; (PWG))) — (g;id,
2:(PWG)/g; (PWG))

Reduce: (g;id, g (PWG) /list(g; (PWG)))—>(g;id, g;id)
6.3 MUGSJoin & %

MUGSJoin B 454 T Map J7 BT K #l Reduce J7 5 K, P
ook U SR W, I o) B AL S T A 146 S8 T G SR AT B0 E , g 26 B o
ARRLE A A . o SR B B A VR 1 R AR 5. 2 T
Map J5 B9 A% S Al 2 S R 9 J2: 5. 3 15 9 Reduce J5 39 4 3
W B UE B BEAG AL 3 X 02 4. 1 T EARF L PR 2,
MR A2 S 4 T8 5 186 B4 P R, - 1 5 306 2 4 PR i 285
#ix 1 MUGSJoin B
A AT E EEA G AR o AL B Y
B BT A AL R (giid, gjid)

/o AR L %/
Class Mapper
Method Initialize
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list(g) <
Method Map (gid,g)
list(JPT) =generate] PTs(V,E,P)
g(PWG) = Join(list(JPTs))
sum < 0
A g A BT AR S AR BN sum th
If (sum™>=a) then
H gid BN list(g)
it (gid, g(PWG))
Method Close
i H A B LR (giid s ggid)
Class Reducer
Method Reduce(g;id,g;(PWG) /list(g;id))
for gjid€ list(g;id) do
i th (gjid, g (PWG))
/o kARl 2 %/
Class Mapper
Method Map((g;id,g;(PWG)) /(gjid.g(PWG)))
i (gid. g (PWG) /g, (PWG))
Class Reducer
Method Reduce(g;id, g (PWG) /list(g,(PWG)))
for g (PWG) € list(g; (PWG)) do
sum<—0
Xt F g BA K g PR AL RE TR X (gl g 8 A SR I B
p(g") * p(g") BMAE sum F
If (sum™>=a) then
i (giid, g, (PWG))
/x BAE AR 3 %/
Class Mapper
Method Map ((g;id,g;(PWG))/(g;id.g (PWG)))
i (giid. g, (PWG) /g, (PWG))
Class Reducer
Method Reduce(g;id, g, (PWG) /list(g(PWG)))
for gi(PWG) € list(g; (PWG)) do
Pr<-0
X g VUK g A G R RE T BRI R (gl gy L T SRR R A
Mc(g',g")
if (Mc(g',g")>=7) then
A o' F g"H EAIRAR B Provh
if (Pr >=a) then
i (giid, gjid)
6.4 LEMEMEREDIN
SR 1 RERS IE IR [0 T A i R S 4 B9 AN X, B
TE B P 3 o B T e R K O ) O R R PR IE
FE 2L B B Be AR ML 1 P, Map BRECHY 1O FFE5 R OCND .,
XF T A Map BREC M3 — 4 JPT k) 2 28y OGa+
2m) R — AR R E I R AN 027, BER
Map & %5007 FH BE 18] 3 8 SR M X A1 58 8 g EAT A A o6 BT
H PWG WA AR AE AN #5485 2 TN T o, WK R 5 (]
g M id B HXRL 1Y g (PWGHVE A S X Hi i . % g M9 AT A
HREEE N p, MZBAEMRRIE 25 R O(p), & Map
W Bt U8 5 A B e B Sy C, ) Map bR 8 RY Fa s o
O(p * C1),Close REHI I [ S 2% o OC1/2 % C %), Ik
FEME 1 19 Map B B i i 8] 52 22 B SR OCN * (n+ 2m+

274+ p)+p* C+1/2 % C?), Shuffle ¥ Bt 1415 % 5 22 3 K
Map Fr B 09 J0F A S X (50 &, B O(p % C, +1/2 »
CH) . A Reduce bHH AL 55— A e Bl g 1Y T A 5
PERE X, Reduce By Bt 76 5 YR 1% &0 F 1 B (8] &2 2% J& & F Ry
OCp*CLIOFFH R OC1/2 % p» CH, AH M T IEA L B b
BIPEL 1, Map B BEiy B IS 22 BErh 8 T OCp % CH L X &
BRI T B S R R AR A G <IN I H T 43 B IR
Map K ] 52 Z2 i , I H 4§ Shuffle B B L K Reduce ¥y B Y
A PERRRRAR . SCURTE B ZE R ER A0 BT o 1A U O s R
ITE

AH T 3 7R 54 1, MUGS]oin 22 B34 i1 T — 4 MapRe-
duce RNy #EAT EIXT 3 36 . Z AR ) Map o8 B0 HUAE L 1 %
Y T SR T DA AR 1 o R S AR B T AN o e L A
e 10 T O1/2% px Ci+px Ci) o Map BREULALE K
n A S 45 S L DR RG] 42 2% B R Shuffle 1) % % 52 2%
FEHER N O1/2 % p* Ci+p* C1), Reduce PREK: & T A&
B E R g (05 3 X 5 AN il 2 Lk ot a5 s O I
i, AR 2 SRR E MR R B E R G (C<<1/2
C1) .M Reduce pREL AR B2 22 BE B OC1/2 % p* * CD),
10 FF85 8 Op * Co).,

TEIGAEBY B 9 7E b 3 mh, Map eRECEE VR ML 2 % s 9 BT
A RAEXT LA AL 2 0 38 S 15 20 A BT A A EE L IRk 10 JF
B Op* CrtpxCo BMTEN 2, W UEBT BLHY Map o
B e i A A o 5 4 o PR b JHG e i) &2 2% B2 0 Shiuffle
BB ZREWHER N O(p x C+p * C,), Reduce i #F
B A B — R ] g 0 R B AR R E 4 TR
Prff 45 PrfEA/NT o, WDKE I B X7 0 45 SR iy iy . 73
P {E (2 A2 v, 53 i 2 0 %E v 4 A4S 1T R T 5 % % AR AL
Fr s WA R OCnlogn+m) , Hoil 8 7 s K if 8] &2 2% 1% 43 Hr
WSk [21], &G4 R E X EE N C, W Reduce
BRB AN SN A] 2 2R O O(1/2 % p* * C} * (nlogn+m)) .10
FHIHR OWCy) .,

AL T4 AR 28 3% MUGS]oin 8036 5 8238 7 95 4> 1 g
AR o B R U AR SE A T AR 1 s i, B v
52 A P MR A A, T L% 3k i AR U 5 Ah i B T — 1~ MapRe-
duce FF MV 5% B, N ER IS T30 B0 T — 2 B4 B [ 52 24 B A
SRR, SO0 A Bk AR Y 32 R O T U Y
i, KN, C,K1/2 % CFL,Co<<Cy , AR LG 2o 08 25
B 7= A (AR S S BR L 3 TT AR B R B A AR B Y

7 KRBWHH

7.1 ELWFAEMLWHIE

AR LK SR AT D # = R % & (Amazon
Web Services, AWS) , ffi Fl AWS ) #1115 2 (Elastic Com-
pute Cloud,EC2), £ EC2 " &:A1H 51 S FR N — A 5L i,
AR S — S fd 10 AN S A L BIER R m3. xlarge, HCE
g 64 i CPU M, 34 2. 5GHZ.4 4 vCPU,13 4 ECU, 15
GB 4,2 X 40 G SSD, ¥ % 1% i ¥k fig i, Horh vCPU AR 3£
EC2 HE#I N #% . ECU R % EC2 i 5 # o0, — 4~ ECU K H#%E A
M T 1 GHz Xeon 4-FEE8 89 1 fE

S T — A SR RS A RO AR L i R 4R B
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Fig. 3 Comparison of running time of algorithms
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Fig. 7 Precision and recall under different probability thresholds
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