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Abstract The recent blossom of big data and e-commerce has revolutionized our life by providing
everyone with the ease and fun never before. How to identify the same commodity entities from these
multi-source heterogeneous, fragmented, various and inconsistent e-commerce data for better business
intelligence raises a very valuable and challenging topic. In this light, we analyze the characteristics of
Web big data and collect the crawled original commodity information data from the different e-
commerce platforms, which are the multi-source heterogeneous and mass scales of data. Then, we
build an index model based on commodity’s attributes and values, and construct a global model map to
record the commodity’s attribute and value, and form the unified model and high efficient commodity
information for the next step. And we measure the similarity of the commodity’s identity on the
multilayer hierarchical probabilistic model, including identifying the possible candidate commodity
set, similarity filtering the candidate commodity set and similarity filtering based on the special items
of candidate commodities set. Finally, we output the same commodity set in the inverted index list.
We also evaluate our method on the datasets collected from Chinese three main-stream B2C e-commerce
platforms with Hadoop framework. Experimental results show the accuracy and effectiveness of our

method.
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S /\,1

{EN()de,.er 2Nade,.w+

i€ A i€ A,
ZNode,-.w—F ZNodei.w}, (8)
i€ A, €A

FOPLAL AL AL AL SR R R D ~ @ R
S s Node,. w 4 BB YRR s — ) Node,. w
16/\4

S DR S KA W S O i A T A R L A T A

RGN R Simy (W,. B,W,. B)=>¢ 1
mn A% Hh A 3 7 A

3) RIR 3. FE T RR IR B0HE T4 o B 4R A iEAT
AR B .

B TR A — B M b L R A — S T A
B B R PR A P T S R R B . A
TR B BA ISR, A EE R T X 2 4
FEIR BRI AT 2 RO

D i A Fe B I T o N2 1 i e R
LR AR [R) B it DX A Ja e B EL A A B
L AH S BT AN A9 1 5% 201 ELAR 22 0 % 1 A i
TN I — 2 52 B i O 56 B AR T] S A, S B R —
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sty FA b AU AL B2 AT REAREG . L A7 T A 5 BOA W) Y
bR AR DL REAR v T E R R T SR AR, O T e iRk
M o) 880 A SCARfE P S 4R 4 1) 1 5L s R A7 OC B 44
T B I AT 2 AR A 5% B 0 ) B K= (ks kas oo
Ro) 3 9K I R A A O B ) 2R o Y R S BOa R AR A
Hh Y BT A AT A G P R L A5 B9 O B 1) S R A
AR DG 5 b v A J 7 JFE A S s A5G 1] i) i ) A

E,?Ef@”ﬂimﬁ wK:(wkl s W, v"'vwk”)v;H\:EP Zwk,
i—1

= 1; FJaitB 2 A7 bl b 2 i A P
XFF R W, W Hor 1Y) O 3] 1] 5 43 ]
K, =k, sk sk, ) K= (ky ok ek ) 3
BRI R ok, = (w0, san, +o
) W, 02 AT il 1 OB ] i) AT
BIEN Ky =K UK, = Chy sy s oorsky s by o oee s
Ry ) s HoH Ry sk soee sk DT W, ARG 1] £
Chy skyy s sk ) R il W b 8 0] 524 % (B AN 7E
W, H i SR R 4 1 L Bk K, — K.
PR RS o W, F0 W, AR ) 3 PT JR a, +
by, YR T A R AN TE I ) e, AR R 0.
PRt 2 AR5 b AR A Y Tanimoto ARARLEE T LASRIR Ky
Sim gy (W, ,W,) =

s We, )ﬂ:‘ﬂ (UK// -

(w}g s, 9 sy

b, b

WK * WK

(9

Tom 17T Tom T° —on +wn"
XSG R Simga. (W, W, =& B R & 47 3
B FC R & RO b b A I — M 1 1 {1
@ i b X3 R o ] — P ) SRR AR T
[Fi) 42 a5 it R B Je 8 it 3 KA R 32 ¢ e {EL A 2 58 4 AN
[Fi) PR REG t. 2 AT 4 2 T ) B SR
Sim price (W, ,W,) =
x/l‘fIJ;Z€ﬁ;jZ;iaefK§;%;:il>' (1o
XA Simyee (W oW, =0 BRT b 247 i
U8 Horh o 7R B Al AN S T — 1 ) ) 1L
LR 2 AR IE W, MW, &R —
it B T A5 B2
Sim (W,.B.W,.B) = {Simum(W,. B,W,.B) +

Sim i (W, s W,) =+ Sint yiee (W, . W) }[3. (11)

X AT 3 465 7 1A i AT ) — e T A A B
Bk AR

Bk 4. R SR ] — PR U A A Rk

B B W

i A SR A WL A R SRR R A
1) Map BBt
i key=W,,value=W,. B;
IR
@ Map(key,value)
@  for each item in value
® <AU1 Voo W, <~FExtraction (item) ;
@  end for;
@ C()[l@CIf(<AuI V0. Wo.
2) Reduce BB
BN key=<W >, value= <A“1 ’Vul s
R
@ Reduce(key,value)
@ Z'<;
®  for each data in avList(W,)
@ Z<Search(data) ;
®  end for;
© Z'<Filter(gi+Z,+Zs 53
for each Commodity in Z'
if Simyemy (W,. B,Commodity) <t
Z'<-Remove(Z' , Commodity) ;
end if;
if Simge (W, ,Commodity)<é&
Z'<Remove(Z', Commodity);
end if;
if Simiee (W, sCommodity)<<p
Z'<Remove(Z', Commodity);
end if;
{Sta fcom<—Commodity;
Similarity<-Sim(W,. B,W,.B);}
end for;
collect(Sta fcom,Similarity).
SR 4 1 Map By B, 27 25100 45 R 1Y ir A 4L
P WU AT o M/ 53 % 5 Reduce BB, XF W, 19 %5
— B TR AR HE 2R 5 | 36 v A R HA A [ BoaE 1Y
RS Z 3 W, BT A e DRI & AR i
BB 2 Zy s Z TR T IS @ IR i, 07
5B FEEES Z i 2 EA RS WL W
KR ITAR AL L X AT Simyen (W, BoW .. B) =1
MRS W, Bk A Z M8 Z A S
W, bR BAR AL BE X AN 2 Simee (W, . W) =6 1)
i W, BiifEE s 2 E Z b girma s
W B AR FE S XN /2 Simyee (W W) =0 T

@666 0.Q
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i W, Bl ERES Z A 2R MRS IS W,
R [F) — T ot S A B T A S R A A5 AR IR
BiZwa W, 5 W, BAWLE Sim (W, B.W.. B){E
K value $iy A8 F R & 2 45 0 R — 1, 7E
iy AR AR A AT HE Y

6 LWHERKRLMW

R T A b ARG 6 A SR O G R A H T
i 55 AR IR AT VT B AR o R ORI AT T IR AN
SR S B B SRR TR T AR G A 1 S X
3 E F WA LA B2C TR 5 6 052 i 5o
KA. SLH R AT T Map-Reduce HE S8 19 I 5 52 2E.
6.1 LWIRBRHEE

AR S 6 ) R A0 Ak B A L i 2 TR TR 04 R 40 Ak K
4 Oracle Virtualbox ¥ 5 P B8 NF8560M2 R 55 #%
FEFLH 30 AN AL A5, I L e Ry I 2 1 43 A 20 4
WL, BT R LU — 5 XENO E7-4807 () CPU
4GB BN TE, EVLR M & Windows Server
2008 R2 WY #RAIE R G0, 5 R Y2 Ubuntu 12 #2
YER G Hadoop 0. 20. 2 V5. K T 8 78 73 H K B
TR AR L 5L 0 R LS A B 4 Ll i A e e
HORAE 3 A EFERNLE B2C TR S5 H M
B b A B IR A AR B A TN AR R
F) 2014 4F 5 F B REM A E B A 10 Kk
38 AT 4325 938 781 M b, AN R 5 A A R 2K
BRI 2R 1 R

Table 1 Distribution of the Number of Various Classes of

Dataset
1 HEEEHSENIGHE

Type ID YIXUN YHD
Mobile 12298 11692 10509
Digital 43910 66521 45393
Computer 13014 18741 9473
Appliance 96518 98379 64852
Houseware 20435 33452 38280
Jewelry 78536 62143 74997
Cosmetics 23736 20541 13988
Sports 5260 5214 2448
Food 3923 5784 6211
Daily Use 16 843 24649 11041
Total 314473 347116 277192

6.2 IR

By T 0I5 A S0 T RS e R L T TR
e RIRCR 2 Ay T TR

) H B

ARSCR TR P 3 R R P25
ARG G AR Py 1E 55055 R 0 4 00 47 0 L 1%
PRGN Z= (W, W, oo W, )28 R L1
) (9 ] — £ Bl W= (W WL W)L
e, FERAS e AT R E) 1 1R 7 B 5 bR
B A HT LA B AN T AP B AR L 209 B ) —
A RECA o DO A 5 T 2

n

p=> k,, k—km/n. 12)

k=1

AL A
R= D) H kmf”"/n. (13)

k=1

BTN LRGP G R -

F — 2XPXR
! P+R

(14)

2) B
AR SR B A 3 58 ) ] Crunning time per
100 thousand data, RT) A1+ it ] B 5 38 & 1 K
W 380 B4 3 & (increment speed, IS) 3 =8B k1
RO B B T ]
T+ T, +T,+ T,

Datasize

RT = 100000 X , (15

Hf T, T, Ts . Ty 4y B RR B 1R 2.8k
3L 4 WAL Datasize FR B4R MK /N. HHH
B 1S AT R/ S - RT &tk
6.3 ZWSHEE

A S P K B 0 S O A A (E TR — M
g B R ) — kB e BB 0 A 5 4R B ME o B IR
TR — P B {E o b 8 ] — M B (E & A% ] — o
fH p X 6 NS4

ALK 2 RN AR 5 R AEAT I 2R D
b 50 18 R BOHE 4 K A A 9 R T BT A ) — PR
st DT TR AT N T4 B, A% i 0 1) 50 4R 0 1T ) BR
IG5 2) RAER) b I 5 2 B0 T IR 00 % 25 SR 0474
0 FBR o AR AR TR 45 5L T S BOR B L SR A
i ROC 545 (9 2 50, VI 2645 2019 45 B9 1l 2 50
2 2 fims:
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Table 2 Threshold Parameters

R2 ANFRAMBHESH

Parameter Value
o 0. 82
)22 0.93
¢ 0.61
T 0.49
& 0.71
) 0.79

6.4 SLIEERSHN

AR ST S 06 S o R AN A £ P Y BT A TR AT
(] —PE SR U R 26, Sy T R R AR SC Y T 1
S5 AT SR M3 T O3 A0 3 A SEER. B 1 AN
T[R4 A BE 7 PR S T SR A% 58 1) 2 R 0F &, A
B KA Java+ Oracle 11g #4731 & K22 M ET
Oracle MR &b IR 9 J7 ¥ 565 2 40 52 55 R FH 45 )% 360
B A BRA R S 360 19948 R 1745 5 i
55 3 I A N 2 A7 T AR B AR BRZA B i i
HHE Y B T #1745 R LR

S5 1 2H SIS IR Hb B X R B HiE ) A7 2 Ak 2
i, 2R ] Map-Reduce Fl2R 1% 4 2 26 72 5 & 0 1
REDCH. 6 3 e 7 A SEIG A 1 2H 9290 1 4%
A B Be R i1 O «

Table 3 Time Consuming Based on Map-Reduce and Oracle

#& 3 E T Map-Reduce #1 Oracle & [ E& #£ it S
Stage Map-Reduce Oracle
Index 1681 4662
Normalization 2416 5123
Identification 9237 32136
Total 13334 41921

3 MBI 2B A SO F Map-Reduce 1Y F
st [l — M U SR R A B BB AT R AL T
145875 k.

TR 2 RO AR AU KR M RE . A
Bl SRR T 10 J7 .20 J7 .30 J5 .40 J3 .50 J7 .60
J7.70 J7 .80 J7.90 T3 1 F A HE AR AT S8 L O 5
B4R (93. 8 T MEAT HL#R , & 2 W B A R OR
TEIZBE S T N R J7 vk SR R 45 R SR B 2L T
1 5t 22 SRR 7 VAR G R B P Oracle v, 040 &
B I M R G F AR SC 3 F Map-Reduce (1 J7
5 B2 Bl B B R B K BT Map-Reduce (R 31
TOHER KA B

450

—— Method by Map-Reduce

400 —=— Method by Oracle

350

300

250

200 r

150 |

100 |

Running Time Per 100 Thousand Data/s

50

0 0.I2 I 0.I4 I O.IG I 0.I8 . 1.0
107°X Datasize
Fig. 2 Time cost comparison of different data by Map-
Reduce and Oracle.
K 2  %:F Map-Reduce il Oracle As [F] 84 #E 0 H 8¢

XS A O B8 £ 5/ i, Map-Reduce #E 22 (1
IFATPEREICIE A5 B JE 2 A48 A e 8ot i R A 1
DU AR SO T A A BRI IR ATAE 55
W AT RCR I E] T 08 A s, & 4 RUIASCR
J# Map-Reduce 535 1R 18 17 803 10 4 A 7 AR
FALG Tk

Table 4 Performance Comparison Between Map-Reduce and
Oracle

*& 4 E T Map-Reduce F1E F Oracle B4 8 Lk 8 s

Performance Map-Reduce Oracle
RT 1420 4465
IS 142. 6 534.7

55 2 AN 3 2043 I AE AT pR 360 BHE A R

A Y 360 Mg R AN 5 A B B AR R

A L A B Y B T AT S S T ik 2 A R

Bl B 1 — 2 B 5 01T AE X 2 AF £ 43 il 3R T

— T il s SR R LA SR AT B, LA A5 R Nk 5
7 :

Table 5 Accuracy Comparison of our Algorithm with Map-

Reduce and Oracle

RS AXEEME 2,3 AXRBEHELLE

Our 360 Shopping Huihui Shopping
Accuracy
Algorithm Search Search
0. 85 0. 82 0.52
0. 89 0.71 0.91
Fy 0. 81 0.76 0. 66
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SCHG A5 R AR W] A ST 4R B 7 TR TR R
[ AR MZ5 5 P 45 A5 07 AR A T 360 MR . A
(1] 3 I T S S 0 B 5 M 0 R M 25 5 D 4
Pt v T AL ) B . 2 A0 X ORI O B
Yy Bl TR BRI S AR [] — M R A 81 R T A 2 2B
AN TR B R PRI A [l S5 A LB g L 7 R
TRE.

M3 AL S T LA L AR S5k LA R AE Map-
Reduce PRI T 9 5256, AT 58 RS B 4 iz 17 4%
AR HLR W B8R 5 R B B SR/ MRS O BRIV A
P R Y Bl 4 R A2 % B4 S PR P R SO A
A Rl i A

7 HRIE

2 54 2 R A R 1 55 EL AT LR ) R R
ik s F T 00 o P R B R IR A e R A S T 22
T3 B 2 25 R 5E LIl A5 R 2 L 2 R L Z 58—
4R SO 0 B A5 R 1 A5 4% 48 19 = > 1R
9 7 V5 AN T R T R 55 R R A K ag B BT [] —
PR, N B 2 F Map-Reduce 2844 2 17— fift 2k
TR RG] B 8 B SRR B0 A RE HE Y IR A
HEZ. 2 20 S ol S T R R PR MEL R R G
B He) 3 B J AV ME B 4 SR A TR O 2 A R AR
J T A G — B i Y R £ R RO 5 T 2
T2 UM S AR X R i 1) [R] — PR R AT 2 2 AR AU
5 fe 2858 JUR it S PR L i A IR — PR B R
S SC I PRI #E AT HEFP . A HEZLAE Hadoop F &
EXF 3 A B2C WL R 55 ROl R P R A AT TS
% IF GG AL S AT TR, S g A
TIE YT AR HE 20 LA 50 o (R A 38 DA R L 1 e Ak
FIAT A" S SR HL T 7 55 BN IR BT R A T 2 Y
SR S A AN [ 0 R A2 25 A0 BORE A Bl iR 22
DA K Jas M B =2 T 1) 52 SUPEFITRE 25 1 55 T e 72 58 R
S 2 W O FH PR 58T B gy 80 e ke ) AL OB R R — 2B
BT S T AR
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