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HU Qiang, SHEN lJiaji, JING Guanghui, DU Junwei
School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061, China

Abstract: To address the problem that current service clustering methods usually faced low quality of service representa-
tion vectors, a service clustering method based on description context feature words and improved GSDMM model was
proposed. Firstly, a feature word extraction method based on context weight was constructed. The words that fit well with
the context of service description were extracted as the set of feature words for each service. Then, an improved GSDMM
model with topic distribution probability correction factor was established to generate service representation vectors and
achieve distribution probability correction for non-critical topic items. Finally, K-means++ algorithm was employed to
cluster Web services based on these service representation vectors. Experiments were conducted on real Web services in
Web site of Programmable Web. Experiment results show that the quality of service representation vectors generated by
the proposed method is higher than of other topic models. Further, the performance of our clustering method is signifi-
cantly better than other service clustering methods.
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LSA(latent Semantic analysis)*°), LDA (latent Dirichlet
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HDP (hierarchical Dirichlet process) ", GSDMM
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T RIS B AR T 14%. Agarwal 251 1
— PP TR EERHIEAE Y /775 LFW (length feature
weight) X WSDL SCRY[aj 54k, Hfi ] K-means 5%
FRESE RS, AR T TF-IDF (term fre-
quency-inverse document frequency) J7iE42 WSDL
FORMIEMITE. FIRTEE T 2N WSDL 3R
FERAE IR IR IRFIE ], AR 0 3 T SR e 1] (1)
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| PayPal API W47 |

| Payments | |eCommerce| |Financial| |lnvoicing| AR 55 hR

PayPal offers online payment solutions and has more than 153 million
customers worldwide. The PayPal API makes powerful functionality
available to developers by exposing various features of the PayPal
platform Functionality includes but is not limited to invoice
management, transaction processing and account management.
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Context Weight (wi/. T ) =
Context_SemSim(w;,T;,)TF - IDF(w,, T, T _Corpus)
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Hi%1 FeatureWord Extract

I  the set of service S

Hith the set of feature word FW_S for Web
services in S

1) Corpus w=9

2)FW_S=0

3) for VseS

4) Corpus_w=Corpus wlUs.d

5) end for

6) train the vector V(w) for each word w in Cor-
pus_w by Word2Vec

7) for each seS

8) fw_s=

9) for each word w in s.d

10) compute Context Weight(w, s.d)

11) end for

12) s.fw=s./{J Rank(s.d, ContextWeight(w, s.d),)

13)FW_S=FW _SU {s.fw}

14)end for

15) return FW_S

L1 D)~ 4T WA 2 AN 2854, Corpus_ w
AEREE S, TR S S T A RS
MRS FR A FW_S AR FIE WS, frEs
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IIAGERLZE Corpus_ w, 2R JE A H Word2Vee 4B gl
JEA BN ] T w 2R AN V(w).
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TH I S8 1E A IR 55 RAE 1) 12 v 1R 88 AN IS 2 4y
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BIERTHh
5(w,d)=1+max(g,,) ContextWeight(w,d )1

o, max(g, ) Wi w ETA Rk R R
HpAifE, ContextWeight (w,d ) 451 w 7E 3RS d
HTESSAE, A AT IE 1 ) R S
SR 2 2 L T 1) U 70 A1 48 1. GSDMM 1 ik 55
FAE ) B AR S TT

®3%2 SRV _RGSDMM

i\ the set of service S

#itH  the set of service representation vectorSRV

1) obtain ContextWeight(w,s) and s_fw for each
service s in S by &k 1

2) feed each s_fw to GSDMM for ten rounds and get

3) { the initial service representation vector
srv(s)

4)  the topic-word matrix @

5)  the topic-service matrix @}

6) for each seS

7) foreachword wins fw

8) k-max-w=argmax(4g, )

9) Aw, s.dy=1+ max( g, , )ContextWeight(w,
s.d)L

10)  k-max-s=argmax(0, )

11)  if (k-max-s!= k-max-w)

12) update srv(s) by 0. = G s
Aw, s)

13) endif

14) end for

15) SRV=SRV U srv(s)

16) end for

17) return(SRV)

S 2w, W DATRAISENE 1, AIRSS s
G5 HIR SCAR I AR AN E ow TSR SRR
ContextWeight(w,s) , F 1 & H i 25 5 1iF 6] 4 &
s_fws 55 2)~ ST RIS A T IR S5 (R AL 1]
LA WU GSDMM B, 3547 10 #1145
19 2 1 T AR @ MR SS— T 8RERE @ , UL AR
ARGS s R HTAR IR 55 RAL & srv(s).

S5 2 35 6)~ 14)4T S BUE IE R 715, OF 58
B HIAA IR S5 RAE ) & sev(s) MR B IE. B5E,
BN RS s (IRFIE B s_fw PR A —AN 0] w,
TE TR — 5 U B @ K2 w ] R 73 A M2 A A K
(T8 k-max-wo 5L w 1)K 3582 A A A
max( ¢, , )5 HR R T BB ContextWeight(w, s.d)
e, JFRLUBZHUE IER 1=0.1, 135)R55 s AL
T PR w AN BIER T Aw, s.d). %2
5B 10)~ 13)47 4] 52 B3] wo of I () 45 KA 2643 A1 = 7
k-max-w JETF MRS s FRAE W) KB 2 s,
U R T, WPRHAE IE B T S(w, 5.d) 5 AL 1)
B Z R O AR, 58RIk T R w
MR KRS s P A RHE R S5
oK) BRG] 12 50 B T i B AT 45 38 d5 2% 1) i 45 AR
[ f . HE 2 28 IDATIR IR RAL 7 4 SRV,

5 EHTF K-means++AIREZ B L EH %

ARFTEF K-means++5 4 il IR S R AL 1) &
MR B S, DASTE 2 AR i IR 45 3R AE 1) &
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E3% 3 ServiceCluster KM
TN

the number of clusters &

the set of service represent vector SRV,

Hith & service clusters

1) select a srv randomly in SRV as the first cen-
ter point cpl

2) repeat

3) for each srv and center point cp

4) compute Euclidean distance ED (srv, cp)

5) end for

6) D(srv)=min(ED(srv,cp))
D(srv)’

> D(srv)2

srveSRV

7) P(srv)=

8) select a srv as a center point by roulette me-
thod

9) until £ center points is generated

10) repeat

11) for each srv and center point cp

12) compute Euclidean distance ED(srv,cp)

13) end for

14) add srv into the cluster with the min (ED
(srv, cp))

15) recompute the center points for each cluster

16) until no alteration in center points

17) return k service clusters

S 3 ESERENLE R IR RAL A 4R
TR epro B 2)~ITHIE k MRS
w HOPPOR R N IR R AL & 5 B2 5
R 5 2 AR FGIE 25 ED(sirv,cep)» B IR SS 2R AE 1) B
srv 5 P EAUL R IR E SON D(srv); ARl
WS AT P(sev) it B sev gk b oy BN
MRS e, WRARNAE MRS AL

B 3 4 100~ 16T KBRS K. AR
FErp, TSRS AR G5 AL 1) 5 2R P D i
IR AR PG S, g AR5 SRR 25 H 1) B A o R
PGHEE B I R D T AE iR o S8l — R IR 2R
Ja, BRI R D AL SEIUHT R IR
RIS, HERMIRSHEIFRIET 0 AT AZS),
IR IRRTENN, Mt k DNHRSsH%.

6 KBS

TR
SRRV 8 b 1T 23 D S ER AT A FR VR 45

6.1

PR AMERVPAT TR FR AT IR A KR B P T 2R 02
T E . NEBVEY R AR A T 20 m 5 2R P () 24
X ERERBAT VA o AN ST LA FHFE A0 58
RIREHT

6.1.1 A EIFMNIE4F

1) % )58 %0 (SC, silhouette coefficient)

YT HAFEAR x, & a &5 8 RZEnh HARFE
AREPPIMEE, b &5 & BT AR A
PR, HE R RECH

b—a
max(a,b)

SC 73 J ) MUE TS B2 [-1, 1], 70 Hos s AR
RAUTARLE

2) Wi T 54 (DBI, Davies-Bouldin index)

DBI 7R HAE R 2 AR 28 P 1 B 25 2 i
BRUL 2 AR DR B R b KAl . iR bR vy

1 o, +0,
DBI(x,,x;) = ;Zmax [WJ 6)

e, x, xR 2 AN, n BRSSO,
e, AR i AR, o, ki R FTE IR E EH
I EIEERS, d(cic)y 2 DRRFOri e, He, ZIF
(FIRE . SN BRI 2RIMIEE 258K, U DBI B
Ny AR

6.1.2 ISP FE AT

1) Pr#ELL B A5 E (NMI, normalized mutual
information )

NMI 2 BAEE (MD Z380H—1k, HatR=Oh

MI(X,Y) @)
F(H(X),HY))
Hrh, X={x,x,x) 8 EEEHFEARL
I8 Y = {0 pyse s Vi § HELSERR KISy, ML AU
X5 YR, HX)S HY) 3k X 5 Y 14,
F VA g, ASCERE ARSI 5% NMI
SIBXRIR[0,1], (EB AR RISt

3) WHEHAE A (AMI, adjusted mutual infor-
mation)

AMI 7F MI Al EX AT IR, CAnZR bR
LRSS, M RefS R a2 R AR OGP,
DA T SIS IR R =T | R = 5 W

MI(X,Y)-E{MI(X,Y)}
F(H(X),HY))-E{MI(X,Y)}

SC(x) = ®)

MNI(X,Y)=

AMI(X,Y) =

®)
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o, E N HEASE MI(X,Y) . AMI HUE G
L], AEAAEIIEE R S T U & .
3) AFEEE AL (AR, adjusted Rand index)
ART A
RI(X,Y)-E{RI(X,Y)]
max (RI(X,Y))-E{RI(X,Y)}
RI ¥4 P2 A 52 TERA SRR o LG, Hevt 51508
RI(X,Y)=

ARI(X,Y)=

&)

TP(X,Y)+TN(X,Y)
TP(X,Y)+FP(X,Y)+TN(X,Y)+FN(X,Y)

(10)
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FLSE DLV A FE B o
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AT LI H R AT LT AR B

1) SCARG ], KR5S A Hh i) 4 54 43 I
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B A A A /N R L]

3) Zf5HE, MR a. an. the. of S LKA
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B M 20, 40, 60. 80. 100, 150 F1200. Fifyszys %
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DS; all 18 439

x2 SNERITEAN B SR
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DSs Banking\Cloud\Music\Photos\Weather\Cryptocurrency\Stocks\Shipping\Bitcoin\Project Management 2171

DSe ertising
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