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Abstract Active learning plays an important role for boosting interactive image retrieval. Among various methods, sup-
port vector machine (SVM) based active learning approaches have been drawn substantial attention. However, most
SVM-based active learning methods are challenged by small example problem, asymmetric distribution problem,and re-
dundancy among examples. This paper proposed two mechanisms to tackle above problems: (1) designing an asymmet-
ric semi-supervised learning( ASL) framework that exploits unlabeled data for semantic relevant and irrelevant classes in
different ways. Under the influence of ASL, the efficiency of SVM is significantly improved;and(2) developing a repre-
sentative measure based active selection criterion to identify the most informative images from unlabeled data while the
diversity among them is augmented. Experimental results validate the superiority of our scheme over several existing
methods,

Keywords Image retrieval, Relevance feedback, Support vector machines, Semi-supervised learning, Active learning

1 58&

TR R R AR IE 5 1 208 SO S 8] i 18 S0
187 B8R 5 T N A K5/ & (Content Based Image Retriev-
al, CBIRY i R BB 3E ] A S8 . B T X Al i,
A8 57 1 (Relevance Feedback, RF)$ A% 5[ A CBIR H1,
H A BAREF AT BREIAREE ST AAMSE TR
¥ R B A B A, T A B S B R SR E LR AT
Ffr&RAG BN . EHXR SRS, AP TRELFERRK
S YRR R G RA HE GEREA) 5 T8 26 (S A i B 7
RIGRFEX RS RBEBHRITES MBS H IR RE R,
SRR, A1 RREOR MR BUS TR KRR , IR 8
BETREXTE MBEEMHITIEURETHRMEAE
FIMLARE T G, RS HEZ P, XFFH B HL(Sup-
port Vector Machines, SVM) IR H ¥ I HERERZHF B,
T AT HERRBE LA,

FIf% H . 2010-04-16 3842 H ¥ 2010-09-29

AAO01Z211) ¥ Bh.

ARG, PR RERNRICE— X8
By, HEMAHATNE, KA BAE-T 8. 2T
1B, EREXRNERT BT Eah2EI MARRIBREA (F
FRESRIBOREN A, E 3023 6B A RARCEAE %5
HEH {58 (most-informative) FEA IR AT EMEREA) , —
BERPHIETXEEAEEEAR, ¥ RRMATRE RN
R, T2, TR EMEMALSERNIR DAL
KRR R R, DU B P B pRig f480Y . Tong
FURMT SVM £ R B (SVM-AL) B 3, B L E A
BRI R 5 R/ MER S BIEEE . MiTE
BT 55 SVM ) A AR & RT3 00 ik 20X A B A, B ok
TEABATIA T A S BB 52 3T SVM 31 R 8 K b7 i B 45 44k
EREEFA, RSB P H#HIT RS, K, Brinker 241
£ SVM-AL W3R EBIAT 2 SAETFAG 50E , LU FF
FRCREA Z R TR M. AT, B F 07, 8 RAAE 4N
B ST KBS BT AR ME A 2 B AR IE B A R IR Bl T A

AR ER ERABERESIE (60773033) MIEFK R H AR K B+ (863) 37 H (2009

ETHA968—) BT, FEBRF 0 BEEF R  E-mail; wshwang2008@tom. com; BERRL(1979—) , 44, F BRI ) B G B R
fEEZA 8 $#A981),. W44, TEMR AR S EEREERSFERLE.

L) 231 L]



SVM S 2REEL Xt F I ZRAE AR BRIGIREL, 2% 5013 8 5% F 2
Wi 27 ) i sU%T SVM-AL #4780, Wang %50 78 R
MHEZE T ERARPRICRRIBR I 0 7, LIETR SVM-AL 1
RRYERE. Hoi %0 8 i SR g — 1> Wk A 4k 17 B AR A
AARMCHTRSEIE Ry SVM Wi — % ol 8, 28 5 FL K
BREMAAGCRG R IR SRR, (BB,
BRLO, 107 v T332 2 B AR 0, M LA 338 7 AH 56 S 15t 9 SE it i
FR . Hsh, ERIA SVM 3 R AR IBRIRIE . Skt
B GERE, FF R eI (RERERH
B AREARRE AR EE, B AR AR TRR IS LTk
250, P, 157 2R B A [R) 4 2 ) SR I AL PR UM e 8T TE %
%,

BT, ASCE X ESRAREEAR Y 3 AR . N[5
AR BR G FIRE LA B AR U R R 4R — i B
A BT & SemiSVM-AR(Semi-supervised SVM Active
learning with Representative measure) , 1% ¥k 75 35 X Fr 2
B SIEZR T YN SVM Zp 2SR R, UL RY X /N AR fm) R
XS BRAFA )E, BESh, SemiSVM-AR 1t B B2 43 7 F B X
KRB BRFETRENE R, SR RFRIC BB Z M IT
Ak, FBREREIHAHRY, AXTRUB KT HER

2 BRNOBHRRE SVM K BH AL

Y E RS ¢, BURFETT I ISR AR AR, — 2B
B L5 MR RZNERAR; B —REEL LY g Tk,
MZARREAR, RE L HRXRE T i =230
T

B DB=/{z; ;i=1-n) BB BEIEE , ©H R E R
A L={(z;,5:) :i=1nl} | y; 70} MIRIFICEGRBEARE U
={(xi»y:)si= Lo nu| yi =0y K P n=nl+nu, v, =18
—1 A RRFRER o WHPARCSIEREAR AR, 3, =0
FARKAMOREA, HENGHA . REMAEMEBES2IE
BRI AT EER AR S S AR TN BE S RIAH R fx
(o) » SR 5 P BOE PR R 15 4 L AT R R B A S MR R AT HE ST 3
BEBE T, WS RS BEORET B, s 38R R Wb,
MR RERAR R EE

Bt b, REW A B EIBEERE S, E
BEEN R, Gosselin N E RIS LA T, 4097 R T JL
P I 2 3 BBk 70 A o6 R IR Y PR B 2. 48 Bayesian,
.SVM. k iE 48 LA K Fisher 21504347 5%, T LI 5 R BR
SVM Bt AR R FRETE. £TH, &30k
I SVM #5:3% CBIR R4 M34M258, FEU, AT So i
B SVM MRAJEE, SVM L EERI R -NERIEN
T, BRAE I SRR AR S R IR A 2 B Bk Ak, AT
FEARPEA R4S 3 AR . — R I Al /A R (w, )+
b=0, BATE S RAF W T IRALRESE F RERBE w b,

nl il .
max(E/\r’%_ Zl)\iAjyiyjK(l'i s i) )8t _leliy; =0 (1)
i,j= i=

A=0 i=1

J_‘K;EP n{i(l‘__‘l"'l)%h\[%% H %¥9K(1‘i s L )%&Eﬁﬁy?ﬁ‘é

S AT 23 (B AU RE A S i 4 B Hilbert W ) (20 2 ) —
(¢lx:), ¢(x;)) =K xi» x50, 45 E R R, SVM B 2R 38 iR 3K
CIE-% V)

fG@)=EayK @b @

« 232

FOMEIMER B TREA S « P ERNES, HEE
BRBT - 5SEAMSOMHEER, AkiFE SVM RiRE
PR E e F ¥l CBIR RGEMIAE KR fr(x), M
A Abs(f(e)FRRN SVM 3 = T BE RS K2,
AbsCfCo))#/NUBEB « BB E PR K, Bt AbsC » )
FoRAIHETE B, £ SVM TR R AR A, Abs(f ()
ZHMWATERRICHESRN AR E .

3 ETRREEENFSME SVM EFHRBAER

A SCHTHR 1 SemiSVM-AR 5K 2 J 58 AT ME 5 20 B
1 PR % RELEAFENT 3 MR,

Pool Aryan iThinking &Miﬁijsg Resul

BT TN T A S T

s
o B

[t g fe— amn gl—Ne<r

&2
o

B 1 SemiSVM-AR E{g&#EHTLE

DR R, PRI RERS, REERERERE D
VIGRREA, PIHE LA MY 36 TT S 12X 28 88 . SXIN AT % S8 R R A%
SR LEER S, B FARKEREEREER
B S5 AR ERIBI AU A ME R KT N MRS
SR [F45 P A TARE BRI IR BN ERAE A

IDAEXF R4S, [ F B AR 0 AR F R AR IC AR ]
25 SVM 432588, FFIR B BE fr () SR IE X BRI HEAT
BHHERF (rerank) , 45518, SemiSVM-AR % B HE X #R G 75 =2
AbSEIE SCRHSCERITE R, MATHKTE 3. 1 TR F ok,

IDAREM . (BRI A FRic B R (B2
SR GEFH BRI B E BRSO BT 2 B IR i
REMNEREBHARRBAAFPHTRIT. BEETHER
3.2,

f&4t CBIR RN R iR B EEERRE RS i#fT.H
R HER LR HE AT R S B B bRl BT R Oy R
REME~ ) RAER M E KRN B, SemiSVM-AR REH
MR BEBENGEERT A E LR, EERERTES
WA R S BRERD , REE EEEER RN ESRIEIR
RER ResulOB AP, RIEK S KB EATEHESR
B F R A5t (feedback Pool) W41 FH P 4R, LA i 32
MRt .,

3.1 EXHIMREEIER

IETETIR , AR dE SVM ME L /NEE A B0 P IR B MR 1Y
SIAMERL, —FhAT AT ARk R A6 B 2R B 2 T SR
SVM 1% 3 HERE. B FIE  SOREAS R B AS X Bk 43 4 A B 56
A PR OR 45 1) 8, KB MBI AR T M A T4
XRRF. B AR —FPHREE RO IE R EES
(Asymmetric Semi-supervised Learning, ASLYFESE , L3 i A5
KB AR A

ASL M0 BAR R A A B % 33 K g 2 3 38 XA
REMIXLE M EHRITICH S, FE2RWB%I
R YR Ay JAR R T B 5 B SR Bk R AR IO B L (%



BIHFABE AT HNEISES . ERIFTES GRHE
BRI DGR A e % A, Bmi s 2588 BB HL 35S . Bk
A, BUR I H 9 TERR A /0 F SR AR, FLIE AR AR IE B
i ARSI PR T (F R AR — R RAERG I 55 . FEA S
H %, ASL {58 Rocchio i #2" E BRH  K Sial #2 v
K AR = — A R A IR AR s Rl BT , e Ab Bl K
ot R B AP T EARF T

Rocchio J7#2 (34 AR I8 A P 450 IE A ABRHE
BEEERNE . FHBIEFNHE ¢ MEFES P E
BEAREPRRBHE, B72.¢ (RN RFBEBEIERES
SR 5 BT P M A — - B AR R B A AR

*=aqt T - 3
q aq ﬁxie}:’fl[‘w 7L|I,| 3

K LY UL =L, | « | EFREEGHIKMN, a8 7 ¥R E
B ATERMEDZMAHLE., 5T Rocchio M SEE
B AR LECXIHAT T iEgiiE. Bk RIMEAZRE
a=0.3,5==0.6 #l y==0. 3, Mo, BN RBHIBRSIH B
REAE BITER DAY RIE A,

Xt FAEfAI 25 2] URE A fe 3 A R R 0 BT o5 B9 Eb 3
I K FIEREA . 5% BRI 1T REOLR AR, R B fke A
FIBERE I iE K T B ERANMR, W, B&ER—1
FEMLFERE ek A AL, B, O RHBR R AL
FRIEERE A AT REYE. AT RIERIER . A UEEF
Rocchio FRRA M IAELE RIATHIRF . BMEX LK
V3 uR YD Ly I

(DX RFRICHEASE U ST VR B 74 Ny

Ny =8Sampling(U,ss5)» | Ny | = fiz(as |U|) €))
K, Sampling( + YFRBEVLRBERAE, fix (- ) RREBW
W .05 RACKREERE .,

(2)f& 8 Rocchio HER X Ny #HATHIEF . WRTAT
¢ IRERERITE IEREARPNEIER G, BB 4, TEFFIE 55 B]
HZ B RE A SRR E TR R A S, IR
B A S BRI B s R SR bE . TR EB0E

A
N:NU—‘{Ii:l'Zl‘"

g 11D}

r=fix(ac| Ny ) 5
Koo BREFRE, Hoc=r-0s€[0,1], 0 HEH. AT
W EKZEIMHE, HEFENR d FRERERE
Nu REZ G, K T 0] B8 £ b A b RE 245 5 oh B B Je) B
B, A SOR il — P U BEORSF I O Bk Lo T RUBES K TR
R, B o>1, Booh, B3t W SR AR D AR A (LB 8 I 2 4R £
BEAS, TAE T — %8 S5t 78 o, B A7) SO 37 B 0 o SR AR 1 3
&, WA, W AR R AT R AR 22 .
3.2 BEFRERMEERWEDET

BEH SVM-AL UK R 18 8K B RARTHE AR [
P ETIRIG . HE , FRORE AR Z M ] SRR B KT R
P, BN AR TR A Z R AR L LB K . ZEETEIL T, i e
RS BT AL D 488 TR 2 TR o AR AE &5 8] P AR /NG — 3B 4 X
LT BE R RSN AT RAREE. W TR
78, — b LG e 2 0 O o 2 A e AR O 2kt BT R bmid
BEABTEFEWR, U EA BN EHFRRARD,
REXFITEGOES R BN EHITE S 3B K, i T
T RAR R B KRR . BT, B B AT

r|x; =argmax exp(— |} x;—
ENy

MELESHESN B HERTRAN SR X, &
SO A SRR B 7 S N B S B 5 R, SR — R R R 2 4y
FrF BB L e h 22 R4S 7 v, LU IR A St sk R0k
PR,

K-means B & —f&E HORE ST, BRI
BABRE N (x;i=1--M},K-means #J B 2B BIEE TR K
AN R0 0 2 -+ ) LIRS T 91 ) 47 58 2R/
k.

M A

D(K):,’;xgi?x(d(‘ri sx;))? (6)
K dCa o) RR a Fo FIAIPER .,

A ERAES Y, K-means 75 2318 K B A EEE SR BB
B, el K-means(FK-means)"" i By = A R S X —
BETR AMBRTHELZALENESITE. #l,Ro &

TAF RS 2 Flr. FORATEFME L. IR A

d(x,;\cc)Ed(I,?c/,)smU%%ﬁ‘ﬁ d(x,;()ﬂjﬁﬁ*ﬁ:ﬁo TRH
A5 HERET FK-means ZEME = A A% ERX—H
FrEd (5 BRI AT 2 WL SCHR13 D) .

A A A
5|1 BE MR d(ay,x ) =22d(x, 2, BB

A A
2 dx,x ) =d(x,28) 5

A A
T Ty %ﬂx( °

A A A A
512 % oo e W dx,z)Zmax{0,d(x, ) —

Az VRAT,
B 2 FRAE BB A ¢ FR « ORGSR HE

ﬁﬁq:“[}o Eh'é"lﬁ 1 EI%[] 9ﬁu%id(¢'vcl)>d(lyC) vﬁﬁé\ d(l's

N=d(x,0) , MEFEHE d(x, HHEERME., &b FRIE
L, b BRE O EREFRALE, RIRERER P
BIIEEHET —MBE TR B @) =00, #
#5112, AT AR ERPATHENSE TR L
d(x,0)Z2max{0,d(x,b) ~d(x,0)}
Zmax{0,/ —d(x,p) } =1

FK-means 1§33 52% T # B0 7 S8R T X358
PEBHR . FRIAER K-means BT HEMHEEECY nke, K n
BREIE AN BREAN e RERKE T FK-
means TR ITHEBEBERN N » 2. MELZ T, KRTH
FHMKRBERT, % Tk, &R FK-means X KIRiE
BIE#HTAREER.

WAh AZ SRR B B 7 IR R S 0 T R AR TR
HATAATH . (EA, Y RARITHHE AR A i, A fE 4 A
FK-means TR0 , B 0, 22 SCRPERE A 35 A0 MEXT
FRARICHEARE AT T R, LURIE FK-means o] 7 — M HLE
EHRES BT,

g5 bR , A SO R F R AR R M B B SRR AT AR AT

(DXRIFEHEARE U REAHE R/ NETRETHF
CHY) Abs(fFGD TR, BELEE 2 90, FFBLRT M AR R
FEOT T EUBEE.

RTapM:Sort—i;ze—éscent (Abs(f())) (N
KH L EE R PR T U P AR E B KRBT M R,

(2OF| 3 K-means 4§ Re B K ME.

CLU=Fast-K-means (Rr,pm) &
A, CLU= {cluster; :i=1--K} B— T HEARNES .

. 233 -



OMNENFEP R,
Pool={x:agg‘lmin(Abs(f(x))):i=1"'K} €))

I, Pool R RS . I T AR EREREAR.
ERERER A SCR AR89 B 8 UE T AR A
FRICHEAR Z 8 BB U T MR B & SOFREE, i
TR R N REH B S T BRd e B E (K iR E
U T RS KN o 37 % I RO R S s M W O T
HE, PR H I M=K?,
REERERETR T IR Z M ABE —Emh 27, A
M5 T 2R R A AR E SR, SHMER
PEVEAG T A L N SCRRES D A SCH IR R AR B WAL 89, (HH
BT 10 B R L RERS TR AT M5 2 S0 R K

4 SLBWERRITIE

LI T R R E R 2K B T “Corel Image Gallery”,
e E 50 ME K. HPEME EAE 100 BER, &t
5000 8. RAVERHBIQMBEMFSERERER. Bia
PR HSV S T8y 64 48 57 B ; 8o e e @ o /b i 48
¥edkiE, Bk, B4R BB YCCh 2 falrh Y 4 BT 3 &
NSRRI BRI S E R R, TS 3]
—A-18 M H B, WA RIRARAEEHE(P@
TopN)EFEM X R RE R MIERE. H P@TopN FRAl
NARBRGERITHERBRNEBGUEFEHE N ZEM
HAE . AT EMGRFE R EENLEEL 250 1B ERIE D& R E R4
FMIRAHR R SRR MR, 0B T RINR R EERY
BHEZ WA VI8 R,

T WAF A ST A B (SemiSVM-AR) 75 5, AT H
555k 3 % SVM E )RR AR L, T B1E  An
SVM-AL B3 45 & 2 B 15 8 SVM-AL B % (SVM-
AL-Div®I i g #ER SVM AELR T 19 SVM-AL & 3: (TSVM-
AP, BBk A LIBSVM & 4-40 fig g SVM B4k
fh R, AR Ak o 72 o e P A 1] B A o B A T R R B AR AR )
o,

W% CBIR RAERAF SRR PRI 20 8] 40 18
B HZBE R E W, HARDAE ABRBERAKBRAE
B. SemiSVM-AR B RAABREBA B REAHP
4 10 EEE R S AR poolsize=10, 78D 3. 2 /MY
PRRERE K=10, P RERICEAS, HTERH R
% B SibRic R falEA . WATRAER BiEE R e R R E
os MEH R Esc., &S =1L HRERESHITREH
%,05€{5%,10%,15%,20%}, B 2 44 i T AR LR EHER
RIS RE T B fE s 2 (B2 1 B ELIBE B P@Top20),
E 2 THMEERE. HE 2O, Y o=
OB, Bk MR R 5 X LA A RAR B BUEE AT A B Bk
FIKEEMERE, [HREH os BUE N BB K, Bk MM E
Be, BRI SR, Hit, &30 os BEN 5%,
B .4 0s=5%,7€{0,0.5,1,1.5,2,2.5,3} , B 2(0)AH T
A CEBRAEARFIAFTE F B E TR ED B T R RE 2R .
WA 2(c) iR, r=0 i} , BB HEREIR 59 , X 150 BH 8 F B o 3
B TFREEREME—-SRI. B 06 8, R
HAFRE. sl B R 1.5,

+ 234 -

5"3/(_‘—‘._‘ Ch fos
éoz B3 E 02
o o & g
9 o« [

5 1o BB 2 0 5 10 15 2 005115 2 25 3

Scale(%) Scale(%) Adjusting factor
@ ®) ()

P2 ASCHEMETER [ BRRE B AT TR S R B rERE &

K344 T 4 BB % Z R HERERT L (P@ Top20, P@
Top40,P@Top60 F1 P@ Top80), B & 2 FI1H N T JL R4
W (D BARAE % 3] Jr i SVM-AL fl SVM-AL-Div 4 8B
855, B SVM-AL-Div ¥ BB {06 A8 F B #E 48 SVM-
AL; (DM Z T, B F 2 M 8 4 M 7 % SemiSVM-AR HI
SESUSE-AL #yt% #E B 8.4 BT 805 (3) LA X H E SemiS-
VM-AR K18 T e gi e Wi 23 3) I ik TSVM-AL BB A7 K

Precison
-ERERES8ERR

Interation
P@Top80

07

Precison
~cERBERSE

Interation

3
Interation

F 3 FXEERSHEILMES R R

HHRIE SVM EHRIBHRE T A T+ CBIR 8k
WEBEFEZ— B T2 MEAR A AR5 6 R AR
ATLARMEFNRIL . ASCHRE —RFT 0B R R 5
FR SemiSVM-AR, ZFREA W TRA: (DREHXR G
B BB AR A R T IEFRE B I HELR, DR X/
A SRS B A R ; () By BT T B bR 0B
AATRBHE R, ARME S T AR Z B ITRYE; (O FT
B e e R I REERAREE R TR EA TR RN
¥, SRR R AR B R R — 8L B — 2L A
#rid.

LIRGERFYW, A XEERNHEA SR THERERR,
AERRITES, RNFEITRLUBENHTETXRNEGR

2 % x W

[1] Datta R,Joshi D, Li J, et al. Image retrieval: ideas, influences,
and trends of the new age [J], ACM Computing Surveys, 2008,
40(2):1-60

[2]1 Zhou X, Huang T S. Relevance feedback in image retrieval: a
comprehensive review [ J]. Multimedia Systems, 2003, 8 (6):
536-544

(3] #EBE R#HE BTHNFEGERPHHERZARAZR.
HEHLRE, 2004,31(7) : 200-202

[4] Rocchio J J. Relevance feedback in information retrieval[ M,
Salton G. The SMART System, New York; Prentice-Hall, 1971:
313-323

[5] Ves E, Domingo J, Ayala G. A novel Bayesian framework for
relevance feedback in image content-based retrieval system [J].
Pattern Recognition, 2006,39.:1622-1632



[6] Chen Y X,Wang ] Z,Krovetz R. CLUE: cluster-based retrieval
of images by unsupervised learning[ J . TEEE Transactions on
Pattern Analysis and Machine Intelligence, 2005,14(8);1187-1201

[7] TongS, Chang E. Support vector machine active learning for ima-
ge retrieval [C] // Proc. ACM Int. Conf, Multimedia. Ottawa,
Canada: ACM Press,2001.:107-118

[8] Brinker K. Incorporating diversity in active learning with sup-
port vector machines [C] // Proc. Int, Conf. Machine Learning.
Washington, DC: AAAT Press, 2003:59-66

(9] Wang L,Chan K L,Zhang Z. Bootstrapping SVM active learning
by incorporating unlabelled images for image retrieval [C] //
Proc. IEEE Int. Conf. Computer Vision and Pattern Recogni-
tion, Madison, Wisconsin: IEEE Press, 2003:629-634

{10] Hot SC H,Rong J,Zhu J K, et al. Semi-supervised SVM batch
mode active learning and its applications to image retrieval [J].
ACM Transactions on Information Systems, 2009,27(3):1-29

[117 Huang T S,Dagli C K, Rajaram S, et al. Active learning for in-
teractive multimedia retrieval [ ]]. Proceedings of IEEE, 2008,
96(4).:648-667

(127 Gosselin P H, Cord M. Active learning methods for interactive
image retrieval (J]. IEEE Transactions on Image Processing,
2008,17(7):1200-1211

[13] Elkan C. Using the triangle inequality to accelerate k-means [C] //
Proc. Int. Conf. Machine Learning. Washington, DC; AAAI
Press, 2003 :

(147 http://www. csie. ntu. edu. tw/~cjlin/libsvm

(L% 194 7O
TE AN TYER B LM T, 11, 5Mb, 56Mb, 115Mb 1 226Mb %}
TR B4 - X4 #% BT S I A 43 5 R 543ms, 2323ms, 4312ms
10810ms, LB T 347 Bt , PAT B 8] 5 B8 K /MR R R AR T
B, LB T VR BT Y R A

25000

O l5m ®N5%m © 15m B22%6m

HH 2 FlGms)
ELE

g

B4 fRATHRET R X H

BRI TR RIT B MR L . DR BRI
IRITETE) Ty AR o DR T SRR T, , WX B
WL S, =T,/Ty . MARRCHEKAN, 4 A~ TIELE KM
FoENEE 2, ATEERTFRHEIRR FEFRERF
BUR G, KRBIRE F 1 NI v ge i, Bk H ik 37 5B m
FARAL , BN B RS FEARUIR A B R B T SEBR TAE RO

MO, AT T SR BB FE SRR T & B B i H]
BrarAfEit. B 5 45 TIE 4 DT VELREE FIA T & T B
BUEERTE ), Hoan 115Mb B 3T @i ol , 315 F
P R B ] o SR 83, 6% T F A HITHERSE
13. 9% BB R BAEA Y 2.5% ., HUARRSERESRM
TRER AL, FRAE MR TET B & A E 4, X U B XTI
T A BN,

100% | ; :§ )

m I

60% g Z Fae*
% % Tt

e / / O EReH
.

15m

Wm  22%6m
B 5 & BoRERT LB

HRIE BT XML BT RER R E XML KA
HVEERERE i XML AT LA RIS E . BB S HT
BWE K TR B ATA B AR, MXITHRA
HIJLR AT XML AT 7 ik A SCH 07 AT B AT #E I Y
sk 28, Wil Rl A XML SCRIAE B4 R X8 Bl 4 94T
ALEE MY R R SCRS T RS B R R R . HERER
XHFERT B A 1 O AT AT BRI AT . S B HIRE T R

REMIERUE T BT R R R R

AR TR SRR T AL B 32 R I b . b dn SR F B
BUE U7 Bl e R A S 4, B IR Bl BUR B AT
BRICRY X AR 43 LAY/ SCRS AR BUGRAE X 45 BOF AT
BRI | SE 30 R WP R AT RN B AR . 55— 7 T 8
AT 5B R I S BRI BOR . 1 TARL
BEL &M T BB XML B R4 BE /D B R A
TAEGTERS i 18 B B A 5 S B

2 & X |

[1] Matthias N, JasmiJ. XML parsing: a threat to database perfor -
mance [ C] // International Conference on Information and
Know-ledge Management, Proceedings. 2003:175-178

[2] Akhter S, Roberts J, Reinders J, et al. Multi-core programing:
increasing performance through software multi-threading [ M.
Hillsboro: Intel Press Business Untt, 2004

[3] LuK,Zhu Y,Sun W,et al. Parallel processing XML documents
[C] // Proceedings of International Database Engineering and
Applications Symposium, 2002 ; 96-105

{4] Lu W,Chiu K,Pan Y. A parallel approach to XML parsing [C]//
7th IEEE/ACM International Conference on Grid Computing.
2006.:8-16

[5] Pan Y,Lu W,Zhang Y,et al. A static load-balancing scheme for
parallel XML parsing on multicore CPUs [C]// Seventh IEEE
International Symposium on Cluster Computing and the Grid
(CCGrid ’07). 2007:356-365

[6] Pan Y,Zhang Y,Chiu K, et al. Parallel XML parsing using me-
ta-DFAs [C] /2007 3rd IEEE International Conference on e-
Science and Grid Computing. 2008;237-244

[7] PanY, Zhang Y, ChiuK. Simultaneous transducers for data - para-
llel XML parsing [ C] // Proceedings of the 2008 IEEE Interna-
tional Parallel & Distributed Processing Symposium. 2008
1143-1154

[8] Pan Y,Zhang Y, Chiu K. Hybrid parallelism for XML SAX par-~
sing [ C] // Proceedings of the IEEE International Conference on
Web Services, ICWS 2008. 2008.505-512

[9] Bruno N, Koudas N, Sprvastava D. Holistic twig joins,; optimal
XML pattern matching [ C] // Proceedings of SIGMOD. 2002,
310-321

[10] Timothy M, Beverly S, Berna M. Patterns for parallel program-
ming [ M]. Massachusetts; Addison Wesley/Pearson, 2004

[11] CWIL An XML benchmark project [ CP/OL.]. http: //www. xml-
benchmark. org, 2009

[12] Lea D. A Java fork/join framework [ CJ // Proceedings of the
ACM 2000 conference on Java Grande. 2000:36-43

* 235 -



