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A Learning Agent for Automatic Bookmark Classification
In Cheol Kim'- Soo Sun Cho'!

ABSTRACT

The World Wide Web has hecome one of the major services provided through Internet. When searching the vast web space, users use
bookmarking facilities to record the sites of interests encountered during the course of navigation. One of the typical problems arising from
bookmarking is that the list of bookmarks lose coherent organization when the list becomes too lengthy, thus ceasing to function as a practical
finding aid. In order to maintain the bookmark file in an efficient, organized manner, the user has to classify all the bookmarks newly added
to the file, and update the folders. This paper introduces our learning agent called BClassifier that automatically classifies bookmarks by
analyzing the contents of the corresponding web documents. The chief source for the training examples are the bookmarks already classified
into several bookmark folders according to their subject by the user. Additionally, the web pages found under top categories of Yahoo site are
collected and included in the training examples for the purpose of diversifving the subject categories to be represented, and the training examples
for these categories as well. Our agent employs naive Bayesian learning method that is a well-tested, probability-based categorizing technique.
In this paper, the outcome of some experimentation is also outlined and evaluated. A comparison of naive Bayesian learning method alongside
other learning methods such as k-Nearest Neighbor and TFIDF is also presented.

FIHE  HIOIME(Agent), B(Web), ZIH& & (Machine Learning), % 0}31 ®®(Bookmark Classification)
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Ae 5 vta 3§ A4E 5 vj3 HA7) dod, ue B
Holl e 2zt & nta9] $F Y7 FA4¥2 B nage
IFgEFE AME A URES 2T AL 43
ol Eatn Qirh oleid FAY /bR GigtogzA B
A E g7 1 Este B nlas s FAdE A%
TRt FAY o] & nla Eo gd9E A¥E A=
& 3 2% 7 olo]WEQ BClassifier® 44, +834
o}, BClassifiers URLEY 74 ¥ & ola58 4 2§53
7l Btk § nkagt 7telgle Qe 9 FA46 dia FA
7 714 sille HegoeEy 83 & vlag BRE
A A} o] do|HE M= BA £F 71AgE Wy Fol
A EHQL vl B wlo]X|et By WY& o] &3=H), o] 3
& THE 8799 WAL (supervised learning) WY 2.
22X 49 ¥4 o(training example)& ©] &3l o] o]
Fojxct. BClassifiercl 4 £8 o= Y38 o ALga7t o
o] FAd et B 5 nla 63 B & B v=
o g FAE AL, ALERL A4 e FA @
2 Frel e (category)s} & o E #1R37] st Yahoo
AtelE] HAgl HAAYG T § FAME BEHoz A}
3t} B 2 =89 wA g BEAME 488 Edld
BClassifier ollo|HdES] AAHQ] 45 £45 LojH wo]x|
ok, k-NN, TFIDF 59 A& th& 37x sr&7el ud

4 Hag AlgsArt

2. 2% add 28 dlojME

HEHRJ] T4 BF dadde yolu vojxiet 7yt
k-NN7I®, TFIDF71'] 5°] A2, 3. o] HelA& ol #
F S EAR 257 doJHE ds AwEch

2.1

7 srad

HI

2.1.1 to]H Ho] =2t

L}o] B o} x| ot naive Bayesian) 3t 7]4[1, 418 #jol 2~
7 2] (Bayes theorem)ol] 7] 2% && Z4& o]&3t} o] W
HollMe BR3taa e 4 do g FE2D (w,, w,,
ow,) S YHEEY, BH e FHa - B =RA4E
74e) a2 (category) 8t 2 (class)E E838ld AL83% - &
7He-dl o] BME BEE 5 e el MY B2 &

g Fot O FYPL2 EFUCE F, offe A (D3 2] #

A dell dig 208 g0 /M3 & FdaE EHICHEL
argmax P(c|d) =argmax P(clw,, wy, , ~, w,) 6]
P(wl.w;_;, --~,w,,lc)P(C)
— arg max
el P(wl’wzv,.‘,w")

= AEMAX P\, wy, -, w,alc)P(c)

371 &E P(w,, wy -, w,)E 31+2] 44 (constant)Q]
A3t 3Hnormalizing term)olBE S5} s1g 7bsAo) &
el Eeas s AT B Y= HAE A
7hEatth &3 o] &AM E A (2)5 go] & FA
€ YelE SA-(feature) 5% 2 wiE TolE Mz 2A%
= #(conditionally independent)e]@ti= o] B ujojAlo}t 7}
Z(naive Bayesian assumption}& &4 38-cH1].

£ o

Plw;|c) (2)

i=1n

Plw,, -, wylc) =

geb d8HoZ dolx oAt BF HaslEe »
F 04 BA dol Uel Mg Aol ke BR 5
4 D3 ol At

argmax P(c¢) 1] P(w;le) (3

ce i=1,n

2.1.2 k-NN

HEAQ & e A i ggrlgerE 329 o
W9l k-NN(k-Nearest Neighbor)8H7]9[1]e] glch o] v
We A (49 ol BRI A d= (wy, 1, w,) % AFF
o gl¥ 7t £d FA(training document) d° = (w,, -+, w,)
7o} &2+ = A e(Euclidian distance) & AAb3te] £F o4t
A% 71 Aot vbrbe 8 EA kg AAR

Dist(d, d) = 2" (w; — w,)? (4)

P AR kN FAA AP B FE BB &%
d 2RL2 BRANY B4 dE BRI k@t
o 4e& HZztetr] st dHer wAHF(Cross Va-
lidation) 71®-& Ah&8te] Abdel AAstd, k=120 H$&
NN 7|§ejzta @t

2.1.3 TFIDF

HEHeE HEYY FopdfA Bo] o452 TFIDF
F g6l e 2 &4 dB E4 ol (feature word)
o] ¢ WES(frequency)d] 71&F 7153 #HE (weight
vector) & FHFT ojf 7} dolo sMEA wiE A (5%
Zol &4 do Jels WIE4<l TR(Term Frequency)9}
2 g7k dehtE F 84 $o i@ 9449 IDF(nverse
Document Frequency)d] #20.& AAtgth o]AL & trolr}-
54 FA el dEsE 51 & EN9 YeiuE
N7t G2 o M g 2 BMS 2 gdis

Stk ojnl g gx gith
w;= TF ;- IDF, ®)

FA E5AUE HiME 4 29248 0 2928 U
B= T2 EE] ¥WEl(prototype vector)E T3tt). o] wf



Zt 229 2 EES] HE o= I 220 £ 3 B
A &9 (TF-IDF) 7332 Wel 9 3 (average) o2 A4t
ot A oA 4 FeaEo] TR EER] HEHE B

oW, A (6)3 Zol FFUE B4 do) A HEe 74 2
2 co] T2 EE] eI FAM (similarity) S 34K
#(cosine rule)& #-43te] Aatsiet 12l olg e #HA
£ AA 71 KAt wdEE AR BAE BFL

arg max .=¢ cos(c, d) = argmax .cc ¢/l cl #d/idll (6)

22 257 ojo|™E AlAH

dvtd oz 74 sgllE AHEsle £R7 A4S Ase
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Ringo, 2= 7]A} % oo} EQ NewT[14] Fo] ZF £A
EF71HE o] 48 dEHQ BF dojHE AAdo|r}

3. Made A
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32 Made| =

(18 DE Azde A48 128 BdFa gloy, ¢
g 4 g7 2o} HA 9 22l A (web browser)?] &
A 5 vta g2 (bookmark.html) oA AREAbe] o]3) o]u] B
e 8 w259 HAfHclassifiedhtm) 3, BEFHA g 2
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A Fe B viasg ot delA oju] BFE B upasd
daiME B Fe2e 7 Faao digslhs FH EAES
Fr3t7] gl AU 2o § FAES S-S, W of

4 #FE7 4L ¥ vpage) daHE BRUY BAEE &
23] 98 2 vhasol kel JHUe A BAES 4

R E8 B} FEG BF Y250 Y EMES 3
Balr] 8 ey tj¥Ee] A8 A& AFsHe Yahoo AbelE
2RE H4Y 14714 Fezo) it 9 BASE AL

olgt ¥ HHE AX ERAYS A% FH FAMER B
F U BAE] £, A FA A4 BA(text/
document preprocessing)¥# ¥4 29 3Hdocument modeling)
HAE Ak 2ga o3 BF FYLE FH ENE
& Ul e g Abde A B5 sl mel B4 BR71S
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RO 9 B4 B5F 47 g} gleSE % oas
28z Bobd HAsk: AT o|BE 718 o]

il ¥& 5 vtasd 2@t 2 & & via 3Y(new-
=AM E Fgol g,

bookmark.html)& 34 8}

hookmark html

New-

Baookmark htmi

(a)

<DL><p>
<DT><H3 ADD_DATE = “49366376" >l /H3>
<DL><p>
<DT><A HREF =“http : // java.sun.com/products/ "
ADD_DATE = “949365384" LAST_VISIT = “049365329"
LAST_MODIFIED = “949365329" >Products & APls</A>
<DT><A
HREF = “http : // developer java.sun.com/developer/infodocs/index.

LAST_MODIFIED = “949365392">Docs & Training</A>
<DT><A
HREF = “http : // java.sun.com/docs/fagindex html”
ADD_DATE = “949365421" LAST_VISIT = “944365410"
LAST_MODIFIED = “949365410">Java Software FAQ Index</A>
<DT><A HREF = “http : // www javalobby.org/ "
ADD_DATE - “949365459" LAST_VISIT = “0”
LAST_MODIFIED = “0"> Javalobby.org/</A>
<DT><A HREF = “http : // www.javaworld.com/”
ADD_DATE = “949365474" LAST_VISIT = “849367303"

(b}

(08 2) 2F%e 5 0j3 oY

shiml#docs” ADD_DATE = “949365399" LAST_VISIT = “349365392"

33 & ni3 mglel &a|

(19 2)& dojHE 93 zE EFe7) olde B n}
A5 EgE BRAF 1 ok 53 (2 29 @dAs 4
4§ BEaeA Za ol yaA o= v A o] el (Netscape
Navigator)oll A ¥vta Euigs & nfag2 - gz 9
@1% Hel e B458 RoFa, dhdl (b oSl o

8 uta gde HTML 223258 2931 v} (13
2) 94 (@A Bzo] ALz} on| FAld g nje} £ n}
A EFHES WES B njass BFd ¥ Zifi A 993
2 Egog vepti, dHiE oy ojw
= A=A ge 5 U}EL =2 B 49 22 BEog e
v}

e B rla dd 42 F=8 5y e E na
o <tell WA E & wiae] ojd HTML 8o 74L ve3t
Eig=y

<DT><H3 ADD_DATE = “949366376"> Java</H3>

<DL><p>

<IYT><A HREF = http: //www javalobby.org /
ADD_DATE =*949365459" LAST_VISIT = 0"
LAST_MODIFIED = “Q">Java Lobby</A>

</DL><p>

o714 ghte] Bf Ed2g sk 8 vka 299 “Java”
¢} 71 Evel oA E & vbAQ “Java Lobby” HES A3y
W, Eh o]B2 <DT>% <H3> H18 X#ets Zg ulg
mpA g tisiMiz Hreo gAEE FAE
<DL> B2 B Y AL %} F A

TR %

<DT><A HREF = http : //www - net.com/ java/ faq /
ADD_DATE = “949367554" last_visit = “949367592"
LAST_MODIFIED = “949367523">Java FAQ Archives</A>

sH 54 Edo] wA=A &2 A NER & vpag g
132l “Java FAQ Archives™& 9]¢ ’\Z:EEOHH BEo] &
A <DT> ggvt Fadchs 28 & 5 Aok o2bA o
s} 22 HTML A23E 49 i}c’]@"ﬂ A3 & iz
T oA} ofu] {v_‘"r‘r%l 5 “}3ﬁ(classified htmD) 2} 75 A
%< & vlaE(unclassified html)-& 2sd & ot

34 ¥ gMel $3
5ok gl g £ Aol U B A2gdAe
d EME AHEE f FAET tEo EFUAeE AHE
g} sg] FMEE AHN 2R £ FH FAZ ALE
He ¥ 849 #3E& AHAE classifiedhtmlol A 2H S8
282 5 viad F258 320 AdHd 29 g o

2AE ol A
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a3 ols} o] HFE 5 wtAET Yahoo AOlEE o] &
3 FH FMES Y o 7 R S R R F
H EAES 137 & 2F oY EA%E 9 5 vt
Azt E7lE Y 4 AelE Y o3 e § FAE
X gl FhR9bA ol g3ttt old (1Y 3} #ol AMEATH
AFe BF FR2ET Yahooo] BF FAHAE el £F
g2y FQ EMEY 78 FFHA TZIE}E’I Fid=

ni
JAVA / nz
UKLt ,_/
vRL2
Liwex
URL-3 * P
URLA n3

mtn=n3tng=- =

8- 0

(38 3) & Mo 1

35 ® 2AM9 MH|

FAY 4 EAs W& T4 7 SaHe 1837 9
e 2 FH EAMY EF oY EAES 44T B ©
o] (feature word)E¢l 7123 W Rda gHslolof gt}
olE M e 4 & FAE RFE=d FAT A8 e
oul e EA 9o 5L FE3E o] wj§ Fa3, of
2 s dA zt ¢ Aol dig ARz Jxé(preprocessing)
o] Wasitl AAE FAAME ZF § BEXE T4 Dol
2 UsE Yy o] f E4dA g >)E AAs
= 24, and, but 59 FME UET ¢ gl %01%91 A
3l B80l8 AASE A, 1y ol 59 ofu] ¥ o
& 29 26" (stemming) M2 &S Fo] o|FolFlth (1
H ) olgt 22 § FAY AAT S} ol A 72T FA
243 348 HolFu gt

EEO BMAH
AHIY Ml

L PR3 Bina
ous e

(38 4) ¥l BMe| HA2let 2M 2

2 02 & 2RE 2% =5 OI0IHE 459

36 B4 #2 % 243
54 F&(feature extraction) 4L 2F &58 o8 ¢
EMES Fds = o8 JYE(keyword) B2 A3
#A4olH, FA % d3Hdocument modeling) #38-& FalA
E4d09d 7% ?5}01 7t FME BEAHdUoy 28 5, 4
<{frequency), & 715 A (weight) F28 XHst= 340)
tH15). 545E0 4 23wy A48 7 a7y
3 B BA BF e g & 9%8 FE 8T 2
Aol Hrt B3] 84 &7 4 Edste F4 R
4 2.2 ¥ (information retrieval), 4 23 9 § % (informa-
tion filtering and fusion) 5 th¥§ Hofll X £ yA o] &
57 wio] 7|&q) Be MY A7Ee o gt
“*"15'9- F@Y &4 do5E ks 7P 71 EA 4
EARE TA8E BE wolEe A3 (vocabulary)
’8-‘%’* E4 dolZ Arg3kE Blolth ey ol2d W
A9 ol HlE A wole 7} Wi @l - Ag
of webde TANF7E 2000~25008 # ME OE A
dolo] A4 FA g 1089 20,0009 g s gt
- dAAHoz dasdt Aol Bopd ¥ oiva R/ o
Fg FA B B2 79 54 doj2 dF 238 EF
A% 01 ‘;%O}XVIE gt mabA] gekgor BAMEE A
iz BE dolge JPo2RY /e & 4FE & F
vz ou] Qe dolERE AR A Do) ERE HHsie o]
£3tch oje} #& uida EA F&(feature extraction) &
£+ e (feature selection), 2+ 74 (dimension reduction)
Fozk Bdvh 54 wo] d9e A o wHE]
I Bk AEA o, B oo]AE AjxaEo A= AR o8
(Information Theory)el 94Zt8] <E 23] (entropy) *H3}3Fo]
2 9olE5g B4 doln Hesl: AR HS(Information
Gain)¥H & AH&gcH16].

[

).

2 o b rlo

V= Aw,, wo, ', wn) (7N
Plcilwy)
InforGain(w ) = P(w,) 2 : Plc; | wy)log ———
P(c;)
— _ Plcilwe)
+ P(wy) 2 ;P(c;lw ) log————— (8)
P(Ci)

BAEE TASE WA golAHVIel 4 (D Zo] F
n7le) dolER olfold & W, 7 do] wioll & 2 (8)
T g PR HE HE5FE ANt 1 F HH g5
o] & Le whojvhg MeEsie 4 9y #e& EA do
29 A4S FAR

K= {w;, wy, ws, -, w,}, KcCV ©)

MNelg B tolxe Agon 7F BAd gt 2de o
B 9 7P wol ol&5e BA 2dde, B4 gold 29
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FFEeE A (1003 Zo] Z+ EME FPHE o)A &4 W
El(vector of binary attributes) W4, 54 dolg nigs
(frequency)Z 4 (11)# Zo] EH 3= Bag of Words ¥4,
54 9ol TFIDF 7} 2 F#ss 7182 ¥ E (weight
vector)44 Fo] gith

d;=(1,0,1,-,1) (10
d;=1(2,0,1,-,3) (11)

2 N2YoldE TFIDF £5 S48 Aais 2 24
5% TFIDF 733 We=dz, toln wol kst K-NN
25 49 A8IAE Bag of Words R92 mashac

37 85 9 ER

2 A o]HE A|zdoNE B4 2FE o) FEL 0§
3 i Z Al @AFEHF(supervised learning) ¢ E}&< Lhol
B do] X 2K naive Bayesian) <57]H& o] &3t oy
ol2jo] = K-NN 7} =} TFIDF 7|¥% 5o 489
UEE TH3NYT. A olH wojz 9 EF3FHe 4
(3ol aid =T FEo| 7MY Z Ed2E FAE BHE
ok AT B A2 e g FA2E wis Ao
2 HE 245 g5 7b¢ & 458 stdets 1 Aol
AR gAY =A% &9 HdA st YR B 3¢ - 47
A2 &g HgiA7} 02~03 o181 A$-dE= 2F
A g AFe AHEr} W] g FejskA Fo
W ZP2 F sptol] AAF o WA A ¥a A (12)9 gol
o] a2 Othersol WiAs A, Foff ALEA7} AH 27
;s BR AL dxatA d9u o (120904 oA
Z](threshold) T+ Apdel AL&x7F A& &+ ok

argmaxP(c;|d;) if maxP(c;ld;)=T
esc et (12)

C omers Otherwise

C(d{) =

38 38 ¥ M2 £ oj3 ad YH

& dAsE 4§ M di@ ZE R A4l
4esY, A £7F ditd o A S wiRE
= = (19 5% 2 AEAYE s

—

JAVA
Lisux URL-1 JAVA URL-1
JAVA URL-1 JAVA URL-2
JAVA URL-3
JAVA URL-2 —— JAVA URL4
Linwx URL-2
JAVA URL-3 Laux
Linex URL-1
JAVA URL-4 Linux URL-2
Linux URL-3 Linwx URL-3
<EHR> <HE>

(38 5) 38 =

olo}A olFA MEA EFE AHEL o|n] A&zl 93
THE & vla o] BEAAE AA B ola Eods B
vhigo]l £HE MRE 5 via Y yAET g
5 ha B A4S M 3280 AHE B 3 9
d F4& g

4. MAHo TH

¥ ola A5 £§F do]dEQ BClassifier: 300Mhz &l
A Z2AAM, 128M 719 Fx9} 2% A(Linux) #7349 2
FEoA Apukjava) Z2189 9ol & Al st EIA
(719 6)& BClassifiere] 48 399 d8g w3}

(222! 6) BClassifierel A8l &

(119 6)9] #Z Ao fAg A18xl e oA FYE
& AR A" diREd Ao da A48 AdUE R
A&k 21 ool AT F Y fESE E vla fY9
A2t A Eo A, FR F ERUY EMEY A2E
A48t Y- A (general settings) 999 5F 85 7
WY s g FE EAY A, EF 94 58 4
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